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Abstract. The aim of the study was to assess machine learning-enhanced seismic attribute analysis for reservoir quality
prediction in clastic and Balkan-type oil fields. The validation study was performed on the open-access Project Penobscot
seismic and reservoir data for a range of attributes within the predictor space, as well as for the four reservoir quality
variables. XGBoost showed the best regression results for all continuous parameters, with the highest accuracy for porosity
(R*=0.88, root mean square error = 0.024, mean absolute error = 0.018), followed by the sandiness index (R?*=0.85, root
mean square error = 0.054, mean absolute error = 0.039), whereas permeability remained the most difficult parameter
to predict (R*=0.76, root mean square error = 16.9, mean absolute error = 12.4). Facies classification also demonstrated
stable performance, with accuracy of 0.84, precision of 0.82, recall of 0.79, and F1-score of 0.8. The predicted parameter
distributions revealed a heterogeneous reservoir system, with porosity as the most stable parameter, sandiness index
showing intermediate variability, and permeability displaying the highest contrast. Integrated interpretation of the
predicted indicators differentiated the reservoir into high-, moderate-, and low-quality zones with indices of 86, 64, and
38, respectively. In conclusion, reservoir quality is primarily controlled by the factors related to storage and flow potential,
sand bodies, and facies, yet machine learning-enhanced methods can effectively assist reservoir engineers in making
accurate reservoir predictions in these heterogeneous systems. The practical value of this study is in the potential use of
this established workflow to effectively screen for and prioritise oil and gas production within the reservoirs with the help
of machine learning, especially those geologically structurally complex clastic systems
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Introduction

Due to the growing complexity of the reservoir prediction
in clastic oil fields, there is an increasing interest in utilis-
ing data-driven approaches for the interpretation of seis-
mic information. In many instances, particularly in those
reservoirs with high degrees of structural complexity, the
seismic data can be utilised to make predictions regard-
ing the properties of the reservoir that is being evaluated.
Moreover, many of these reservoirs are among those that

are considered to be mature or have developed structural
complexities that make it particularly difficult to directly
observe the reservoirs. Thus, any method that can help to
extract information regarding those reservoirs is of inter-
est to those within the oil industry. One such approach that
has developed in response to these needs is the application
of machine learning approaches to the analysis of seismic
data to help extract information regarding the reservoirs.

Suggested Citation: Maho, F., & Gjinali, E. (2026). Machine learning-enhanced seismic attribute analysis for reservoir quality prediction
in clastic oil fields. Prospecting and Development of Oil and Gas Fields, 26(1), 16-29. doi: 10.63341/pdogf/1.2026.16.

*Corresponding author (mahofahri2@gmail.com)

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/)


https://orcid.org/0009-0002-0673-4577
https://orcid.org/0009-0005-4942-3893

Maho & Gjinali

For the Balkan region, specifically for Albania, this
problem has certain geological and applied significance.
The segment of the Ionian Zone that lies within Albania
is tectonically complex, has varying strata within its geo-
logic outcrops, and has a general heterogeneity of its sed-
imentary features, all of which make it difficult for those
attempting to use seismic surveys to model the region to
predict the reservoir quality within the area. Petrographic
and mineralogical research of the Oligocene flysch of the
Ionian Zone of Albania, performed by A. Fociro et al. (2023),
has determined the compositional heterogeneity of the
clastic strata of the region, indicating the importance of
its sedimentary origin for explaining the geological heter
ogeneity of the area. In the work of J.I. Soto et al. (2024)
showed that the Ionian Zone of Greece and Albania un-
derwent contrasting types of salt-tectonic processes that
significantly affected the structural configuration, trap ar-
chitecture, and geometry of subsurface bodies. Such fea-
tures are of fundamental importance for seismic interpre-
tation, since deformation, changes in thickness of strata,
and structural blockiness directly change the wave pattern
and spatial continuity of reservoirs. An additional region-
al context was provided by the study of I. Alexandridis et
al. (2022), in which a new interval of parent rocks was dis-
covered in the adjacent segment of the Ionian zone in the
west of Greece, which once again emphasises the oil and
gas potential of this tectonic-sedimentary complex for the
entire Balkan region. Collectively, these works showed that
the Balkan oil and gas context needs such interpretive ap-
proaches that are able to combine lithological variability,
structural deformation and indirect prediction of petro-
physical properties in a single analytical framework. At
the same time, modern international studies have proven
that machine learning significantly expands the analytical
possibilities of interpreting seismic attributes in tasks of
reservoir characterisation (Oitseva, 2024). In the work of
D.]. Ferreira et al. (2021) the classification of seismic pat-
terns was integrated with porosity and permeability esti-
mation, which showed the possibility of direct connection
of multidimensional seismic analysis with the prediction
of reservoir properties, and not only with its descriptive
interpretation. M.H. Rahma Putra et al. (2024) confirmed
that Gaussian process machine learning can be effectively
used for porosity estimation and anomaly detection based
on seismic attributes, increasing prediction reliability with
limited direct control. In the work of Y. Chen et al. (2021)
applied machine learning with physical constraints and
multiple seismic attributes for deep reservoir character-
isation, which is methodologically important because it
demonstrates the need to combine predictive flexibility of
algorithms with geological plausibility of results. This as-
pect is especially important in the case of clastic reservoirs,
as the purely algorithmic recognition of patterns within
seismic data without geological controls may lead to un-
stable reservoir predictions.

Additional evidence of the effectiveness of machine
learning approaches to reservoir description is provided in
the article by S. Narayan et al. (2024). In this article, the

authors discuss the integration of supervised machine
learning techniques with seismic impedance inversion
methods. The importance of this method is that it allows
for the inverted seismic data and attributes to be consid-
ered as potential predictors of reservoir characteristics, in
addition to the traditional methods of reservoir modelling.
Additionally, S.A. El-Dabaa et al. (2024) applied unsuper-
vised machine learning techniques to reservoir data with
the goal of determining the importance of the different
dimensions of seismic data in the prediction of reservoir
quality. Author M. Ali et al. (2024) described the use of syn-
thetic data and machine learning to model reservoir char-
acteristics from seismic data alone, indicating that machine
learning methods have good generalisation abilities. Fur-
thermore, Z.A. Riyadi et al. (2024) utilised machine learn-
ing to model the prediction of reservoir permeability from
elastic properties, which are factors in the determination of
the reservoir quality. From the point of view of Water En-
gineering, reservoir quality is a factor in the determination
of the reservoir’s ability to accumulate and move fluids.

These methods can be particularly valuable in are-
as like Albania and the Balkan region in particular, where
structural geology makes it difficult to determine reservoir
quality. In these cases, machine learning methods can help
to improve the robustness of reservoir forecasting tech-
niques by considering various seismic data descriptors of
the reservoir. Furthermore, the use of such methods should
be based upon the geological context of the reservoir,
which can include factors like sedimentation conditions,
the blockiness of the structure, or the way in which the pre-
dicted properties may impact the movement of fluids with-
in the reservoir media. Therefore, the research is aimed at
forming a unified analytical approach to the analysis of
seismic attributes, enhanced by machine learning, for pre-
dicting reservoir quality in clastic oil deposits, taking into
account the specifics of the Balkan region and Albania. The
work combines seismic characterisation of the reservoir, oil
and gas geology and interpretation of the filtration proper-
ties of the porous medium.

The aim of this study was to determine the potential
of the use of machine learning enhanced seismic attribute
analysis for the prediction of reservoir quality in clastic oil
fields, specifically within the Balkan region and the country
of Albania. The specific objectives of this study included
the survey of the geological and geodynamic factors related
to the prediction of reservoir quality in the Balkans region;
the evaluation of the various machine learning methods
that can be used to predict reservoir quality parameters;
and the development and testing of a methodology that
employs seismic attributes and machine learning methods
to predict reservoir quality and fluid-flow potential in clas-
tic reservoirs.

Materials and Methods

The study was conducted using the Project Penobscot data-
set to predict reservoir quality in clastic oil fields based on
seismic attributes and machine learning algorithms, with
interpretive relevance for Albanian and other Balkan-type
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reservoir systems. The empirical basis of the study was the
open-access Project Penobscot dataset, which was selected
as a publicly available geophysical test site suitable for val-
idating an integrated workflow for seismic attribute-based
reservoir quality prediction. Open-access regional subsur-
face datasets directly comparable to Project Penobscot are
currently limited for Albania and the wider Balkan petrole-
um domain; therefore, the Penobscot dataset was used as
an empirical benchmark for workflow validation, while the
geological applicability of the approach was interpreted
with reference to clastic reservoir systems relevant to the
Balkan region and Albania.

The dataset used for this study was obtained from the
publicly available Project Penobscot project offshore Nova
Scotia, Canada. The material base primarily included a
3D post-stack seismic volume S(x, y, t), interpreted strati-
graphic horizons H, stratigraphic markers, and well-log
data L(z), which formed the core basis for seismic attribute
extraction and target calibration. Additional dataset com-
ponents, including 2D seismic profiles and prestack infor-
mation, were considered only as auxiliary support during
interval familiarisation and verification and were not used
as an independent basis for the reported predictive results.
The 3D seismic cube S(x, y, t) served as the main source for
seismic attribute extraction, whereas the well-log data L(z)
served as the reference source for reservoir-related target
parameters. The interpreted horizons H, and stratigraphic
markers were used to constrain the analysis to geologically
consistent intervals and to maintain a stable relationship
between seismic reflections and reservoir units.

A working multi-attribute set was constructed from
the seismic volume to represent seismic descriptors spe-
cifically relevant to the geological setting of Albanian and
other Balkan-type clastic reservoirs, where tectonic defor-
mation, stratigraphic variability, internal heterogeneity,
and discontinuous sand-body architecture affect reflection
continuity, amplitude response, frequency behaviour, and
impedance contrasts that are indirectly related to porosi-
ty, permeability, and facies organisation. This set included
amplitude-related attributes A,,,, represented by instan-
taneous amplitude A, and RMS amplitude A,,; frequen-
cy-sensitive attributes A,,, represented by instantaneous
frequency f;,, and sweetness SW; geometric and continu-
ity-related attributes A,,,,, including coherence C and var-
iance Var; and inversion-derived parameters A,,, particu-
larly acoustic impedance Al The analytical dataset was
represented by the predictor matrix (1):

X=[A, Ay A @
The vector of continuous target variables (2):
Y.=[¢, k, SI). )

The categorical target variable used for facies classifi-
cation (3):

Y=F, &)

where ¢ — porosity; k - permeability; SI — the sandiness in-
dex; F — the facies class. Porosity is an estimation based

on well log data and is used as the main indicator of the
reservoir’s storage capacity. Permeability is obtained from
the reference petrophysical dataset and represents the
permeability of the selected well intervals. The sandiness
index is calculated from the sandy nature of the intervals.
The facies class is also determined from the well log data
and divides the intervals into different facies according to
their lithology. Thus, these parameters represent both the
continuous regression targets (¢, k, SI) and the categorical
classification target (F). These target variables were select-
ed because, taken together, they provide an operational
representation of reservoir quality in clastic systems and
allow subsequent engineering interpretation in terms of
storage capacity, filtration potential, internal heterogenei-
ty, and probable fluid-flow behaviour.

The analytical sample was non-random and condi-
tion-based. It was formed only from intervals for which
consistency between S(x, y, t), H, and L(z) could be ensured.
The inclusion criteria required acceptable seismic signal
quality, stable time-depth alignment, interpretable strati-
graphic correlation, and sufficiently complete well-log
coverage. Intervals affected by major noise contamination,
incomplete logging curves, unstable stratigraphic attribu-
tion, or ambiguous seismic-to-well ties were excluded. Fol-
lowing data cleaning, interval alignment, and preparation
of the predictor and target variables for inclusion into the
analysis, the dataset comprised 324 interval-level observa-
tions from 2 wells (L-30 and B-41) from the Project Penob-
scot dataset. Each observation in the dataset represented
one individual interval within the wells. This predictor-tar-
get matrix served as the basis for subsequent model train-
ing and validation.

Data pre-processing, seismic attribute extraction,
model development, validation, and result analysis were
carried out using OpendTect, Petrel, Python 3.11, Orig-
inPro 2024, and Microsoft Excel 365. The methodological
workflow consisted of five successive stages: data prepara-
tion, attribute processing, feature selection, model training
and validation, and integrated interpretation of predicted
reservoir-quality indicators. At the first stage, seismic and
well data were checked for consistency within a common
interpretation framework. Seismic reflections were tied to
the available well-log intervals using interpreted horizons
and stratigraphic markers in order to ensure that predictor
variables and target parameters referred to the same geo-
logical intervals. Only those intervals for which the time-
depth relationship was sufficiently stable were retained for
analysis. At the second stage, all continuous input variables
were normalised using z-score transformation (4):

Xi—

7; = =5, (4)
where X, - original feature value; u - the mean; o — standard
deviation. To reduce multicollinearity within the predictor
space, pairwise Pearson correlation screening was applied;
variables with |r|>0.85 were considered redundant. High-
ly correlated predictors were removed, after which recur-
sive feature elimination was applied to retain a compact

Prospecting and Development of Oil and Gas Fields, 2026, Vol. 26, No. 1




Maho & Gjinali

subset of informative variables for model training. At the
third stage, the dataset was divided into training and test-
ing subsets with an 80:20 ratio. The split was performed
randomly at the interval level for the regression tasks and
with stratification for the facies classification task in order
to preserve class proportions. For regression tasks, Ran-
dom Forest, XGBoost, and Gaussian Process Regression
were used to predict continuous reservoir parameters. For
facies classification, Support Vector Machine was applied.
Model robustness and generalisation capability were as-
sessed using 5-fold cross-validation. At the fourth stage,
the predictive performance of regression models was eval-
uated using the coefficient of determination (5), root mean
square error (RMSE) (6) and mean absolute error (MAE) (7):

S i—9)?

R? = 1 -t —— 5
2o im9)? ©)
1 ~
RMSE = /; S (i —90% (6)
1 ~
MAE = -¥'_ 1 1yi =9, (7)

where y, — reference value; y, - predicted value; y — mean of
reference values; n — the number of observations. For clas-
sification tasks, model quality was assessed using accuracy
(8), precision (9), recall (10), and F1-score (11):

TP+TN

Accuracy = ——;
y TP+TN+FP+FN’ ®
.. TP
Precision = ; )
TP+FP
TP
Recall = ——; (10)
TP+FN
Precision-Recall
Fl =2 ——mm (11)
Precision+Recall

where TP, TN, FP, and FN denote true positive, true nega-
tive, false positive, and false negative predictions, respec-
tively. In addition to mean, standard deviation, minimum,
and maximum values, the coefficient of variation was cal-
culated to compare the relative variability of the predicted
reservoir parameters. The relative discriminative role of
the continuous reservoir-quality parameters was interpret-
ed on the basis of their normalised spread and coefficient
of variation, with higher values indicating a stronger con-
tribution to the differentiation of reservoir-quality groups.
At the final stage, the trained models were applied to the
attribute space to generate continuous and categorical
prediction outputs. For integrated reservoir-quality inter-
pretation, the predicted indicators were first transformed
to a common normalised scale from 0 to 100. For the con-
tinuous variables, min-max normalisation was applied as
follows (12):

Vinorm —

Vi—Vmin , (12)

Vmax=Vmin

100 -

where V, — predicted value of the corresponding parame-
ter; V.., V... — the minimum and maximum values of that

parameter within the analysed dataset. Facies class was in-
corporated as an ordinal categorical component reflecting

the relative geological favourability of facies types for res-
ervoir development. The integrated reservoir-quality index
was then calculated as (13):

RQI=w, g™ +w, krom+wg, ST +w, From, (13)
where w,, w,, wy, and w, — weights assigned to the nor-
malised components. In the absence of field-specific
prior weighting constraints, equal weights were used
(w,=w,=wg=w,=0.25). The resulting index was used to
differentiate the analysed intervals into high-, moderate-,
and low-quality groups. For integrated reservoir-qual-
ity interpretation, the predicted indicators were trans-
formed to a common comparative scale and combined into
a composite ranking scheme. Porosity, permeability, and
sandiness index contributed to the integrated assessment
as continuous variables, whereas facies class was incor-
porated as a categorical factor providing geological con-
text for zone differentiation. On this basis, the analysed
reservoir intervals were classified into high-, moderate-,
and low-quality groups. The results presented in the pa-
per were summarised through comparative model-per-
formance metrics, descriptive statistics of the predicted
parameters, and integrated reservoir-quality ranking. The
interpretation focused on reservoir heterogeneity, storage
capacity, permeability distribution, internal compartmen-
talisation, and probable fluid-flow behaviour within clas-
tic reservoir systems.

Results

Seismic attribute space as a predictor basis

for reservoir quality analysis

The resulting predictor space X, as defined in Equation (1),
indicates that the reservoir quality prediction in the clas-
tic oil fields can be made possible by a set of seismic at-
tributes with different functions. The seismic volume that
was processed along with the seismic data provided a set of
attributes that collectively reflected the seismic responses
associated with the lithology of the subsurface formation.
This shows that the predictor space was appropriately de-
fined to include the attributes that would best represent
the main features of the reservoir in terms of its impact
upon reservoir quality. Furthermore, the obtained attrib-
utes indicated that the individual groups of selected at-
tributes provided slightly different information from one
another. The amplitude attributes were used to recognise
the contrasts within the subsurface from the strength of
the seismic reflections. The frequency attributes were used
to recognise the contrasts within the subsurface that were
associated with the layering of the subsurface formations.
The geometric attributes were used to recognise the con-
trasts within the subsurface that were associated with the
discontinuities of the subsurface formations. Finally, the
inversion attributes were used to recognise the contrasts
within the subsurface that were associated with the lithol-
ogy and porosity of the subsurface. The composition of the
predictor space and the function of each of the attributes
within that space are presented in Table 1.

Prospecting and Development of Oil and Gas Fields, 2026, Vol. 26, No. 1

(3)



Machine learning-enhanced seismic attribute analysis...

Table 1. Composition and functional role of seismic attributes used in the study

Attribute group Attribute Notation Analytical function in reservoir quality prediction
Amplitude Instantaneous amplitude A, Reflects local reflection strength and contrasts in acoustic properties
RMS amplitude Ags Characterises the total reflection energy within the analysis window
Frequency Instantaneous frequency finst Reflects variations in layer thickness and vertical heterogeneity
Sweetness SwW Represents the combined amplitude and frequency structure of the signal
Geometric Coherence C Detects discontinuities, body boundaries, and loss of continuity
Variance Var Enhances local heterogeneity and internal segmentation
Inversion Acoustic impedance Al Reflects elastic contrasts associated with lithology and porosity

Note: the predictor space presented in Table 1 corresponds to the final attribute subset retained after pairwise correlation

screening and recursive feature elimination

Source: compiled by the authors based on the Project Penobscot dataset, seismic attribute extraction and interpretation

performed in OpendTect and Petrel

As shown in Table 1, the constructed predictor space
combined four complementary groups of features, none
of which duplicated another in functional meaning. The
amplitude attributes provided a basic characterisation of
reflection strength and proved to be the most informa-
tive for identifying acoustic contrasts between intervals.
This indicated their particular suitability for delineating
zones of lithological change and intervals with differ-
ing reservoir quality. The frequency attributes, in turn,
reflected the finer internal organisation of sedimentary
bodies and proved important for characterising vertical
heterogeneity, layering, and textural features of clastic
sequences (Shevko et al., 2021).

A different analytical role was demonstrated by the
geometric attributes. Unlike the amplitude and frequency
attributes, they proved to be the most suitable for identify-
ing lateral boundaries, continuity disruptions, and internal
segmentation of reservoir bodies. This is particularly im-
portant for the task of reservoir quality prediction, since
the quality of a clastic reservoir is determined not only by
its average petrophysical properties but also by the de-
gree of spatial connectivity and heterogeneity (Cristea et
al., 2023). The inversion-derived attribute, represented
by acoustic impedance, showed the clearest relationship
with physically interpretable rock properties and therefore
became a key link between seismic response and the pre-
diction of continuous parameters, primarily porosity and
permeability. The generalisation of the predictor-space
structure showed that amplitude and inversion-derived
attributes formed the main basis for estimating ¢ and
k, whereas frequency and geometric features increased

sensitivity to and , that is, to the internal organisation of
the reservoir and facies variability. Therefore, the con-
structed space X proved sufficient for subsequent machine
learning-based reservoir quality prediction, as it captured
both direct and indirect seismic manifestations of litholo-
gy, heterogeneity, and reservoir architecture. This created
a substantive basis for the next stage, namely, comparing
the performance of machine learning models in predicting
reservoir quality parameters. The resulting predictor struc-
ture is relevant to clastic reservoir systems of the Balkan
type, where lithological variability, structural fragmenta-
tion, and internal heterogeneity require a multi-attribute
basis for reservoir quality prediction.

Reservoir quality targets and analytical
representation of the response variables

The analytical representation of the system response
through the continuous target variables in Equation (2)
and the categorical facies variable in Equation (3) indicates
that reservoir quality in a clastic reservoir cannot be rep-
resented by a single parameter. The resulting structure of
the target variables revealed the multi-component nature
of reservoir quality, in which quantitative petrophysical
properties are combined with lithological and facies-re-
lated characteristics. As a result, the system response ac-
quired an integrated form, making it possible to consider
reservoir quality not in isolation but as a combination of
storage capacity, flow potential, the degree of development
of sandy bodies, and the internal spatial differentiation of
the reservoir. The composition of the target vector and the
functional role of its components are presented in Table 2.

Table 2. Target reservoir-quality parameters used in the study

Parameter Notation Parameter description Engineering role in reservoir characterisation
. . . Characterises the storage capacity
Porosity ¢ Fraction of pore space in the rock of the reservoir for fluid accumulation
Permeability k Ability of the rock to transmit fluids Determines flow poteqtlal and the possible intensity
of fluid movement
Sandiness index ST Relative prgpqrtlon Qf sandy material Reflects the degree of develqpment of potentlally
within the interval reservoir-prone bodies in clastics
. Assignment of the interval Allows accounting for spatial and lithological
Facies class F . . . .
to a specific facies type heterogeneity of the reservoir

Source: compiled by the authors based on the Project Penobscot dataset, analytical structuring of target variables

performed in Python 3.11
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As shown in Table 2, the quantitative core of the re-
sulting representation was formed by porosity ¢ and per-
meability k. These parameters most directly reflected res-
ervoir quality in terms of fluid storage and flow capacity.
Their joint presence in the response vector demonstrated
that reservoir characterisation requires the simultaneous
consideration of both storage and filtration components.
In the absence of either parameter, the assessment of res-
ervoir quality would be incomplete, since high porosity
does not necessarily imply high permeability, just as sat-
isfactory permeability is not always accompanied by suffi-
cient pore volume. At the same time, the sandiness index
SI served as the parameter that linked the petrophysical
response to the lithological structure of the reservoir. Its
inclusion in the vector Y showed that variations in res-
ervoir quality have not only a physical but also a clearly
expressed sedimentological dimension. Unlike ¢ and k,
which describe the properties of the rock as a medium for
fluid storage and flow, SI reflected the degree of develop-
ment of sandy bodies as the most prospective reservoir
intervals. As a result, this parameter provided the con-
nection between quantitative quality indicators and the
lithological expression of the reservoir environment. The
facies variable F complemented this system by introduc-
ing a spatial and structural level of interpretation. Its pres-
ence in the response vector demonstrated that reservoir
quality in clastic deposits is determined not only by the
magnitude of individual properties but also by the facies
organisation of the environment in which these properties
are realised. In this sense, F did not duplicate other com-
ponents of the vector but defined the context of their spa-
tial manifestation. The facies component thus enabled the
transition from a purely parametric assessment to a struc-

tured representation of the reservoir as a heterogeneous
system with internal differentiation. The generalisation of
the resulting representation of the target vector showed
that ¢, k, ST and F form a sufficient and complementary set
of indicators for reservoir quality characterisation. Poros-
ity and permeability described its storage-flow core, the
sandiness index refined the lithological prospectivity of
intervals, and the facies class revealed the internal spatial
heterogeneity of the system. Therefore, the continuous
target vector Y, represented in Equation (2) was utilised
to define the continuous target variable that would be
used to compare the different machine learning models
for estimating the continuous reservoir parameters. This
multi-component representation of the response space is
particularly important for Balkan clastic reservoirs, where
reservoir quality is controlled simultaneously by storage
capacity, flow potential, sand-body development, and faci-
es-related heterogeneity.

Model performance for prediction

of continuous reservoir parameters

The comparison of regression results showed that the pre-
dictive accuracy of continuous reservoir-quality parame-
ters was uneven both across models and across target var-
iables. The evaluation metrics defined by equations (4)-(7)
made it possible to compare the performance of the mod-
els for porosity, permeability, and sandiness index within
a single analytical framework. The obtained values of R?,
RMSE and MAE indicated that the response of the models
depended on the physical nature of the predicted parame-
ter, with higher stability observed for porosity and sandi-
ness index and lower stability for permeability. The com-
parative regression results are presented in Table 3.

Table 3. Regression performance of machine learning models for predicting porosity, permeability, and sandiness index

Model ¢ R? ¢ RMSE ¢ MAE k: R? k: RMSE  k: MAE SI: R* SI: RMSE SI: MAE
Random Forest 0.84 0.028 0.021 0.71 18.6 13.9 0.81 0.061 0.046
XGBoost 0.88 0.024 0.018 0.76 16.9 12.4 0.85 0.054 0.039
Gaussian Process Regression 0.82 0.031 0.023 0.68 20.3 14.8 0.79 0.066 0.049

Note: the metrics are reported for the test set that was divided during the 80:20 split of the training set. Five-fold cross
validation was used during the training of the models to ensure generalisation of the models

Source: compiled by the authors based on the Project Penobscot dataset, data preprocessing, model training, and metric
calculation performed in Python 3.11, seismic interpretation support in OpendTect and Petrel

As presented in Table 3, XGBoost model achieved the
highest overall predictive performance for each of the
reservoir properties, based on the best values of each of
the three regression metrics. For the prediction of poros-
ity (¢), XGBoost achieved the highest value of the coef-
ficient of determination (R?=0.88), as well as the lowest
values of the error metrics (RMSE =0.024; MAE =0.018).
Random Forest also achieved relatively high values of
each of the three regression metrics for the prediction of
porosity, but with higher error values than XGBoost. Last-
ly, Gaussian Process Regression achieved an acceptable
level of accuracy for the prediction of porosity, but with
a lower R? value and higher error metrics than both the
XGBoost and Random Forest models. The same ranking of

the three models for the best performance relative to the
prediction of permeability (k) was also achieved by each
of the models, but with lower accuracy relative to the pre-
diction of porosity. For permeability prediction, XGBoost
achieved the best overall performance, with the highest
R?value (0.76) and the lowest error metrics (RMSE=16.9;
MAE = 12.4). Random Forest models had slightly lower
values for each of these metrics for the prediction of per-
meability, while Gaussian Process Regression achieved
the lowest accuracy for permeability prediction. The rel-
atively low accuracy of permeability prediction compared
to porosity is likely due to the fact that permeability is a
more difficult parameter to predict directly from seismic
attributes than porosity.
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For the sandiness index (SI), all three models achieved
relatively high and strong values of each of the three re-
gression metrics, but with XGBoost achieving the highest
values. Overall, however, the accuracy of prediction for the
sandiness index was higher for Random Forest and Gaussi-
an Process Regression than for permeability. The sandiness
index was more easily predicted than permeability, likely
due to the fact that the sandiness index has a more sta-
ble relation to the attribute space than does permeability.
Thus, each of the three models exhibited different levels
of accuracy in the prediction of the three reservoir param-
eters. Porosity was the most easily predicted parameter
with the models, followed by the sandiness index, and then
permeability. The accuracy of each model in the prediction
of each of these parameters indicates that the seismic at-
tribute space is better able to represent storage (porosity
and sandiness) than it is to represent flow (permeability).
These differences in performance will inform the following
stage of this analysis. The obtained ranking of regression

performance is especially relevant for Balkan petroleum set-
tings, where permeability prediction is expected to remain
more uncertain than porosity and sandiness due to struc-
tural complexity and heterogeneous reservoir architecture.

Classification performance for facies prediction

The classification results showed that the facial variable F
was reproduced by the model with an acceptable level of
accuracy sufficient for further use in spatial interpretation
of the reservoir. Evaluation by the metrics presented in for-
mulas (8)-(11) made it possible to establish not only the
general level of correctness of the classification, but also
the degree of balance of the model between the accuracy of
class recognition and the completeness of their selection.
The obtained results proved that the facies organisation
of the reservoir environment is reflected in the attribute
space quite stably, although the accuracy of recognition of
individual classes remained different. Comparative values
of classification metrics are shown in Figure 1.

Metric

0.85
0.84 W Accuracy
: 03
E 081 M Precision
0.8 R
0.79 ecall
0.78
0.77 m Fl-score
0.76

Figure 1. Classification performance metrics for facies prediction
Source: compiled by the authors based on the Project Penobscot dataset, classification performance assessed according

to Equations (8)-(11), data processing in Python 3.11

As presented in Figure 1, the classification model
achieved an overall accuracy of 0.84 with a precision of 0.82,
a recall of 0.79 and an F1-score of 0.8. These results indi-
cate that the model was able to generally stably classify the
facies within the reservoir. Furthermore, the relatively bal-
anced precision and F1-score score with the slightly lower
recall indicates that the model was generally consistent in
its predictions of the facies. Thus, while the model is ade-
quate for predicting the facies within the reservoir, a more
detailed analysis is required to determine specifically how
the model performed in relation to each individual facies.
Overall, the results of classification model indicate that the
predictor space is informative enough to be utilised in the
prediction of reservoir facies. The accuracy, precision, re-
call, and F1-score for the model indicate that the model is
able to generally return the same structure of the reservoir
facies as exist in the analysed reservoir intervals. Moreover,
these results allow for the use of the model to predict the
reservoir facies as an additional model to those that con-
tinuously predict parameters like porosity, permeability,
and sandiness index; the determination of reservoir quali-
ty is not based upon the individual measurements of each
of these parameters, but in relation to the structure of the
reservoir facies itself. Furthermore, while these results are
generally positive and indicate the ability of the model to
appropriately classify the facies within the reservoir, some

degree of caution must be applied in interpreting these
results; the results are based only upon the classification
of the reservoir intervals and does not include a confusion
matrix or analyses of the classification of each individu-
al class of reservoir facies. Despite these limitations, the
incorporation of a model that predicts reservoir facies is
still important in the reservoir description and geological
representation of the reservoir. The incorporation of such a
model allows for the description and determination of the
structure of the analysed reservoir intervals. Finally, the
applicability of this specific model and technique to res-
ervoirs of the Balkan type is additionally motivated by the
fact that the structure of those reservoirs tends to exhibit
the same geological heterogeneity and structure as do the
analysed reservoir intervals.

Distribution of predicted porosity,

permeability, and sandiness index

After applying the machine learning models to the pre-
dictor space, the values of the continuous reservoir-qual-
ity parameters, as defined in Equation (2), namely, ¢,
k, and SI, were obtained. Unlike the previous subsection
that focused upon the various performance metrics of
the models, the results of the application of the models
to the predictor space will be examined in this subsec-
tion. The obtained values of each of these parameters
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indicates that the predicted reservoir is not uniformly com-
posed of the same type of sedimentary rocks and intervals;
rather, there are differences in each of the parameters that

indicate the inherent heterogeneity of the reservoir. The
statistical characteristics of each of these parameters is
summarised in Table 4.

Table 4. Statistical characteristics of predicted reservoir parameters

Parameter Mean Standard deviation Minimum Maximum Coefficient of variation

Porosity, ¢ 0.184 0.037 0.112 0.267 0.201
Permeability, k (mD) 146.8 58.4 52.3 284.6 0.398
Sandiness index, SI 0.63 0.14 0.34 0.88 0.222

Source: compiled by the authors based on the Project Penobscot dataset, classification performance assessed according

to Equations (7)-(10), data processing in Python 3.11

As shown in Table 4, porosity ¢ proved to be the most
homogeneous among the reservoir parameters that were
calculated. Porosity has a mean value of 0.184 and a stand-
ard deviation of 0.037. These values indicate that storage
properties of the reservoir were the least contrastive of the
parameters considered. Reservoirs did include intervals
with relatively less prospective storage properties than
others, and those with relatively better properties, but the
contrast between minimum and maximum values was the
least among the analysed parameters. This level of homo-
geneity was also established in the discussion of porosity
stability in the previous stage of model evaluation. The ho-
mogeneity of this parameter indicates that the reservoir’s
capacity properties were represented more uniformly
throughout the system than its flow-related properties.

Permeability k exhibited a completely different distri-
bution within the reservoir. Permeability had the highest
degree of variability of the parameters. Mean permeabil-
ity value was calculated at 146.8 mD, standard deviation
58.4 mD and the coefficient of variation (a measure of
variability relative to the mean) 0.398, the highest of all
the calculated coefficients. These values indicate that per-
meability was the most contrastive parameter within the
reservoir space. Minimum permeability of the reservoir
was 52.3 mD, and the maximum value was 284.6 mD. Such
contrast indicates that permeability is the most sensitive
parameter to internal heterogeneity within the reservoir
and that its value varies the most among different sec-
tions of the reservoir. Sandiness index SI exhibited inter-
mediate variability within the reservoir. Mean sandiness
index within the reservoir was 0.63, with values ranging
from 0.34 to 0.88. While not as high as permeability, the
range in sandiness index indicates differences between the

lithologies within the reservoir. The reservoir has seg-
ments that exhibit different degrees of sandy bodies. The
distributions of porosity, permeability, and sandiness indi-
cate that the reservoir has multi-level heterogeneity within
it. Porosity indicates the stability of the reservoir’s storage
properties, permeability the contrast in the flow proper-
ties of the reservoir, and the sandiness the distribution of
sandy bodies within the reservoir. These three parameters
indicate that the quality of the reservoir within this clastic
system is based upon the interrelation of the storage, flow,
and sand body properties. This pattern of heterogeneity is
especially important to consider within the context of clas-
tic reservoirs of the Balkan type.

Integrated interpretation of reservoir quality

and fluid-flow potential

The integrated interpretation of the predicted parameters
showed that reservoir quality within the analysed clastic
system was controlled by the combined effect of porosity,
permeability , sandiness index SI, and facies class F, rather
than by any single indicator taken in isolation. When con-
sidered together, these variables formed a differentiated
reservoir-quality pattern in which storage capacity, trans-
missibility, lithological prospectivity, and facies-controlled
heterogeneity interacted to produce zones with clearly un-
equal engineering potential. The resulting configuration
indicates that the studied reservoir space was internally
structured into intervals of high, moderate, and low qual-
ity, each associated with a distinct combination of petro-
physical and lithological characteristics. The integrated
ranking of reservoir zones, obtained from the normalised
predicted quality indicators according to Equations (12)
and (13), is shown in Figure 2.

100 86
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H High-quality zone

H Intermediate-quality zone

40
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Integrated quality index (0-100)

Figure 2. Integrated ranking of reservoir zones by predicted quality indicators
Source: compiled by the authors based on the integrated interpretation of predicted porosity, permeability, sandiness
index, and facies class derived from the Project Penobscot dataset, seismic interpretation support in OpendTect and

Petrel, data processing in Python 3.11
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As shown in Figure 2, the integrated ranking divides
the predicted reservoir space into three quality levels.
The highest quality of reservoir zones reaches the highest
integrated index of 86, the intermediate quality of res-
ervoir zones has an index of 64, while the lowest quality
of reservoir zones has the lowest integrated index of 38.
The difference between the highest and the lowest ranked
zones in terms of the integrated index is 48. The rank-
ing of the quality of reservoir zones within the clastic
reservoir system of the Balkan type shows that the pro-
spective zones have higher levels of porosity, permeabil-
ity, and sand-body development, while the lower ranked
zones have lower permeability, porosity, and sand-body
development. The integrated ranking of the quality of
reservoir zones within the clastic reservoir system of the
Balkan type is especially helpful in recognising the effect
of the four different variables on the prospectivity of the
reservoir zones. Permeability is the most discriminating
variable in determining the quality of the reservoir zones,
as indicated by the ranking results. The other variables
of porosity, sandiness, and facies have other important
contributions to the prospectivity of the zone. Porosity is
the most important parameter in determining the stor-
age capacity of the reservoir zones, while sandiness and
facies are important in recognising the development of
sandy bodies within the reservoir zones. The integration
of these four variables is important in converting the sep-
arate predicted variables of reservoir quality to a model
that can help to determine the probable behaviour of the
reservoir in relation to the movement of fluids through
the reservoir. Furthermore, the developed pattern is espe-
cially important in the evaluation of clastic reservoirs of
the Balkan type.

The quality of the reservoir zones within these for-
mations are often influenced by lithological variability,
variability in the development of sandy bodies within the
reservoir zones, and the heterogeneity of the sedimentary
facies within the reservoir (Babayeva et al., 2024). Thus, the
workflow developed for the recognition of these four vari-
ables is relevant to the evaluation of the petroleum reser-
voirs of Albania and the Balkans region in general, even if
the workflow is not applied to the specific data of Albania.
Additionally, because of the importance of each of these
four variables for the prediction of the quality of the reser-
voir zones within clastic reservoirs of the Balkan type, the
developed workflow is transferable to those same reservoir
systems, as well. Thus, the integrated ranking of the qual-
ity of reservoir zones within the clastic reservoir system of
the Balkan type indicates that the most prospective zones
for petroleum exploration and production will have high
levels of porosity (¢), permeability (k), sand-body develop-
ment (SI), and favourable facies, while the least prospective
zones will contain low levels of those same variables. Thus,
the machine learning and seismic attribute workflow de-
veloped for prediction of the quality of the reservoir zones
within clastic oil fields is analytically suitable for applica-
tion to those oil fields, including the Balkan-type oil fields,
including those within Albania.

Overall, the obtained results demonstrate that the
constructed multi-attribute seismic predictor space, com-
bined with machine learning methods, provides a con-
sistent and analytically reliable basis for reservoir quality
prediction in clastic oil systems. The results confirmed
that reservoir quality cannot be described by a single pa-
rameter, but emerges from the interaction of porosity,
permeability, sandiness index, and facies structure. The
models showed the highest predictive stability for the po-
rosity and sandiness index, while permeability proved to
be the most sensitive to heterogeneity within the reser-
voir rock. The classification of facies within the area also
helped to reveal information about the reservoir that was
not otherwise obtained from the prediction models. The
distribution of the predicted reservoir parameters helped
to reveal the different levels of heterogeneity existing
within the reservoir, as well as the differing stability of
reservoir properties like storage versus flow potential.
The differentiated zones within the reservoir have differ-
ent engineering potentials due to the reservoir character-
istics like permeability and sandy bodies. Such an analysis
helps to confirm the applicability of this workflow to these
types of reservoirs and its relevance to the Balkans-type
reservoirs specifically.

Discussion

Comparison of the obtained results with modern works
in the field of seismic interpretation made it possible to
more precisely outline their place in the current direction
of reservoir characterisation, where the combination of
multi-attribute analysis with machine learning algorithms
is gaining more and more importance. Such a comparison
revealed not only the commonality of methodological ap-
proaches, but also differences in which parameters of the
reservoir were reproduced most stably, how important the
role of facies control remained, and how the influence of
the internal heterogeneity of the environment was inter-
preted. In this context, it is advisable to consider the ob-
tained results sequentially, in the order of the involved
sources, comparing the nature of the established regulari-
ties with the conclusions of the conducted research.

An increase in the accuracy of estimation of petro-
physical properties in a lithologically variable environ-
ment was obtained in the work of ].O. Olutoki et al. (2024)
by combining geostatistical inversion with extreme gradi-
ent boosting. A similar pattern was found in the conducted
study, where XGBoost provided the best results for pre-
dicting porosity and sandiness index, which indicated the
high efficiency of this algorithm in the tasks of detecting
non-linear relationships between seismic attributes and
reservoir properties. An increase in interpretive reliabil-
ity under conditions of limited direct control was shown
in a study by N. Abd-Elfattah et al. (2025), where machine
learning algorithms were combined with the amplitude
versus offset class I workflow for hydrocarbon prospectiv-
ity assessment. The obtained results revealed a close logic,
since the multicomponent space of seismic predictors also
provided stable reproduction of reservoir characteristics
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even in the presence of a complex internal structure and
heterogeneous distribution of properties within the clastic
system. Improvement of identification of promising inter-
vals under conditions of structural and stratigraphic com-
plexity was achieved in the work of M. Reda et al. (2024) by
combining high-resolution seismic analysis and 3D mod-
elling. In the conducted research, a related effect was ob-
tained at the stage of integrated ranking of zones, when the
greatest informativeness was provided not by the isolated
interpretation of individual attributes, but by the com-
bined analysis of porosity, permeability, sandiness index
and facies structure. A more meaningful facies interpreta-
tion under the conditions of integration of mineralogical
and porosity information was demonstrated in the work of
P. Owusu et al. (2025), where machine learning was used
for seismofacies analysis. Such an approach was consist-
ent with the obtained results, as the facies classification
did not duplicate the prediction of continuous parameters,
but extended it by adding spatial context and clarifying the
internal organisation of the reservoir.

A reduction in predictor redundancy and an improve-
ment in the identification of sand bodies was established
in a study by T.F. Ren et al. (2025), where Light Gradient
Boosting Machine was combined with RFECV. The same
methodical advantage was observed in the conducted
study, since preliminary correlation screening and recur-
sive feature elimination made it possible to form a com-
pact and functionally disjoint set of attributes, on which
the sandiness index was predicted more stable than per-
meability. Increased sensitivity to fine sand bodies in com-
plex sedimentation conditions was obtained by J. Wang et
al. (2025) thanks to the combination of self-organising
map-optimisation of attribute space with seismic wave-
form inversion. The obtained results revealed a close trend,
since it was the combination of amplitude, frequency, ge-
ometric and inversion indicators that provided acceptable
sensitivity to lithological variability and internal heter-
ogeneity of clastic intervals. The need for an integrated
approach to reservoir characterisation was substantiated
by G. Murtaza et al. (2025), who combined petrophysical,
seismic and rock-physics analysis and showed the limi-
tation of relying on only one type of data. The obtained
results developed the same logic, since the quality of the
reservoir was interpreted not through a single parame-
ter, but through the interaction of porosity, permeability,
sandiness and facies belonging within a single analytical
scheme. The dependence of the reliability of seismofacies
on the consideration of the wider sedimentary context was
shown in the work of P.C. Kumar et al. (2026), where sub-
surface and outcrop data were integrated for the analysis
of complex sedimentation systems.

A similar trend was found in the conducted study,
where the interpretive value of the predicted parameters
increased when they were considered not in isolation, but
within the integral internal architecture of the clastic
system. An improvement in the prediction of lithofacies
and their spatial distribution in a deltaic reservoir was
demonstrated by S.M. Badr et al. (2026) by integrating
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machine learning with seismic attributes. This was con-
sistent with the obtained results, since it was the facies
classification that made it possible to move from a set of
individual predicted values to a spatially differentiated
model of the reservoir with different degrees of perspec-
tive. An increase in the geological relevance of the pre-
diction of reservoir properties was obtained in the work
of K. Ren et al. (2026) by optimising seismic attributes in
combination with spectral decomposition and automated
machine learning. A similar conclusion emerged from the
conducted study, where the best prognostic quality was
achieved not due to the maximum expansion of the de-
scriptor space, but due to the selection of features that
reflected different, but not duplicated aspects of litholo-
gy, heterogeneity and reservoir architecture. A significant
improvement in the prediction of sand bodies in com-
plex structural and sedimentary conditions was shown by
J. Liu et al. (2026), who combined multi-attribute seismic
analysis with machine learning under facies constraint.
The obtained results revealed the same pattern, as it
was the inclusion of the facies component together with
porosity, permeability and sandiness index that made it
possible to move from individual predictions to a holistic
model of reservoir quality with a clear separation of high,
medium and low potential zones.

Improved accuracy of porosity estimation in hetero-
geneous siliciclastic rocks was obtained by M. Hussain et
al. (2025) through the integration of conventional ap-
proaches, machine learning, and seismic inversion. A sim-
ilar tendency was observed in the conducted study, where
porosity proved to be the parameter with the highest pre-
dictive stability, while the combination of multi-attribute
analysis and machine learning algorithms produced the
best accuracy values specifically for this indicator. High
efficiency of machine learning for predicting lithological
and petrophysical parameters in hydrocarbon exploration
tasks was demonstrated by D. Arkadiusz et al. (2025) using
the Carpathian Foredeep case study. The obtained results
revealed a similar pattern, as they also indicated that ma-
chine learning was most effective when applied not to the
isolated prediction of a single variable, but to the simulta-
neous interpretation of several interrelated reservoir char-
acteristics. The integration of seismic attributes and Hjorth
parameters for seismic facies classification and total or-
ganic carbon prediction was implemented by R. Al Hasan et
al. (2025), who showed that the expansion of the descrip-
tor space increased interpretive sensitivity to the internal
heterogeneity of the medium. A comparable effect was ob-
tained in the conducted study, where a heterogeneous set
of amplitude, frequency, geometric, and inversion-derived
attributes made it possible to reproduce both continuous
reservoir parameters and facies structure within a single
analytical framework. The issue of training-data consisten-
cy and the need for its verification in the context of seismic
deep learning tasks was examined in detail by A. Pradhan
& T. Mukerji (2022). The authors showed that the quality
of the predictions of the deep learning models depended
on two factors: the validity of the training data and the
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absence of contradictions between the training data and
geological expectations. These findings correspond to the
study conducted herein, as the same analytical sample of
seismic data was formed only from data segments with
consistent time-depth relationships and signal quality, as
well as good seismic well log ties.

A new approach to seismic-attribute optimisation
based on forward modelling and machine learning was
proposed by W. Li et al. (2023), who found that targeted
feature selection improved the prediction quality of fluvial
reservoirs. A similar conclusion followed from the obtained
results, since the best predictive performance was achieved
not through mechanical expansion of the attribute space,
but through the selection of predictors representing dif-
ferent aspects of lithology, heterogeneity, and reservoir ar-
chitecture without functional duplication. Petroleum pros-
pect generation and evaluation based on machine learning
and seismic attributes were examined by M. Farfour et
al. (2025), who showed that data-driven analysis improved
the quality of prospect evaluation in offshore conditions.
The results obtained made it possible to not only rank the
determined zones according to their quality but also to cre-
ate a more comprehensive model of the reservoir based on
these parameters.

A similar approach to the identification of prospective
reservoirs and the risking of their exploration was pre-
sented by M. Farfour & D. Foster (2022). The authors used
machine learning algorithms to predict a series of seismic
attributes that made it possible to better explore the area
of interest. The same principle can be seen in the devel-
opment of a model that predicted lithology that provided
more information than each of the individual seismic at-
tributes alone. The use of machine learning to predict li-
thology based on well log data was performed by W. Jia et
al. (2026). In their study, the authors found that the use
of machine learning made it possible to stably reconstruct
the lithological features of the explored area based on the
inversion of the seismic data used to train the model. As
such, it is not surprising that the inverted component of
the model for reservoir quality was also essential to deter-
mine the lithology of the reservoir, mainly its porosity.

The capabilities of unsupervised machine learn-
ing combined with multi-attribute analysis for identify-
ing low-saturation gas reservoirs were demonstrated by
J. Chenin & H. Bedle (2022), who proved that even with-
out rigidly predefined training labels, a multidimensional
attribute space could reveal geologically meaningful pat-
terns. A comparable observation was obtained in the con-
ducted study, since facies differentiation and spatial zoning
of reservoir quality also confirmed that the multi-attribute
space contained sufficient information to reproduce the in-
ternal organisation of the clastic system.

The generalisation of the comparison with these
sources showed that the obtained results extended the
contemporary direction of integrated seismic interpreta-
tion oriented toward the combination of inversion, attrib-
ute optimisation, training-data quality control, and ma-
chine learning algorithms. At the same time, the conducted

study specified that, for clastic systems, the most stable
predictions were obtained for parameters more closely
related to storage properties and lithological structure,
whereas permeability remained the most sensitive to in-
ternal heterogeneity, segmentation, and the complexity of
reservoir architecture.

Conclusions

The study showed that machine learning methods provide
a viable and analytically sound basis for reservoir quali-
ty prediction in clastic oil fields. Reservoir quality could
not be reliably characterised by any single seismic attrib-
ute, since it was controlled by the combined influence of
storage capacity, flow potential, sand-body development,
and facies characteristics. At the same time, the multi-at-
tribute predictor space proved adequate for representing
the main parameters of reservoir quality. The efficacy of
various models was determined to be dependent upon the
physical nature of the parameter that was to be predict-
ed. The stability of the reservoir parameters was highest
for the prediction of porosity, with the XGBoost algorithm
achieving the highest R? value of 0.88, the lowest RMSE
of 024, and the lowest MAE of 0.018. The sandiness index
followed closely behind with an R? of 0.85, an RMSE of
0.054, and an MAE of 0.039. The permeability of the reser-
voir was the hardest to predict, with the best performing
model achieving only an R? of 0.76, an RMSE of 16.9, and
an MAE of 12.4. Finally, the classification of the reservoir
facies exhibited a relatively steady quality in its predic-
tions, with accuracies of 0.84, precision of 0.82, recall of
0.79, and an F1 score of 0.80.

Thus, the proposed methodology was applicable both
to continuous prediction of reservoir properties and to
facies classification. The predicted parameter distribu-
tion confirmed reservoir heterogeneity: porosity was the
most stable parameter, whereas permeability showed the
highest variability. The integrated assessment identified
high-, moderate-, and low-quality intervals with indices of
86, 64, and 38, respectively. The most promising intervals
were associated with higher porosity, higher permeabili-
ty, stronger sand-body development, and more favourable
facies characteristics. Future research in this area would
be directed towards testing the accuracy of this methodol-
ogy upon a dataset of reservoirs within Albania, collecting
additional attributes related to seismic reflection and in-
version analyses, increasing the accuracy in the prediction
of permeability within those reservoirs, and performing
uncertainty analyses regarding the quality predictions of
those reservoirs.
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AHanis ceMcMiYHUX aTPUBYTIB 3 BUKOPUCTAaHHSAM MeTOopA,iB
MALLUMHHOIo HaBYaHHSA A1 MPOrHO3yBaHHSA IKOCTiI KONTIEKTOpPIB
Ha poAoBULLLAX OCAaA0BUX NMopipg,
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AHoTauig. MeTtoo goCTimkeHHs 6yl0 OLiHMTM eheKTUBHICTb aHaisy CeiicMiYHMX aTPUOYTIB 3 BUKOPUCTAHHSIM
MeTOAiB MalIMHHOTO HaBUAHHS [JIs1 TIPOTHO3YBAHHSI SIKOCTi KOJMEKTOPIB Ha KIACTUYHUX Ta GanKaHChbKMUX HAPTOBUX
popoBuiax. Baminauiiine gocnigskeHHs 6y/10 TPOBeLeHO Ha OCHOBI 3arabHOOCTYITHMUX CeMICMIYHIMX JAaHUX Ta JAaHUX IIPO
KOJIEKTOPU B paMKax MpoekTy «Penobscot» njist HU3KM aTpUOYTiB y TPOCTOPi TPeSMUKTOPIB, & TAKOK JJIs1 YOTUPbOX 3MIHHUX
sikocTi KosekTopiB. XGBoost mokasaB Hajikpalili pe3yiabTaTy perpecii 11 Bcix 6e3mepepBHIX MapaMeTpiB, 3 HABUIIIO0
TOUHiCTIO A1 mopucrtocTi (R*=0,88, cepenHbokBampaTnuHa moxubka = 0,024, cepenns a6comoTHa moxnu6ka =0,018), 3a
SIKOIO CJTiyBaB iHmekc mimanocti (R*=0,85, cepenHbokBaapaTuHa moxmnbka=0,054, cepennst abcomorHa moxmoka=0,039),
TOZ1 SIK MPOHMKHICTD 3aIMIINUIIAcs HaliCKIagHIIMM JJ1s1 TporHo3yBaHHs napameTtpom (R2=0,76, cepegHbOKBaApaTU4HA
nmoxun6ka=16,9,cepenus abecomorHa moxmnoka=12,4). Knacudikarist aiiiii Takok mpogeMOHCTpyBaja cTabilbHi pe3ynbTaTu:
TouHicTb 0,84, npenusis 0,82, BinTBOptoBaHicTs 0,79 Ta F1-nokasHuk 0,8. Po3mois mporHo30BaHMX MapaMmeTpiB BUSIBUB
HEOMHOPIiIHY CHCTEMY KOJIEKTOPA, [Ie TTIOPUCTIiCThb Oyia HaiiCTabiIbHILIIMM ITapaMeTpPOM, iHIeKC MilaHOCTi JeEMOHCTPYBaB
CcepeHI0 MiHIMBICTh, @ TPOHMKHICTb — HalBUIIMIA KOHTpacT. KoMIiekcHa iHTepIpeTalisi IPOrHO30BaHMX MTOKa3HMKIB
JI03BOJIMJIA PO3AIINTH TJIACT HAa 30HU BMUCOKOI, CepeqHbOI Ta HU3bKOI SIKOCTI 3 iHgekcaMmu 86, 64 Ta 38 BinmoBigHo. OTke,
SIKICTh TIJIACTA B TepIIy Yyepry BM3HAYAEThCs (pakTopaMy, MOB’SI3aHMMM 3 MOTEHIia/IOM HAaKOMMYEeHHS Ta MPOTiKaHHS,
mimaHuMu TinamMu Ta darismu, MpoTe MeTOLM, JOTIOBHEH] TeXHOJMOTiSIMY MAIlMHHOTO HaBUYAHHS, MOXYTb e(eKTUBHO
IOTIOMOITM iH)KeHepaM-HadTOBMKAM Y CKIaJAHHI TOYHMX MPOTHO3iB IIOAO IVIACTIB y IIMX HEOZHOPIAHUX CUCTeMax.
ITpakTUyHa IiHHICTb JOCTiIKeHHSI IOMSITaE B MOKJIMBOCTI BUKOPUCTAHHSI PO3PO6IEHOTO aITOPUTMY [T epeKTMBHOTO
MIOIIYKY Ta BM3HAUYEHHS MPIOPUTETHOCTI AiMSTHOK BUIOOYTKY HadTM i rasy B pofoBuILax 3a JOMOMOTrOI0 MallMHHOTO
HaBYaHH$, 30KpeMa B Te0JIOTiYHO Ta CTPYKTYPHO CKIaJHMUX 0CaZ0BUX CUCTEMAX

Knrwo4voBi cnoBa: mopucricts; cepegHbOKBafipaTMyHa IOXMOKA; IPOHMKHICTh; IOTEHLia] IPOTIKAHHS; IHIEKC
MiIAHOCTi; 6aTKAHCHKUI TUTT

Prospecting and Development of Oil and Gas Fields, 2026, Vol. 26, No. 1 29



https://orcid.org/0009-0002-0673-4577
https://orcid.org/0009-0005-4942-3893 

