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Reliable property modeling is vital for Earth resource development, and seismic data can
provide secondary variables to improve accuracy. However, seismic-integrated models re-
main uncertain due to inherent limitations in seismic data such as the cumulative effects of
signal processing and attribute computation. In this study, we aimed to estimate a high-
accuracy 3D secondary variable for porosity modeling from seismic attributes using a
kriging-enhanced random forest (RF). This approach leverages the ensemble learning
capabilities of RF to effectively handle limited training data, while incorporating the ability
of kriging to account for spatial correlation. Prior to implementing this model, we developed
an innovative workflow to correct seismic attributes based on geological trends. This
workflow generated geologically informed seismic attributes by vertically correcting seismic
attributes in areas of lower quality, while preserving their original lateral trends. We applied
our methodology to a late Albian–early Turonian shallow-marine carbonate reservoir with a
complex diagenetic history. After creating geologically informed seismic attributes, we used
them, along with porosity well logs, as inputs for the kriging-enhanced RF model. This model
calculated the mean of decision trees through kriging estimation rather than the usual
averaging method. To evaluate effectiveness, we compared it with a deep neural network, a
kriging-enhanced deep neural network, and a standard RF. The kriging-enhanced RF pro-
duced porosity closer to blind-well values than other methods and captured complex
heterogeneities, such as channels and differing reservoir qualities across sequences, making
the porosity cube a reliable 3D trend for further geostatistical simulations.

KEY WORDS: Reservoir characterization, Stratigraphy, Gaussian process, Ensemble learning, Radial
basis function, Spatial correlation.

INTRODUCTION

A major challenge in characterizing the geo-
logical and geophysical properties of the Earth is
that data collection is often expensive, time-con-
suming, and limited to a small number of sparse,
unevenly distributed observations (Bai & Tah-
masebi, 2021; Zhang et al., 2024; Tran et al., 2025).
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However, Earth materials and structures are known
to be spatially correlated (Journel and Huijbregts,
1978), allowing geostatistical methods to estimate
values at unsampled locations by leveraging this
spatial structure (Maxwell et al., 2021; Liu et al.,
2022; Nwaila & Carranza, 2025; Nwaila et al., 2025).
Incorporating secondary data can further improve
geostatistical estimations, while minimizing uncer-
tainty and addressing issues such as non-stationarity
(Emery & Robles, 2009; Rezaei et al., 2024; Esteve
et al., 2025).

3D seismic reflection data provide valuable
subsurface imagery with broad spatial coverage,
allowing detailed mapping of geological features,
especially in regions between wells (Emami Niri &
Lumley, 2016; Wang et al., 2020, 2024; Kamaruza-
man et al., 2023, 2024; Leisi et al., 2024). Despite
their utility, seismic data are limited by vertical
resolution, usually on the order of tens of meters
(Olutoki et al., 2024; Mishra et al., 2025). Integrating
seismic data with petrophysical well logs enables
better characterization of subsurface variability,
with demonstrated applications in coalbed methane
development (Liu et al., 2024), petroleum geology
(Rezaei et al., 2023), petroleum engineering (Garcia
et al., 2024), geothermal reservoir modeling (Feng
et al., 2020), and CO2 storage (Alalimi et al., 2022).

Seismic attributes play a key role in predicting
and mapping reservoir characteristics, including fa-
cies distribution, lithology, pore-fluid content, and
the spatial distribution of reservoir units. Seismic
attributes enhance interpretive precision and pro-
vide deeper insights into subsurface geology (Emami
Niri & Lumley, 2017; Wang et al., 2024; Ehsan et al.,
2025; Lu et al., 2025). To incorporate the large-scale
information embedded in seismic attributes into
reservoir characterization, supervised machine
learning (ML) techniques can be used to derive
composite seismic attribute that serve as secondary
variables for geostatistical modeling (Pyrcz &
Deutsch, 2014). However, limited seismic sampling
along well trajectories constrains most of ML,
especially deep learning, that require large datasets
(Olutoki et al., 2024; Zhang et al., 2025). By con-
trast, ensemble learning techniques such as
XGBoost (eXtreme Gradient Boosting) and RF
(random forest) offer a more robust option with
small datasets (Zou et al., 2021; Mou et al., 2023;
Maxwell et al., 2024). For recent examples of the
application of ensemble learning methods in esti-
mating porosity from seismic attributes, refer to Zou

et al. (2021), Song et al. (2023), Ntibahanana et al.
(2024), and Mohammad Hossain et al. (2024).

A common limitation of ML methods, including
ensemble learning models, is the neglect of spatial
correlation (Lv et al., 2021; Mohammadpour et al.,
2023). As a result, hybrid approaches that integrate
kriging with ML predictions have gained significant
traction, demonstrating superior estimation accuracy
compared to standalone ML models (Erten et al.,
2022, 2025; Chen et al., 2023). Examples include
combining ordinary kriging with neural network
(Sergeev et al., 2019), ML mapping and regression
kriging (Li et al., 2019), kriging-enhanced neural
networks (Liu et al., 2020), hybrid geostatistical-ML
models (Erten et al., 2023; Mohammadpour et al.,
2024), and deep Gaussian process for spatial mod-
eling (Gonçalves and Wellmann, 2025). Therefore, a
combination of ensemble learning and kriging can
be an effective approach for estimating porosity
from seismic attributes and well logs. This strategy
leverages the strengths of ensemble ML to address
data limitations while also accounting for spatial
correlation through kriging.

However, well-engineered attributes enable
models to perform better and improve specific
learning tasks. By utilizing domain knowledge
alongside mathematical and statistical transforma-
tions, we can derive new features from raw data or
enhance existing ones (Misra et al., 2020). Because
seismic attributes are plagued with uncertainties due
to errors in the velocity model, extensive signal
processing, and attribute computation, it is crucial to
apply corrections such as standardization and
resampling to the seismic attributes (Khayer et al.,
2022; Lin et al., 2024; Naseer, 2025; Verma et al.,
2025).

In this study, we developed a workflow that
corrects seismic attributes based on vertical porosity
trends linked to sea-level fluctuations. These geo-
logically informed attributes, combined with poros-
ity well logs, were used to train an enhanced
ensemble learning model. Our model integrated
kriging within the RF aggregation process using a
radial basis function (RBF) kernel to refine tree-
wise predictions. This spatially aware ensemble ap-
proach outperformed standard models and deep
learning baselines in blind well tests, producing a
geologically consistent seismic porosity cube suit-
able for geostatistical simulation.
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STUDY AREA AND GEOLOGICAL
BACKGROUND

The study area is situated along the western
portion of the Abadan Plain (Iran), a structural zone
at the western end of the Zagros Fold-Thrust Belt
(ZFTB) (McQuarrie, 2004). It encompasses several
oil fields across an area of 22.4 km by 37.8 km.
Within the Abadan Plain, the late Albian–early
Turonian Sarvak Formation is the most significant
carbonate reservoir interval (Asaadi et al., 2016).
During late Cretaceous, the Sarvak Formation and
its stratigraphic equivalents across the Arabian Plate
were deposited on a vast shallow-marine carbonate
platform, which included several intrashelf sub-ba-
sins (Fig. 1) (Vincent et al., 2015). This depositional
interval was characterized by high sea levels on the
Arabian Plate (Haq, 2014). However, this was
interrupted by multiple phases of sea-level fall due
to the combined effects of tectonics and eustatic
changes. A sequence stratigraphic framework and
associated relative sea-level curve for the Creta-
ceous successions of southwestern Iran has been
developed by Van Buchem et al. (2006; see Fig. 2a).

By interpreting sequence boundaries (SB) and
maximum flooding surfaces (MF), Asaadi et al.
(2016) identified four third-order sequences in the
Sarvak Formation of the Abadan Plain (Fig. 2b).
The first sequence (late Albian–lower Cenomanian),
which comprises the lower Sarvak Formation, is
205 m thick. Its highstand system tract (HST) is
180 m thick and lies below the early Cenomanian
disconformity and includes a � 120 m thick zone of
grain-dominated facies affected by dissolution,
exhibiting high porosity and permeability. The sec-
ond sequence (mid-Cenomanian) is � 245 m thick
and is bounded by the early and mid-Cenomanian
disconformities. The interval has high reservoir
quality, derived from both depositional facies and
dissolution along the mid-Cenomanian disconfor-
mity. The third sequence (late Cenomanian), which
constitutes the upper Sarvak Formation, is � 215 m
thick. The HST of this sequence, which is � 170 m
thick, contains two � 80 m rudist debris zones that
are correlatable between wells, and serve as the
main reservoir intervals. Finally, the fourth sequence
(Turonian), which is � 25 m thick, consists mainly
of mudstone and wackestone deposited in low-en-
ergy settings, but are not considered reservoirs. It is
worth mentioning that this study focused on the
second, third, and fourth sequences of the Sarvak
Formation, which represent the primary oil inter-
vals.

Rapid sea-level change during the Cenoma-
nian–Turonian led to complex diagenesis in the re-
gion (Asaadi et al., 2016), including karstification,
dissolution, cementation, recrystallization, and
dedolomitization. Channel deposits formed during
platform exposure or flooding events, later filled
with muddy carbonates or clays associated with poor
reservoir quality. Channel lithology and size vary
with depth and location (Rezaei et al., 2023), adding
to reservoir heterogeneity (Grélaud et al., 2010).

MATERIALS AND METHODS

Dataset

This study focused on the upper part of the
Sarvak Formation because it is a key reservoir
interval with clearly defined channel deposits. Our
modeling used data from 26 wells, with 7 wells (21%
of the total) serving as blind wells for model vali-
dation. The dataset consisted of standard wireline
log suites (i.e., gamma ray, neutron, density, resis-

Figure 1. Paleogeographic map of Arabian Peninsula and

adjacent areas during Cenomanian–Turonian (Upper

Cretaceous) (modified from Du et al., 2015).
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tivity, sonic), including interpreted effective porosity
logs. Additional geophysical data included depth
maps of the interpreted horizons and a depth-con-
verted seismic cube. Figure 3a displays a structural
cross section of the relative acoustic impedance at-
tribute, overlain by effective porosity logs, whereas
Figure 3b displays the 3D seismic data.

Geological Correction of Seismic Attributes

Several volumetric attributes were extracted
from the 3D seismic data. Relative acoustic im-
pedance, gradient, instantaneous phase, and first
time-derivative were determined to correlate most
closely with porosity and were able to identify
complex geological features, such as channels
(Supplementary Fig. S1). To quantify these rela-

Figure 2. (a) Cretaceous lithostratigraphy and relative sea-level curve of central Zagros region (modified from Esrafili-Dizaji et al., 2015

and Van Buchem et al., 2006). (b) Four distinct third-order sequences in Sarvak Formation and representative gamma ray well log from

studied field (modified from Asaadi et al. 2016).
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tionships, correlation coefficients were calculated
between effective porosity logs and seismic attri-
butes at each well location. The resulting values
were interpolated into correlation coefficient maps
using an interpolation method (Kelishami et al.,
2022). In some areas, seismic attributes showed poor
correlation with porosity, primarily due to geological
heterogeneity and velocity model errors (Fig. 4). To

address this challenge, we enhanced the seismic at-
tribute correlation by identifying well locations with
a high attribute-porosity correlation and then prop-
agating these values using universal kriging, incor-
porating a vertical trend calculated from the general
variation of effective porosity well logs in the Z
direction. Figure 5 shows effective porosity and
shale volume well logs along with the overall vertical

Figure 3. (a) Structural cross section of relative acoustic impedance in the Sarvak Formation, overlain with effective porosity logs from

ten wells. Inset map of Sarvak Formation shows location of wells used for modeling (in green) and blind wells (in red), overlain on a depth

structure map. (b) 3D view of seismic data in two different directions.
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porosity trend. These variations in porosity closely
align with four third-order sequences discussed
above in section Study Area and Geological Back-
ground, reflecting sea-level changes. During univer-
sal kriging, errors between the vertical trend and
seismic attributes at well locations were calculated
and distributed through collocated cokriging, with

the seismic attribute used as a trend. This step im-
proved the vertical quality of the attributes while
maintaining their original spatial trends. The main
steps of this process are illustrated in Figure 6.

Figure 4. Maps of correlation coefficient between effective porosity and (a) gradient (positive correlation), (b) relative acoustic

impedance (negative correlation), (c) instantaneous phase (negative correlation), and (d) first time-derivative seismic attributes (positive

correlation).
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Figure 5. Vertical effective porosity variation in second, third, and fourth sequences of Sarvak Formation in study area.

Figure 6. Main steps in geological correction of a seismic attribute using proposed workflow.
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Seismic Porosity Estimation Using
Kriging-Enhanced Random Forest

Corrected seismic attributes were used in a
kriging-enhanced RF model to generate a seismic
porosity cube. Figure 7 illustrates a 3 9 3 grid,
where two of the cells contain well-log porosity data.
It explains how kriging-enhanced RF (with five
trees) was used to estimate seismic porosity
throughout the entire grid. An expanded explana-
tion of the theoretical underpinnings of this frame-
work is presented in the Appendix. To train the
model, we used the effective porosity logs along with
corrected seismic attribute values at well locations,
with 25% of the training dataset used for validation.
The RF implementation used the Scikit-learn library
in Python (Pedregosa et al., 2012). Model perfor-
mance was assessed using R2 and mean squared er-
ror (MSE) on both the training and validation
datasets to identify the optimal number of decision
trees, k. Results from 100 experiments indicated that
more than 80 trees provided no significant
improvement in performance (Supplementary
Fig. S2). Therefore, the final model used 80 decision
trees.

Next, predicted values from the 80 decision
trees were extracted for each training sample and
used as input to the kriging process. Several kernels
were tested (e.g., exponential, Matern, rational
quadratic, RBF), and the RBF was chosen as it re-
sulted in the lowest MSE and highest R2 values
(Supplementary Fig. S3).

Optimal hyperparameters were determined by
minimizing the negative logarithm of the marginal
likelihood (-Q), optimized using both Adam (King-
ma and Ba, 2014) and stochastic gradient descent
(SGD) (Bottou, 2010). Both reached a similar min-
imum, but Adam converged faster (Supplementary
Fig. S4), and so it was adopted. Model generalization
was further assessed with 10-fold cross-validation
(Fig. 8), which showed that predictions aligned clo-
sely with observations and that overfitting was not
occurring.

Finally, the trained model was applied across
the simulation grid to establish the seismic attribute-
porosity relationship throughout the study area. This
yielded a 3D porosity cube for the Sarvak Forma-
tion.

Figure 7. Main steps in kriging-enhanced random forest for seismic porosity estimation.
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RESULTS AND DISCUSSION

Porosity represents the capacity of a potential
reservoir to store subsurface fluids such as oil and
natural gas. Consequently, precise porosity estima-
tion is critical for effective exploration and produc-
tion, as it directly influences reservoir
characterization, recovery efficiency, and field
development strategies. This paper proposes an
innovative workflow for 3D seismic porosity pre-
diction in heterogeneous carbonate reservoirs by
developing geologically informed seismic attributes
and using them in a kriging-enhanced RF model. As
a result, the seismic correction process improved the
correlation coefficient between effective porosity
and the seismic attributes notably. Specifically, Fig-
ure 9 illustrates two seismic attributes at a well

location, where their initial values showed a poor
correlation with porosity. The correction process
improved the correlation coefficient for trace gra-
dient from 0.21 to 0.53, and for instantaneous phase
from � 0.19 to � 0.57. Additionally, the horizontal
cross section of seismic attributes before and after
the correction showed that, while correlation with
effective porosity increased, the horizontal trends
remained consistent, allowing complex features such
as channels to be clearly identified (Fig. 10, Sup-
plementary Fig. S5). Histograms of the initial and
corrected seismic attributes also overlapped closely,
confirming that the correction preserved their dis-
tribution (Fig. 11). Together, these results demon-
strated that the workflow improves seismic attribute
quality without changing their original spatial
trends. In other words, when seismic attributes are

Figure 8. Comparison of actual versus simulated porosity values using kriging-enhanced random forest

method. Results were derived from 10-fold cross-validation.
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guided by geological trends, such as the vertical
variation in effective porosity, they become signifi-
cantly more useful, especially in where data quality
is low.

These findings underscore the importance of
aligning seismic attributes with geological controls
to improve their utility in reservoir characterization.
The efficacy of using seismic attributes for reservoir
characterization is inherently sensitive to factors
such as data quality, velocity model accuracy, and
basin-specific geological complexity. In some cases,
these limitations may render attributes unreliable or
even ineffective (Liner et al., 2004; Marfurt & Alves,
2015; González et al., 2025). Reservoir properties,
however, are strongly influenced by fluctuations in
sea level (Chen et al., 2024; Naseer, 2024; Curtis
et al., 2025). By deriving geological constraints from
effective porosity well logs and applying the pro-
posed seismic attribute correction based on geolog-
ical constraints, this study demonstrated a viable
approach to overcoming interpretive challenges and
enhancing the reliability of seismic attributes in fu-
ture studies.

After generating the geologically informed
seismic attributes, we used them as inputs in a
kriging-enhanced RF model to create a seismic

porosity cube (Fig. 12a) for the selected intervals of
the Sarvak Formation. The cross sections in Fig-
ure 12b, compare the actual porosity values at blind
well locations with the estimated porosity cube de-
rived from the kriging-enhanced RF. The estimated
porosity values at blind wells align closely with the
actual porosity values, confirming model reliability.
To evaluate the effectiveness of our technique, we
compared our results with four alternative scenarios
(Fig. 13). In the first scenario, initial seismic attri-
butes were used in a deep neural network. In the
second scenario, the same neural network was
trained with corrected attributes, and its correlation
with actual effective porosity was improved by 23%.
The third model was a kriging-enhanced deep neural
network, in which kriging replaced the linear trans-
fer function in the output layer. This addition
incorporated spatial continuity in the data and better
handled non-linear behavior, raising correlation to
57% (Fig. 13). A standard RF model served as the
fourth scenario, which resulted in a prediction
accuracy of 68%. The kriging-enhanced RF out-
performed all alternatives, with the correlation be-
tween estimated and actual porosity reaching 83%.

The performance across three different blind
wells is shown in Figure 14. In each case, the pre-

Figure 9. (a) Trace gradient and (b) instantaneous phase attributes before (black line; top graph) and after (blue line; bottom graph)

correction in a well location.
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dicted effective porosity (red line) closely follows
the true values (blue line). Uncertainty estimates,
represented by the standard deviation (red dashed)
and 95% confidence intervals (yellow shading),
captured variability and consistently bracketed the
true values. These comparative results highlight the
importance of hybrid ensemble learning–geostatis-

tical approaches in seismic reservoir characteriza-
tion, particularly when well-log data is limited.
While supervised algorithms have advanced seismic
interpretation by integrating multiple attributes
(Yue et al., 2019; Li et al., 2020), their reliance on
dense training datasets remains a challenge.
Ensemble methods like RF offer improved gener-

Figure 10. Structural depth sections of (a) relative acoustic impedance and (b) instantaneous phase seismic attributes before and after

correction. Cross plots illustrate correlation between seismic attributes and porosity well logs prior to and following the correction.
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alization with fewer samples, yet they overlook
spatial continuity. By embedding kriging into the RF
framework, our proposed workflow effectively
bridged this gap, capturing both attribute-driven
variability and spatial structure. The resulting seis-
mic porosity cube not only demonstrated superior
predictive accuracy compared to deep neural net-
works and standard ensemble models, but also pro-
vided well-constrained uncertainty estimates across
blind wells. These findings validated the utility of
kriging-enhanced ensemble learning for generating
reliable 3D porosity trends, which can serve as ro-
bust secondary data in geostatistical simulations and
support more informed reservoir development
strategies.

The estimated seismic porosity showed strong
correlation with measured porosity values while

effectively capturing complex geological features
(see cross sections in Fig. 15). A vertical cross sec-
tion through the second sequence of the Sarvak
Formation illustrates porosity variations, including
carbonate channels with diverse shapes and quali-
ties. Channelized zones in sequence 2 are typically
filled with higher porosity sediments compared to
the surrounding background, though in some cases
porosity is lower. The observed porosity variations
within sequence 2, aligned well with prior studies by
Asaadi et al. (2016), in which reservoir quality in
sequence 2 is largely attributed to primary deposi-
tional characteristics and dissolution processes.

A further vertical cross section compares
porosity in the third and fourth sequences of the
Sarvak Formation with estimated seismic porosity
across two wells (Fig. 16). The porosity cube

Figure 11. Histograms of seismic attributes before (orange) and after (blue) geological correction. Light brown color represents

overlapping values.
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demonstrated a high degree of consistency with well
data, while also resolving complex geological fea-
tures such as large incisions. These results confirmed
the effectiveness of our approach to characterizing a
heterogeneous carbonate reservoir and reflect seis-
mic porosity cube�s sensitivity to diagenetic alter-
ations such as dissolution and calcite cementation.
This was consistent with the classification by Sa-

bouhi et al. (2022), where zones with enhanced dis-
solution and development of intergranular and
vuggy pores—characteristic of DG-3 and DG-4
diagenetic classes—show higher porosity values,
whereas areas affected by calcite cementation (DG-
0 and DG-1) tend to display lower reservoir quality.
Moreover, the variable porosity in channels of dif-
ferent sequences and intervals was well aligned with

Figure 12. (a) 3D view of estimated seismic porosity cube in two different directions. (b) Comparison between estimated seismic porosity

cube and real porosity values in blind wells.
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Figure 13. Comparison between measured effective porosity in a blind well and model estimates from: a deep neural network using initial

seismic attributes (orange), a deep neural network using corrected seismic attributes (blue), a kriging-enhanced deep neural network

(green), a standard random forest (pink), and kriging-enhanced random forest (red).

Figure 14. Predicted versus actual effective porosity across three blind wells. For each well, left track displays true and predicted values

along with 95% confidence intervals, while right track shows predicted standard deviation.
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the facies model developed by Rezaei et al. (2023).
Overall, the seismic porosity cube not only provided
a realistic basis for decision-making tasks but can
also serve as an efficient 3D trend for geostatistical
simulations, especially in predicting reservoir quality
across poorly sampled regions.

CONCLUSIONS

In this study, the results from blind wells indi-
cated that the geological adjustment of seismic at-
tributes improved estimation accuracy by up to 30%.
The RF ensemble approach outperformed a deep

neural network, yielding higher prediction accuracy
in blind wells. Ultimately, the application of the
kriging-enhanced RF produced a seismic porosity
cube that exhibited over 80% correlation with actual
porosity values in blind wells. Using this model, we
combined the ensemble learner’s ability to handle
data scarcity with kriging�s capacity to account for
spatial continuity. Our approach effectively high-
lighted significant quality variations within the
reservoir, such as channel geobodies exhibiting
porosity values lower or higher than the surrounding
reservoir background across different stratigraphic
sequences, as well as considerable porosity varia-
tions in non-channelized sections. Overall, the pro-

Figure 15. Cross sections from estimated porosity cube from second sequence of Sarvak Formation.

Seismic Porosity Estimation Using Geologically-Informed Seismic Attributes



posed workflow offers a practical methodology for
improving reservoir characterization in geophysi-
cally challenging environments.

FUNDING

Open Access funding enabled and organized by
CAUL and its Member Institutions.

DECLARATIONS

Conflict of Interest The authors declare that they
have no known competing financial interests or
personal relationships that could have appeared to
influence the work reported in this paper.

OPEN ACCESS

This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and
reproduction in any medium or format, as long as
you give appropriate credit to the original author(s)
and the source, provide a link to the Creative
Commons licence, and indicate if changes were
made. The images or other third party material in
this article are included in the article’s Creative
Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included
in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation
or exceeds the permitted use, you will need to obtain

Figure 16. Cross sections from estimated porosity cube in third and fourth sequences of Sarvak Formation.

Rezaei, Croix, Niri, and Asghari



permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecom
mons.org/licenses/by/4.0/.

APPENDIX

In this study, we employed the RF algorithm as
an ensemble learning method to create a 3D seismic
porosity cube. To achieve this, we trained the cor-
rected seismic attributes at well locations using
porosity well logs as target variables. After estab-
lishing a reliable relationship at these well locations,
we applied this relationship to the entire 3D grid.
Additionally, to account for spatial correlation, we
replaced the averaging process in the RF with a
kriging process. To do this, after training the RF on
the training data, we extracted predictions from each
individual tree for both the training and testing da-
tasets. This creates the matrices of Xtrain and Xtest

with dimensions N � K (where N is the number of
training samples and K is the number of tress), and
represents the predictions made by one tree. The
output corresponding to these inputs is ytrain with
dimensions of N � 1. In the next step, the kriging
model was trained on the input data Xtrain and their
corresponding outputs ytrain. The posterior of the
prediction is highly dependent on the kriging
hyperparameters h. These hyperparameters are
typically optimized by maximizing the log marginal
likelihood (LML), given by:

L hð Þ ¼ log p y X; hjð Þ

¼ � 1

2
yT K þ r2nI

� ��1
y � 1

2
log Kj

þ r2nI
n

2

��� log 2pð Þ ð1Þ

where r2n and I denote the noise variance and
identity matrix, respectively. Moreover, K is the
covariance matrix of the Gaussian process xð Þ, which
for n training points is defined as:

K x; x0ð Þ ¼

K x1; x1ð Þ K x1; x2ð Þ
K x2; x1ð Þ K x2; x2ð Þ

� � � K x1; xnð Þ
� � � K x2; xnð Þ

..

. ..
.

K xn; x1ð Þ K xn; x2ð Þ
. .
. ..

.

� � � K xn; xnð Þ

2

6664

3

7775

ð2Þ
The covariance matrix is formed using a kernel

applied to the training inputs X. In this study, we
used the RBF kernel, also known as the Gaussian

kernel, which is a commonly used covariance func-
tion in Gaussian processes. It is defined as:

K x; x0ð Þ ¼ r2 exp
x � x02�� ��

2l2

� �
ð3Þ

where ‘ is the length scale, and r2 represents the
overall variance of the training inputs X.

After maximizing the marginal likelihood of the
observed outputs given the inputs, we made pre-
dictions of y� using the model. The predictive dis-
tribution (mean and variance) at new points is given
by:

y�jXtrain; ytrain;Xtest � N l�; r
2
�

� �
ð4Þ

where

l� ¼ K Xtest;Xtrainð ÞK Xtraing

� ��1
y ð5Þ

r2� ¼ K Xtest;Xtestð Þ
� K Xtest;Xtrainð ÞK Xtrainð Þ�1K Xtest;Xtrainð Þ ð6Þ

We calculated the R2 for both the training and
testing datasets to evaluate the model’s perfor-
mance. After obtaining satisfactory R2 values, we
applied the kriging-enhanced RF model (which was
trained at wells� locations) to the complete set of 3D
seismic attributes, which allowed us to generate a
seismic porosity cube.

SUPPLEMENTARY INFORMATION

The online version contains supplementary
material available at https://doi.org/10.1007/s11053-
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