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ABSTRACT Machine Learning (ML) offers an innovative approach to reservoir characterization, yet its
widespread application is hindered by poor cross-basin generalization. Specifically, most models validated
on intra-basin data fail to account for the geological heterogeneity encountered in new settings. This study
addresses this limitation by quantifying the geological domain shift that hinders direct model transferability
and by proposing a conceptual framework to overcome it. This approach is designed to systematically
address geological variability by identifying local electrofacies structures before attempting predictive
modelling. To validate the necessity of this framework, we conducted a preliminary empirical study
comparing the Talang Akar Formation in the North West Java Basin and the Menggala Formation in the
Central Sumatera Basin (Basins A and B). This study empirically demonstrates that, despite shared fluvial-
deltaic depositional environments, the intrinsic statistical structures of the two basins diverge significantly.
A quantitative analysis revealed a severe domain shift, evidenced by a large Euclidean distance between
cluster centroids and a low adjusted Rand index (ARI) of 0.113 when applying direct analog mapping.
These findings empirically demonstrate that direct model transfer is ineffective because of second-order
geological controls. Consequently, this study establishes the critical need for the proposed UL-SL strategy
to adaptively handle domain shifts, providing a geologically grounded roadmap for accurate
characterization in frontier and data-scarce basins.
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INTRODUCTION

The precise characterization of subsurface
reservoirs 1is crucial for the exploration and
development of hydrocarbon fields. Petrophysical
properties, including rock facies, porosity (¢),
permeability (k), and water saturation (Sw), are
used for reserve estimation, production planning,
and reservoir management. These properties are
traditionally determined by analyzing rock cores
and interpreting well logs. Core analysis yields
accurate direct measurements but is expensive and
provides data from limited intervals in sparse wells.
Conversely, well log interpretation provides
continuous vertical data but can be time-consuming
and subjective. Furthermore, conventional log
interpretation often fails to capture the complex
nonlinear relationships between log responses and
rock properties, particularly in heterogeneous
reservoirs (Dwihusna, 2020; Pan, 2022; Serra, 1984).

To address these limitations, the industry has
adopted data-driven methods, particularly machine
learning (ML) and deep learning (DL). ML and DL
models can identify complex nonlinear patterns in
large multi-attribute datasets more rapidly and
objectively than conventional methods. Accordingly,
numerous studies have used algorithms, such as
support vector machines (SVM), random forests
(RF), and wvarious neural network (NN)
architectures (e.g., convolutional neural networks
[CNN] and long short-term memory [LSTM] ), to
predict electrofacies (Dwihusna, 2020; Gu et al.,
2019; He et al., 2020; Imamverdiyev & Sukhostat,
2019; Li et al., 2020; Pratama, 2018; Singh et al.,
2020; Verma et al., 2021; Candra et al., 2024),
porosity, permeability, and elastic properties (Iraji
et al., 2023; Wood, 2020; Ulil et al., 2025), and
water saturation.

A primary challenge limiting the widespread
application of ML and DL models in petrophysics
is their poor generalization ability for new datasets.
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Most published studies use intra-basin validation,
in which models are tested on holdout data from
the same field or geological basin as the training
set (Pratama, 2018; Singh et al.,, 2020; Wood,
2020). Although this approach confirms model
performance within a single geological domain, it
fails to address the utility of models in novel areas.
The challenge of model generalization is not new;
in fact, early studies applying neural networks in
the late 1990s had already explicitly identified the
local dependence of these models, warning that
they are less likely to be successful when applied
elsewhere (Gongalves et al., 1997).

The ability of these models to generalize across
different geological basins, a process known as
cross-basin validation, remains largely unverified
in the literature. This challenge arises because the
relationship between well-log responses and
petrophysical properties is not universal; it is
controlled by the geological context of each basin,
including its depositional history, tectonics, and
diagenesis. This geological heterogeneity causes a
shift in the data distribution between basins (Li et
al., 2021; Yang et al., 2023; Zainuri et al., 2023).
Consequently, a model trained in one basin is
likely to show poor performance when applied to
another basin (Dramsch, 2020). This limitation
prevents the use of ML models for scalable
regional exploration or the evaluation of frontier
basins where data are sparse (Brackenridge et al.,
2022), a challenge that is conceptually illustrated
by an iceberg analogy (Figure 1).

This study addresses the problem of poor cross-
basin generalization for machine learning (ML)
models in petrophysics. To do so, we:

e The current use of intra-basin validation in the
ML petrophysics literature was reviewed to
establish the limitations of this approach.

e Analyze the effects of geological factors, such
as depositional environment and diagenesis, on
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data distribution shifts that limit model

generalization.

e A conceptual framework is proposed to improve
the generalization. This framework integrates
two components: (a) geologically constrained
validation using formations with analogous
depositional environments and (b) a combined
unssupervised—supervised learning (UL-SL)
strategy that uses electrofacies to guide
predictions across basins.

METHODOLOGY
LITERATURE REVIEW

Machine learning in reservoir characterization

The application of machine learning (ML) using
oil and gas data has advanced algorithmically;
however, the methods for model validation have
not kept up. While computational methods in
geosciences date back over 70 years (Figure 2)
(Dramsch, 2020), the 1990s marked a shift from
knowledge-based systems to data-driven methods,
such as support vector machines (SVMs) and
random forests (RFs) (Cortes and Vapnik, 1995;
Ho, 1995 in Dramsch, 2020). Recent advances in
parallel computing and open-source libraries have

Model Performance & T
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accelerated the adoption of these algorithms.
Numerous studies have utilized RF, SVM, and
deep learning architectures to predict permeability
(Khan et al., 2019; Talebkeikhah et al., 2021),
porosity (Wood, 2020), and classify electrofacies
(Singh et al., 2020; Verma et al., 2021). These
modern approaches build upon foundational work
that used artificial neural networks as model-free
function estimators to overcome the limitations of
simple regression (Mohaghegh et al., 1995, 1997).

However, despite these algorithmic advances, a
review of the literature reveals a consistent reliance
on intra-basin  validation methods. Model
performance is typically assessed using techniques
such as holdout sets or k-fold cross-validation, in
which all data for training and testing are sourced
from the same geological basin (Khan et al., 2019;
Nugroho et al., 2024; Pratama, 2018; Wood, 2020;
Zhang et al., 2021).

This practice is problematic because it relies on
the assumption that the training and test data are
drawn from the same distribution. Although valid
for local applications, this assumption fails for
different geological basins. Consequently, the
majority of reviewed studies rely exclusively on
this technique, underscoring a significant gap in

Figure 1 Iceberg analogy for machine learning model validation. Whereas conventional intra-basin performance metrics
represent the visible tip, the more critical submerged portion represents the fundamental barriers to generalizing
geological context, cross-basin data shifts, and the need for more validation protocols. The figure suggests that true
model robustness depends on addressing these hidden geological factors, not only on optimizing the visible metrics.
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verifying the true generalizability of these models for
regional and exploratory applications in the future.

Early researchers proposed a classify-then-
predict paradigm to  address  geological
heterogeneity by partitioning data into meaningful
groups, such as lithofacies, before prediction (Lee
& Datta-Gupta, 1999; Wong et al., 1995).
Recently, transfer learning (TL) and domain
adaptation (DA) have been applied to account for
data distribution shifts between basins (Li et al.,
2021; Yang et al., 2023). TL strategies, such as pre
-training and fine-tuning, have been shown to
accelerate modeling and reduce data requirements
(Dong et al., 2021; Kompantsev, 2024; Misra et al.,
2024). Similarly, DA methods attempt to align the
statistical distributions of the source and target
domains (Yao et al., 2020).

However, these approaches have significant
limitations in quantitative petrophysical
predictions. First, they did not systematically
address the challenge of predicting static
petrophysical properties from well logs in
geologically distinct basins. Second, these methods
often function as black boxes that align
distributions  through complex mathematical
transformations. This lack of interpretability is a
disadvantage in  geological data, where
understanding the physical basis of a prediction is
essential (Cuddy, 2000). A research gap remains
for a framework that can systematically address
cross-basin prediction in a manner that is both
geologically transparent and interpretable. To
bridge this gap, the proposed UL-SL framework
addresses this need by using unsupervised learning
to identify geologically significant electrofacies
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and find their analogs across basins, thereby
shifting the paradigm from purely statistical
correction to geologically informed adaptation.

Geological heterogeneity

The poor generalization of machine learning
models across different basins is a direct
consequence of geological heterogeneity rather
than algorithmic deficiency. Each sedimentary
basin possesses a unique geological history that
governs the relationship between rock properties
and well-log responses. This basin-scale
heterogeneity results in a data distribution shift that
violates the assumption that the training and testing
data originate from the same distribution (Li et al.,
2021; Yang et al., 2023). Consequently, a model
trained on data from one basin is forced to
extrapolate beyond its learned domain when
applied to another basin, leading to inaccurate
predictions (Dramsch, 2020).

The depositional environment serves as the
primary control on the initial reservoir properties,
including the facies and pore network architecture
(Leila & Moscariello, 2018; Lorenz et al., 1989;
Merletti et al., 2017; Omoboriowo et al., 2012).
Distinct facies, such as fluvial channels or marine
mud, produce predictable signatures in well-log data
(Abdel-Fattah, 2015). This principle underpins the
use of geological analogies, in which formations
sharing a common depositional origin provide a valid
baseline for comparison (Ismail et al., 2025).
However, this initial rock fabric is subsequently
altered by post-depositional processes that are unique
to the tectonic and burial histories of each basin
(Sarhan, 2022; Smeraglia et al., 2014).
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Figure 2 Machine learning timeline (Dramsch, 2020).
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Permeability

Porosity

Figure 3 Depositional and diagenetic controls on the porosity-permeability relationship
in clastic reservoirs. (Merletti et al., 2017).

Diagenetic processes involving physical and
chemical changes fundamentally modify rocks and
their pore systems, thereby affecting reservoir
quality. Compaction and the precipitation of
minerals, such as quartz or calcite, reduce primary
porosity and can drastically lower permeability
(Jafari et al, 2020; Magoba et al, 2024).
Conversely, corrosive fluids can dissolve grains to
create secondary porosity that enhances reservoir
quality, independent of the original fabric (Lima et
al., 2022; Rashid et al., 2022).

As illustrated in Figure 3, these competing
processes create a diagenetic overprint that
decouples the final petrophysical properties from
the initial depositional trend. This explains why
rocks from different basins are not directly
comparable, even when they share a depositional
origin. A gamma ray value indicating high
permeability in a minimally cemented basin may
correspond to tight rock in a basin that has
undergone intense diagenesis. Therefore, a
successful cross-basin framework must account for
data distribution shifts caused by the unique
geological histories of the basins.

Proposed framework for cross-Basin
generalization

To address the domain shift quantified in this
study, we propose a conceptual framework
designed to bridge the gap between geological

analogies and statistical compatibility. This
framework shifts the paradigm from simple direct
prediction to a geologically adaptive workflow that
accounts for the distinct rock properties inherent to
each basin. The framework is based on two
primary pillars: geologically constrained validation
and an integrated unsupervised—supervised learning
strategy. The first component dictates that the
training data must be strictly selected from
formations sharing analogous depositional
environments. This step is essential to control
for primary geological variability and ensure
that the model starts from a shared sedimentary
template. By doing this, we effectively isolate
the effects of secondary overprints, such as
diagenesis and tectonics, which allows the
subsequent algorithmic steps to focus on
adjusting for these specific local factors.

The core algorithmic innovation is an integrated
unsupervised—supervised learning strategy. This
workflow is designed to account for statistical
shifts that occur even between analog formations
by allowing the target data to inform the model
structure before any predictions are made. Ideally,
the workflow should proceed in a specific sequence
of operations.

First, an unsupervised algorithm was applied
independently to the well log data from both the
source and target basins. This step identified the
distinct electrofacies or local data structures

DOl org/10.29017/scog.v49i1.2001 | 379
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inherent to each basin without external bias. The
objective was to capture the unique statistical
signature of the rock, such as the high-density
clusters observed in our study, without forcing
them into a pre-existing category.

In this study, the unsupervised stage applies
centroid-based clustering (K-means) to standard
well logs to derive electrofacies as a rock-type
proxy. Each depth sample receives a discrete
electrofacies label. The clustering step also
provides centroids and within-cluster dispersion,
which summarize the dominant log-response
patterns in each basin.

In the supervised stage, a predictive model is
trained on source basin data to estimate the target
variable. Based on label availability, the task is
formulated as regression, such as petrophysical
property prediction, or classification, such as
electrofacies or rock-type labeling. The key
integration step is electrofacies-conditioned
supervision. This is implemented by using cluster
labels as categorical inputs, fitting separate
supervised models for each electrofacies, or
applying optional feature alignment before training
to mitigate cross-basin shift.

Consider an example in which clustering separates
intervals into clean sand, shaly sand, and tight zones.
Under this structure, a single global regressor for
porosity or permeability can be suboptimal because
each electrofacies may follow a different rock-physics
relationship. An electrofacies-specific  strategy
instead trains separate regressors within source
basin clusters. During target basin prediction,
target clusters are first identified and then
mapped to the most similar source clusters using
centroid similarity. The mapped electrofacies
label is then used to select the corresponding
electrofacies-conditioned predictor, preventing
the application of a clean-sand relationship to
shale-dominated intervals.

Second, the framework mandates a mapping
process in which electrofacies from the target basin
are aligned with those from the source basin based
on their statistical properties. Unlike rigid
classification, this mapping acts as a translation
layer that correlates the unique clusters of the new
basin with the known facies of the training basin.

380 | DOI org/10.29017/scog.v49i1.2001

Finally, the resulting cluster labels from the
source basin were included as categorical features
in the training dataset for the supervised model.
When applying the model to the target basin, the
mapped electrofacies labels were used as input
features alongside the standard logs. This approach
effectively provides a supervised model with a
geological context or prior belief regarding the data
structure of the target basin.

By explicitly feeding the model information
about the local cluster distribution, the algorithm
can adapt its internal weights to accommodate local
shifts in mineralogy or compaction. This
theoretical approach ensures that the model is not
blindly extrapolated but instead makes informed
predictions based on the actual statistical reality of
the new environment.

This study proposes a hybrid unsupervised—
supervised pipeline. First, electrofacies are derived
by independent clustering in the source and target
basins. Next, target electrofacies are mapped to
source electrofacies to form a translation layer
between basins. The supervised model is trained in
the source basin using standard logs and source
electrofacies labels as categorical features. For
target basin prediction, the model uses mapped
electrofacies labels as additional inputs.. Figure 4
summarizes the proposed workflow.

RESULT AND DISCUSSION

To validate the necessity of the proposed
unsupervised-supervised learning (UL-SL)
framework, we conducted a controlled empirical
study using real-world datasets from two distinct
Indonesian hydrocarbon basins. The objective of this
study was not merely to test model performance but
to quantify the statistical divergence between
formations that are conceptually considered
geological analogs. This section presents empirical
evidence of the domain shift, which acts as a
fundamental barrier to cross-basin generalization.

Experimental setup and geological context

This study utilized datasets from two prolific
basins (Figure 5), designated as the source (Basin
A) and target (Basin B) domains. The source
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Figure 4. Proposed workflow

DOl org/10.29017/scog.v49i1.2001 | 381


https://doi.org/10.29017/scog.v49i1.2001

Scientific Contributions Oil & Gas, Vol. 49. No. 1, March 2026: 375 - 393

dataset comprised well-log data from 25 wells
penetrating the Talang Akar Formation in the
North West Java Basin. Geologically, the Talang
Akar Formation was deposited in transitional
settings ranging from fluvial to deltaic and shallow-
marine environments. It is characterized by complex
lithological heterogeneity, consisting of intercalated
sandstone reservoirs, claystone, siltstone, and
localized thin coal layers. The target dataset (seven
wells) was derived from the Menggala Formation in
the Central Sumatra Basin. Similar to the Talang
Akar Formation, the Menggala Formation serves as a
primary reservoir and is deposited in comparable
fluvial-deltaic environments.

These two formations were selected because
they represent analogous depositional
environments in fluvial deltaic systems, allowing
depositional settings to function as a controlled
baseline in the experimental design. By
maintaining the primary depositional origin
broadly constant, the study focuses on inter-basins
that may drive domain shift in well-log responses.

These differences include tectonic setting and
activity, sediment provenance with associated
mineralogical trends, and basin-specific diagenetic
overprints. One important contrast is that the NW
Java Basin stratigraphy includes carbonate
intervals, whereas comparable carbonate rocks are
absent in the Central Sumatra Basin. This contrast
can influence post-depositional cementation,

dissolution, and the variability of log signatures.
Under this design, this study evaluates whether
depositional

analogy alone supports model

BRUNEI —

MALAYSIA ¢

/ v T
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transferability and whether algorithmic adaptation
is required to address basin-dependent geological
controls. If significant statistical shifts are observed
between these geologically similar formations, it
confirms that secondary geological factors (such as
diagenesis, compaction, or specific mineralogy) create a
domain shift that necessitates the proposed unsupervised
—Supervised Learning (UL-SL) framework.

For this analysis, four standard well log curves
were utilized as input features for both basins:
Gamma Ray (GR), Neutron Porosity (NPHI), Bulk
Density (RHOB), and Photoelectric Factor (PEF).
These logs were chosen for their combined
sensitivity to lithology, mineralogy, and porosity,
providing a comprehensive basis for identifying
electrofacies and quantifying the statistical
properties of the rock formations.

Evidence of statistical

A direct comparison of the data distributions
between the source and target basins revealed
significant disparities, contradicting the assumption
that geological analogies imply statistical similarities.
We analyzed the distribution of standardized well-log
data to isolate the shape and spread of the data
features from their absolute units.

As shown in Figure 6, the histograms exhibit
clear domain shifts. Basin A displayed a broader,
often bimodal distribution, particularly for gamma
rays (GR), reflecting a distinct separation between
sand and shale lithologies. In contrast, Basin B
showed a significantly narrower and sharper
distribution (higher kurtosis). This is most evident in

Central Sumatera Basin:
Menggala Formation

North West Java Basin:
Talang Akar Formation

- = Source Data
- = Target Data

Figure 5. The basins location that shows the source and target data
(Basin Map from Geological Agency, ESDM, 2022)
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the bulk density (RHOB) log, where the Basin B data
are concentrated in a tighter, higher-density range
compared with the wider spread observed in Basin A.
This shift implies a fundamental difference in rock
compactness or lithological definition, despite shared
fluvial depositional settings.

The pairplots show basin-dependent
multivariate structure; therefore, direct transfer
from the source basin to the target basin is not
assured. As shown in Figures 7 and 8, the standard
logs have different marginal distributions and
pairwise relationships across basins when plotted in
the original physical units. These differences
appear in the spread, cluster overlap, and direction
and strength of the observed trends.

In the source basin, the K-means clusters are
more stratified with several feature combinations.
In the target basin, the same clusters show stronger
mixing and shifted separation boundaries,
indicating different feature space geometries. These
results suggest that a supervised model trained only
on source basin data may learn interaction patterns
that are not stable in the target basin, which can
reduce cross-basin generalization.

Accordingly, cross-basin prediction requires an
adaptation step, such as electrofacies mapping or
feature space alignment, to obtain a representation
that is more comparable across basins. This strong
GR-PEF coupling in Basin B provides evidence of
basin-specific heterogeneity. This suggests a
distinct clay mineralogy in the Central Sumatra
Basin, likely dominated by iron-rich clays (such as
chlorite or illite) or associated heavy minerals that
possess a higher atomic number, thereby increasing
the PEF response. In contrast, the clays in Basin A
did not exhibit this mineralogical signature.

This finding validates the argument presented in
our literature review that second-order geological
controls, such as provenance and mineralogy, create
unique data structures. A machine learning model
trained on Basin A would learn that "shale has low-to
-moderate  PEF,"  leading to  substantial
misclassification when applied to Basin B, where
"shale exhibits high PEF." This empirically confirms
that data distribution shifts are physical realities
driven by geology and not merely statistical noise.

Quantification of cross-basin barriers

To test the validity of the industry assumption
that models can be directly applied to analogous
formations, we conducted a direct mapping
experiment. In this scenario, the cluster centroids
defined in source Basin A used to classify the
electrofacies in target Basin B. If the geological
analogy hypothesis is true, the centroids from
Basin A should naturally overlap or reside near the
native data structure of Basin B.

However, the experiment revealed significant
divergence, as shown in Figure 9. The cluster
centroids from the two basins did not overlap;
instead, they separated. The average Euclidean
distance between the mapped centroids and local
centroids of Basin B was 21.81 in the standardized
space. Given that standardized data typically fall
within a range of £3, a distance magnitude of 21.81
is not merely a statistical deviation but also
physical evidence of a fundamental difference in
rock properties. This confirms that the "center of
gravity" for specific rock types has shifted
drastically between the two basins owing to local
geological factors despite sharing the same
lithological names.

We quantified the severity of this domain shift
using the adjusted Rand index (ARI) and
normalized mutual information (NMI). The
analysis yielded an ARI of 0.113, which is close to
zero. This statistically refutes the hypothesis that
geological analogies guarantee similar log
responses. This low score indicates that the latent
structures in the target basin were almost uncorrelated
with the patterns learned from the source basin. The
inability of the model to recognize these patterns is
not an algorithmic failure but rather highlights the
magnitude of the geological barrier that conventional
studies fail to measure.

The practical consequences of this domain shift
are shown in Figure 10. The side-by-side
comparison between the "Pure" track (derived from
native data) and the "Mapped" track (predicted
using Basin A rules) shows a mismatch. Intervals
identified locally as high-density shales were
frequently misclassified as sandstones by the
mapped model. This error occurs because the
model failed to recognize the unique compaction
signature of Basin B. These findings confirm that
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applying models naively without domain adaptation
leads to misleading reservoir interpretations.

DISCUSSION

The empirical findings presented in this study
provide critical validation of the conceptual
challenges hindering ML generalization. The
significant statistical divergence between the
Talang Akar and Menggala Formations, despite
their shared classification as fluvial-deltaic
reservoirs, offers fundamental insights that
necessitate a paradigm shift in the definition of
geological analogs for data-driven workflows.

Depositional vs. petrophysical

The central argument of this study is that
geological and statistical similarities are not
guaranteed. The industry currently relies on a
depositional analog heuristic ( Ismail et al., 2025),
assuming that models trained on one fluvial system
will naturally function on another. Our analysis
proves this assumption to be flawed because of the
stratification of geological controls. While the first-

order control of the depositional environment
establishes a shared sedimentary template, second-
order controls, such as provenance, mineralogy,
and diagenesis, dictate the final statistical
distribution of well logs.

The most notable evidence of this is the
correlation between Gamma Ray and Photoelectric
Factor observed in Basin B which is noticeably
absent in Basin A. In the source basin, the
photoelectric factor is independent of gamma rays.
However, in the target basin, the strong linear
relationship indicates a distinct mineralogical
signature. This specific relationship serves as a
strong indicator of the unique mineralogical
composition of the Central Sumatra Basin.
Although direct mineralogical sampling is required
for confirmation, the log response is characteristic
of sediments containing elements with higher
atomic numbers. This pattern is consistent with the
presence of iron-rich clays or associated heavy
minerals that increase the photoelectric response.

This empirical evidence directly validates the
conceptual model presented in Figure 3. This
diagram illustrates how diagenetic overprints and

Global Pairplot Basin B - KMeans Clusters - UNSCALED (90% Subsampling)

80

601

GR

40

201,
0.300

0.275

0.2504

NPHI

0.225

0.200

01754

2.5

24

RHOB

23

2.2

KMeans Cluster
o

.
2.8 / 4 a .
¢ !.“.
2.6 1 - gt
- .

/ A

2.2 1 '

2.09

1.8

1
2
3

20 40 60 80 100 015 020 025 030
GR NPHI

22 23 24 25 2.0 2.5 3.0
RHOB PEF

Figure 8. The pairplot for Basin B

DOl org/10.29017/scog.v49i1.2001 | 385


https://doi.org/10.29017/scog.v49i1.2001

Scientific Contributions Oil & Gas, Vol. 49. No. 1, March 2026: 375 - 393

NPHI vs RHOB: Basin B Data with A & B Centroids Overlay

Centroids B
’ Centroids A '

_25_

-20 4
=) J
g -ls 8
£ ’
= ;
=
b
=
£ 8
e S
5 104 -
@

=5 3 ]

: (]
L
=1a -5 0 5 10 15

Meutron Porosity {MPHI)

Figure 9. The plot showing centroids from the two basins do not overlap

Cluster Pure
{K-Means B)

900

4000

4100

DEPTH (m)

4200

4300

Cluster Mapped

{from A)

a0 60 80 0.2000.2250.2500.275 0,300
GR (AR MNPHI {uiv)

22 23 24 22 24 26 28
RHOB (g/cc) PEF [ble)

Figure 10. The log plot of X-1 well in Basin B

386 | DOI org/10.29017/scog.v49i1.2001



https://doi.org/10.29017/scog.v49i1.2001

A Conceptual Framework for Cross-Basin Reservoir Characterization: Integrating Unsupervised-Supervised
Learning to Address Geological Heterogeneity (Ariadji et al.)

mineralogical changes can effectively decouple the
final petrophysical properties from the initial
depositional environment. Our results confirm this
theoretical mechanism in real-world settings. The
distinct density distribution and unique photoelectric
response in Basin B reflect a specific compaction and
diagenetic history that differs from that of Basin A,
despite their shared sedimentary origin. Thus,
although the two basins are depositional analogs, they
are distinct petrophysical domains.

Considering these findings, we suggest that the
concept of an analog in machine learning should be
defined with greater precision and robustness. For a
model to be directly transferable, the target basin
must be a petrophysical analog rather than merely a
depositional analog. A true petrophysical analog
requires alignment of the depositional setting,
mineralogical composition, and diagenetic history.
The large Euclidean distance of 21.81 between the
cluster centroids of basins A and B quantifies the
gap between the two definitions. The low Adjusted
Rand Index statistically confirms that without
accounting for these second-order controls, the
latent structures of the data remain incompatible.

Geological drivers of domain shift: ranked
hypotheses and log-based proxies

The above results indicate that domain shift
between Basin A and Basin B is not controlled by
depositional analogy alone, but by second-order

geological controls that alter mineralogical
composition and rock-physics relationships
expressed in well logs. Because direct

mineralogical and diagenetic measurements are not
uniformly available, the drivers below are
presented as ranked hypotheses supported by log-
based proxies, such as shifts in marginal
distributions, changes in feature interactions, and
differences in electrofacies cluster geometry.

e Mineralogical and lithological contrasts linked
to basin stratigraphy

A first-order hypothesis is that basin-scale
differences in lithology and mineralogy place the
two datasets in different regions of multivariate log
space, thereby altering cluster separability and
cross-feature  structure. Well-log cluster and
electrofacies studies have shown that clusters can

be calibrated to mineralogical variability and
propagated through conventional logs, implying
that mineralogical contrasts naturally translate into
different cluster geometries across areas (Euzen &
Power, 2012). In addition, standard log
interpretation  references highlight that the
photoelectric effect (Pe/PEF) is strongly controlled
by atomic number and is a robust lithology
indicator with relatively low sensitivity to pore
fluids, reinforcing that compositional differences
can shift log behavior even when depositional
labels are similar (Kansas Geological Survey,
2017). Mineral-controlled multivariate log trends
have also been documented in log-based property
prediction studies, which have shown that
correlations among common logs depend on
mineral content and should be treated as lithology-
group dependent (Fuchs & Forster, 2014).

e Diagenetic overprint and compaction history

A second hypothesis is that differences in burial
evolution, cementation, dissolution, and chemical
compaction reorganize  density—sonic—porosity
relationships and change inter-log coupling,
producing systematic domain shift even within
broadly similar depositional systems. Studies of
diagenetically altered mudstones demonstrate that
normal compaction trends and log responses
depend on temperature and stress history,
indicating that basin-to-basin variations in
diagenesis and compaction can invalidate a single
transferable trend (Goulty & Sargent, 2016). Log-
based studies also show depth-related changes in
interval transit time associated with maturity and
compaction effects, supporting that basin-
dependent compaction histories can shift sonic-
derived relationships (Lang, 1994). Together, these
studies support interpreting cross-basin shifts in
joint distributions among density, sonic, and
porosity-sensitive logs as plausible indicators of
different compaction—diagenesis histories (Goulty
& Sargent, 2016; Lang, 1994).

e Shale fraction and clay fabric variability in
fluvial-deltaic systems

A third hypothesis is that differences between
basins in the shale fraction, clay mineral
assemblage, and shale fabric modify the gamma
response and its coupling with porosity- and
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density-sensitive logs. These effects can produce
basin-specific feature interactions and electrofacies
stratification. Spectral natural gamma ray studies in
the Northwest Java Basin have shown that variations
in K, Th, and U responses are linked to clay mineral
content and shale-related characteristics. This finding
supports the interpretation that subtle clay mineral
changes can create systematic differences in log
space, even within broadly similar depositional
systems (Wibowo et al., 2020). Established
workflows have also shown that gamma ray logs
can be used to estimate clay content through
optimized indices, reinforcing the shale fraction as
a measurable control on log statistics and cluster
structure (Diaz-Curiel et al.,, 2021). Independent
validation studies comparing XRD-derived clay
minerals with log-based cross-plot interpretations
further indicate that clay type and clay content can
alter ~ multivariate  log  relationships  and
classification boundaries (Alaskari, 2018). In fine-
grained intervals, clay effects on log responses are
also critical for porosity evaluation, which is
consistent with clay-related variability as a driver
of domain shift in density, neutron, and porosity
coupling (Zhu et al., 2023).

e Provenance and sediment texture effects

A fourth hypothesis is that provenance-driven
texture and framework composition change
porosity and permeability evolution, which then
propagates to density—sonic—porosity distributions
and electrofacies separability. Classic texture
studies have shown that sorting and grain-size
distribution exert strong control on porosity and
permeability in unconsolidated sands, implying that
provenance-related textural differences can create
systematic differences in log-derived trends
between basins (Beard & Weyl, 1973). A broader
synthesis work on sandstone porosity evolution
also identifies sorting, mineralogy, and maximum
burial depth as dominant controls, aligning with the
idea that cross-basin textural and burial differences
shift petrophysical log behavior (Scherer, 1987).

e Secondary influences are not directly
constrained by logs (poorly constrained by logs
alone).

A fifth hypothesis is that climate-modulated
weathering influences sediment composition
indirectly, primarily through provenance and clay

3881 DOI org/10.29017/scog.v49i1.2001

assemblages; however, it is difficult to isolate

uniquely using conventional logs without
supporting  geochemical and  mineralogical
calibrations.  Paleoclimate-oriented = downhole
logging literature frames key limitations in

extracting quantitative climate signals from logs,
including tool resolution and the complex origin of
log responses, which are commonly confounded by
lithology, porosity, and diagenesis (DeMenocal et
al., 1992). Therefore, climate-related weathering is
treated as a secondary driver in log-only domain
shift interpretation unless external mineralogical

and  geochemical datasets are available
(DeMenocal et al., 1992).
Overall, the ranked evidence supports

interpreting mineralogical composition and post-
depositional modification as dominant contributors
to domain shift in this study. This study identified
plausible drivers using log-based evidence;
quantifying the relative dominance of each driver
requires dedicated mineralogical, petrographic, and
diagenetic datasets in future work.

Adaptive workflow strategy

The identification of this analog gap shifts the
status of the proposed unsupervised—supervised
learning framework from a theoretical option to a
methodological necessity. In a traditional
supervised learning approach, the model is rigid
and forces new data to fit old rules. It lacks a
mechanism to detect whether the definition of shale
has changed owing to mineralogy. Unsupervised
learning is critical in this regard.

By applying clustering algorithms to the target
basin before prediction, the unsupervised
component acted as a diagnostic scanner for
mineralogy. It captures the intrinsic structure of the
new data, such as the unique high-density clusters
of Basin B, independent of external labels. These
local clusters serve as a bridge, allowing the
framework to map the statistical reality of the
target basin to the semantic labels of the source
basin. Therefore, this study argues that blind
transfers are now obsolete. Robust cross-basin
characterization requires an adaptive workflow in
which unsupervised learning first quantifies the
domain shift and then guides the supervised model
to adapt its predictions. This geologically grounded
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approach is the only viable way to unlock the value
of legacy data for frontier exploration.

CONCLUSION

The application of machine Ilearning in
petrophysics is currently hindered by widespread
reliance on intra-basin validation. This common
practice fails to assess how models perform in new
geological settings and often yields optimistic metrics
that do not hold in real-world exploration scenarios.
This study addresses this critical gap by providing
quantitative empirical evidence regarding the limits of
current model generalization assumptions.

A comparative analysis of the Talang Akar and
Menggala formations revealed that sharing an
analogous fluvial-deltaic depositional environment
does not guarantee statistical alignment. We
identified a significant domain shift, which was
quantified by a critically low adjusted Rand index
of 0.113. This statistical divergence confirms that
secondary geological controls, such as distinct clay
mineralogy and differing compaction regimes,
create unique data signatures for each basin,
despite their shared sedimentary origins.

These findings provide concrete proof that the
direct transfer of models between analog basins
carries a high risk of reservoir mischaracterization
without algorithmic intervention. These findings do
not represent a research barrier but rather serve as a
strong justification for the subsequent phases of
this study. Therefore, future work should prioritize
two strategic directions: data enrichment and
methodological advancement. We plan to expand the
training datasets in Basin A and the target datasets in
Basin B to determine whether the observed domain
shift can be mitigated by simply increasing the
sample size and variety. Furthermore, we intend to
introduce a third dataset from Basin C in the South
Sumatra Basin to serve as a comparative benchmark.
This control group will help verify whether centroid
separation is a unique anomaly between the current
basins or a consistent universal challenge in cross-
basin validation.

Finally, the research will proceed to the full
implementation of domain adaptation techniques
and the proposed integrated unsupervised—

supervised learning model. The next phase aims to
actively bridge the identified feature gap by
utilizing local cluster labels as guiding inputs. This
strategy ensures that the model adapts to the
specific mineralogical and diagenetic realities of
the target basin, rather than imposing rigid
assumptions from the training data. By validating
the need for domain adaptation, this study lays the
necessary groundwork for developing a robust and
geologically consistent reservoir characterization
workflow for frontier areas.

GLOSSARY OF TERMS AND SYMBOLS

Terms &

Symbols Unit

Definition

ARI Adjusted Rand index,a -
clustering evaluation
metric corrected for
chance agreement
Convolutional neural -
networks are deep-
learning architectures
designed for spatial or
sequential feature
extraction.
DA Domain adaptation -
techniques are used to
align a model across
different data
distributions.
DL Deep Learning; machine -
learning methods
utilizing multi-layered
neural networks.
GR Gamma Ray log API

ML Machine Learning; -
algorithms that identify
patterns in data for
prediction or
classification.
Normalized mutual -
information, an
information-theoretic
metric for evaluating
clustering performance.
NN neural network, a -
computational model
based on interconnected

CNN

NMI
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artificial neurons. -

NPHI Neutron porosity log,a  v/v
formation measurement

based on the hydrogen

index to estimate

porosity.

PEF Photoelectric Factor log b/e

RHOB  Bulk Density log

SL Supervised learning isa -
modeling approach that
utilizes labeled input-
output data for training.

TL Transfer learning: -
applying knowledge
from a pre-trained
model to a new, related
task.

UL unsupervised learning

algorithms that discover

hidden structures within
unlabeled data.

Unsupervised— -

Supervised Learning: a

hybrid framework that

combines unlabeled data
exploration with

supervised training.

g/cm?

UL-SL
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