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Core Plug Porosity Prediction Using Microtomography, 
Supervised Labeling, and a Shifted Window Transformer 
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Recent advances in machine learning have enabled the automatic analysis of microtomography (µCT) 
images, facilitating more efficient rock property identification. This study aims to predict the experimentally 
measured open porosity of reservoir rocks using µCT images of standard core plugs. A dataset of 136 core 
plugs was collected, including 49 sandstone and 87 carbonate samples. Open porosity was experimentally 
determined using gas volumetry. The core plugs (30 ± 1 mm in height and diameter) were scanned using µCT 
with a resolution of 34.6–38.0 µm, producing 16-bit image stacks. The dataset consisted of 100,232 images 
(64,119 carbonate and 36,113 sandstone). To label the images, we introduced a supervised method called 
Segmentation of Unresolved Pores via Experimental Reference (SUPER), which segments dark voxels to 
match the experimentally measured open porosity, adapting to each sample’s characteristics. Three shifted 
window (Swin) transformer models were trained: a universal model and specialized models for sandstone 
and carbonate. The models used transfer learning with ImageNet weights, followed by fine-tuning. Testing 
confirmed that specialized models outperformed the universal model. This highlights that training an 
ensemble of models adapted to specific rock types leads to better performance than a single general model 
for porosity prediction. A key challenge arose with sandstones, especially fine-grained types, where small 
pores merged due to resolution limitations. Future work should improve image resolution and feed detailed 
images into the model. The method has potential for full-scale core scans and early porosity assessment in 
raw core plugs, including fragile reservoirs with oil or bitumens.
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1. Introduction
Porosity is the proportion of voids in a rock or sediment that 

can be occupied by fluids (McPhee et al., 2015). It is a basic 
parameter influencing the storage and flow characteristics of 
reservoir rocks, which is widely used in petroleum geology 
and is essential for resource assessment, reservoir modeling, 
and the optimization of production strategies (Kadyrov et 
al., 2018). Porosity data supports enhanced oil recovery 
methods (EOR), such as water flooding and gas injection, by 
providing an accurate assessment of remaining hydrocarbons 
in the reservoir during the extraction processes (Yang, 2017). 
Moreover, the interplay between porosity, permeability, 
and fluid dynamics is a key factor controlling the economic 
viability of reservoirs and, thus, their sustainable resource 
management (Dullien, 1992; Tiab, Donaldson, 2016). 
High-quality porosity analysis using data from core studies 

is essential to obtain reliable and comprehensive reserve 
estimates.

Several types of porosity are recognized, the most 
important of which are absolute porosity, open porosity, and 
effective porosity. Absolute porosity (bulk porosity) is defined 
as the ratio of the total pore volume in a rock, including isolated 
(closed) pores, to the volume of the entire rock (McPhee et 
al., 2015). Open porosity reflects the interconnected pore 
space accessible from the sample surface (including dead-end 
pores) (Naftaly et al., 2020). Effective porosity is defined as 
the percentage of interconnected pore space relative to the 
bulk volume (Yang, 2017).

Microtomography (µCT or micro-CT) is the key element 
of research for 3D-structure and physical properties of rocks 
in the domains of geology and rock physics (Carmignato 
et al., 2018; Kadyrov et al., 2022; Liu et al., 2022; Zhang 
et al., 2019). This non-destructive method permits high-
resolution three-dimensional imaging of pores, microfractures, 
and cracks allowing for fine-detailed observation and 
quantification of pore structure, which determine the flow 
behavior and mechanical properties of rocks (Andrä et al., 
2013; Blunt et al., 2013; Kadyrov et al., 2020; Van Geet et 
al., 2000; Zhang et al., 2019). Microtomography pore imaging 
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enables advanced computational simulations of fluid flow for 
improved accuracy of permeability assessments (Latief et 
al., 2017). Also, microtomographic reconstructions provide 
insights into the influence of pore structures on mechanical 
behavior, such as stress distributions and yield properties 
of the materials (Song et al., 2020). The sensitivity of pore-
scale measurements through petrophysical imaging is a direct 
reminder that the resolution is extremely important for an 
accurate assessment of porosity and permeability (Alyafei et 
al., 2015). On a scale of standard core plugs, due to deficient 
resolution, it is typically used in special core analysis (SCAL) 
as a screening instrument prior to the filtration test to study 
the cores and point out any possible defects, fractures, or 
heterogeneities that may influence flow behavior during the 
process (Gerke et al., 2021; McPhee et al., 2015). Overall, 
these attributes position microtomography as an invaluable 
technique for advancing knowledge in rock physics and 
optimizing the evaluation of hydrocarbon reservoirs.

Machine learning (ML) has increasingly been applied to 
examine CT and µCT images of rocks, allowing automatic and 
effective identification of rock properties. Such methods then 
harness the power of neural networks to extract information 
from the complex image data. Previous studies have applied 
convolutional neural networks for the classification of different 
rock types and segmentation of formations in CT and µCT 
images (Chawshin et al., 2021; dos Anjos et al., 2021; Kadyrov 
et al., 2024; Zheng et al., 2024). Deep learning algorithms are 
also used to enhance resolution and improve the quality of the 
µCT images, thus enabling a detailed reconstruction of rock 
structure and extracting more information on the properties 
of a reservoir (Jackson et al., 2021; Karimpouli et al., 2024; 
Karimpouli, Kadyrov, 2022; Shan et al., 2022; Wang et al., 
2019). Permeability modeling is another major use of machine 
learning methods, which apply geometric and mineralogical 
information from µCT scans to fluid flow simulation (Gärttner 
et al., 2023; Shaik et al., 2019; Zhang et al., 2022). Recent 
studies have also shown that segmentation accuracy directly 
affects the reliability of simulated flow properties, with minor 
segmentation errors leading to substantial deviations in 
permeability estimates (Lavrukhin et al., 2021). All of these 
improvements greatly enhance the efficiency of pore network 
analysis, the process of permeability estimation, and even 
stress distribution modeling in geological samples (Alzahrani 
et al., 2023; Qu et al., 2023; Tembely et al., 2020). Coupling 
such methods provides not just faster data processing but also 
more reliable results from µCT-based analyses, thus enabling 
more predictive and comprehensive geological modeling.

In recent times, machine learning advances have paved 
the way for dramatic success in predicting porosity from 
CT and µCT images of rock samples. Many studies have 
shown great promise in using convolutional neural networks 
(CNNs) and artificial neural networks (ANNs) for accurately 
predicting porosity by extracting complex patterns from 
images. CNN-based regression models have been successfully 
used on full-size CT core scans, surpassing traditional linear 
models in porosity estimation. The beneficial outcomes from 
this approach not only pertain to enhancement in porosity 
estimation but also in well log calibration and core sampling 
in heterogeneous reservoir intervals (Chawshin et al., 2022).

In addition to full-size core analysis, ML models have 
been trained on extensive datasets of CT and µCT images for 

quick property prediction. CNNs demonstrated accuracy and 
efficiency by accurately predicting porosity, specific surface 
area, and average pore size using 2D images of sandstone 
samples, with errors below 6.3% (Alqahtani et al., 2020). In 
a similar vein, dual-energy CT data combined with ANNs 
have produced submillimeter-resolution porosity models that 
provide insight into the precise distribution of petrophysical 
properties within rock cores, demonstrating the ability to 
extract meaningful information even from multiple images 
with varying modalities and resolutions (Ortiz et al., 2020). 
Even for clay-rich formations, ResNet architectures have 
shown good validity and minimal errors when predicting 
porosity on whole-core CT images (Wu et al., 2025).

Additional applications have focused on predicting 
porosity and other morphological properties. CNN and 
XGBoost models were trained using µCT images of various 
sandstone types to predict porosity and permeability. It was 
demonstrated that including different rock types improves 
model generalization and predictive performance (Khan, 
Khanal, 2024). Ensemble models trained on segmented 2D 
slices showed high porosity prediction accuracy, which was 
validated using experimental helium pycnometry data (Kalule 
et al., 2023). Furthermore, convolutional neural networks 
trained on synthetic porous media datasets produced low 
prediction errors for porosity, permeability, and tortuosity, 
significantly speeding up the estimation process compared 
to traditional numerical methods (Graczyk, Matyka, 2020). 
Other advanced techniques, such as self-supervised learning 
with CNN-Transformer hybrids, obtained faster and more 
reliable predictions despite the limited training data (Iklassov 
et al., 2022). In some fields, such as additive manufacturing, 
adaptations of ML-based workflows can be seen, such as 
porosity estimation by ANNs from synthetic and experimental 
CT data in 3D-printed components (Mohammed et al., 2023).

It should be noted that porosity measurements from 
laboratory methods, such as gas porosimetry or pycnometry, 
are indeed relatively simple and cost-effective, being deeply 
established in traditional petroleum studies. However, 
these experimental methods require physical sample 
preparation, including hydrocarbon extraction, which can 
be time-consuming (up to several weeks), and may lead to 
the destruction of fragile rock samples (e.g., bituminous 
sandstones). Digital rock physics traditionally calculates 
porosity based on pore-space segmentation of high-resolution 
µCT images, which is feasible only for small-sized samples. 
Standard core plugs, widely used in petroleum research, are 
typically imaged at lower resolutions insufficient for detailed 
pore segmentation, thus limiting direct porosity calculation. 
By applying advanced machine learning models to predict 
porosity directly from standard low-resolution µCT images, 
we can utilize vast datasets of existing samples, overcome 
limitations related to fragile or complex rock types, and 
potentially extend these predictive capabilities to full-size 
cores due to relatively small differences in imaging resolution. 
Developing methods to reliably predict porosity from µCT 
images in meso-scale addresses critical gaps in reservoir 
characterization and enhances the efficiency and applicability 
of digital core workflows.

The objective of this study is to predict the experimentally 
measured open porosity of reservoir rocks using µCT images 
of standard core plugs. Specifically, the research aims 
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The measured 3D porosity of the carbonate is 7.21%. The 
large difference in 2D porosity in the various slices reveals 
the complex pore structure typically found in carbonate rocks. 
This heterogeneity is a result of the different depositional 
environments and diagenetic processes that control the modes 
of formation, producing a variety of pore types, distributed 
throughout carbonate rocks.

Thus, a comprehensive dataset was created, consisting 
of a total of 100,232 images (136 core plug samples, each 
containing 737 slices per stack) with 16-bit depth, where each 
image is assigned a specific 2D porosity value. This dataset 
includes 64,119 images of carbonates and 36,113 images of 
sandstones, and provides a basis for training machine learning 
models for porosity prediction on µCT images.

2.4. Model architecture
The Swin Transformer architecture has been employed in 

this study for supervised learning (Liu et al., 2021). The Swin 
Transformer is a shift from the normal convolutional neural 
networks (CNNs) by introducing a self-attention mechanism 
for modeling the long-range dependencies in image data. In 
contrast to standard vision transformers that work on the whole 
image at once, the Swin Transformer introduces a hierarchical 
structure by splitting the input image into smaller overlapping 
patches, or windows. Local self-attention is computed within 
each window followed by a shifting mechanism realizing 
communication between the neighbor windows at the next 
layer. Therefore, this is the most efficient technique with which 
to harness local as well as global features.

One of the Swin Transformer’s strong points is its 
ability to work with high-resolution data while still being 
computationally efficient. The architecture is hierarchical, and 
just like CNNs, as the resolution goes down with depth, self-
attention picks up and models complex relationships between 
distant regions in the image. This feature is particularly suited 
for applications with large image datasets such as µCT stacks 
of core plugs, where the modeling of fine pore structures as 
well as long-range patterns is quite crucial.

In addition, the Swin Transformer has somewhat mitigated 
the restrictions placed on the classical attention method with 
non-overlapping windows by imposing continuity of the 
features across window boundaries. This design increases 
the contextual modeling capacity and thus aids in its general 
performance on the unseen data. With the stated attributes, 
the Swin Transformer has exhibited state-of-the-art results 
in many computer vision tasks, such as image classification 
(Wang et al., 2023), object detection (Gong et al., 2022), 
and semantic segmentation (Xu et al., 2021). Thus, it is a 
reasonable candidate for porosity prediction in challenging 
geological samples.

The Swin Transformer models used in this project were 
implemented in the PyTorch framework, which is flexible 
enough to deal with complex neural networks and large-scale 
datasets (Paszke et al., 2019). One of the major problems 
faced during this study was the relatively small size of the 
dataset – 100,232 images with 16-bit depth. Though this 
might look quite huge, when training deep models like the 
Swin Transformer from scratch, one generally requires 
much larger datasets, usually millions of samples, in order 
to ensure reasonable robustness in generalization. Because 
of this shortfall, it was decided that transfer learning would 

be an appealing option. It would take advantage of pre-
trained weights of large diverse datasets and would thus give 
the model a strong starting point instead of having to learn 
everything from scratch (Kadyrov et al., 2024).

For the purpose of this project, the pretrained weights from 
ImageNet 1K were incorporated since the dataset consists of 
more than a million images with 8-bit depth, distributed into 
1,000 classes, with a broad set of rich features (Jia Deng et al., 
2009). Although the depth of images varies, high-level features 
obtained by learning from ImageNet 1K are transferrable when 
processed well to assure feature extraction for prediction of 
porosity in 16-bit images from mCT. In this way, it reduced the 
impact of data scarcity while achieving better performance.

Another notable challenge was the shape of the core plug 
images. Normally, a computer vision task would require 
performance on rectangles or squares. Core plug µCT images, 
however, are circular with an unrelated black background 
surrounding the core region. Circular masking was therefore 
applied to ensure that only the core region contributed to the 
training process. The mask was uniformly applied across all 
the images and preserved the cylindrical shape of the core 
plugs, enhancing consistency in input data.

Additionally, normalization was applied to bring the pixel 
intensity values to a common scale. Given that µCT images 
have a 16-bit depth with intensity values from 0 to 65,535, 
normalization becomes imperative to compress all these values 
into the range 0–1. This step also fundamentally improved 
the robustness of the training process and the network 
under variable intensity – as affected by different scanning 
conditions or material heterogeneity. 

Finally, to introduce diversity into the training set and, 
hence, improve the generalization capacity of the model, data 
augmentation was used. Random rotations of 0°, 90°, 180°, 
and 270° were applied to simulate different orientations of 
the core plugs. Since they don’t have a preferred orientation 
in practice, the augmentation helped the model adapt to 
orientation-invariant features. 

After masking and normalization, we resized the circular 
region (originally 737 pixels in diameter) down to a 224×224 
pixels. This step assures that each input is the same size for 
the Swin Transformer. We used cv2.resize function with cv2.
INTER_AREA interpolation mode from OpenCV library 
for resizing. Conceptually, every pixel of the resized image 
represents an aggregated region of the original image. Area 
interpolation essentially calculates the pixel value of the 
resized image by taking the average of all the input pixels that 
come into the region of the output pixel. This method keeps 
more of the information than the simpler methods, reducing 
aliasing effects and keeps edges fairly decent. Unfortunately, 
downscaling filters are bound to bring spatial information 
together: minor structures seen in an original high-definition 
image would probably be shown less distinctively or might 
be lost altogether (Fig. 5). However, that is the typical 
compromise taken in most deep learning workflows to balance 
memory limitations with the receptive field requirements of 
convolution-based or transformer-based architectures.

The Swin Transformer architecture used in this study 
begins by dividing the input image into non-overlapping 
patches, each of size 4x4 pixels (Fig. 6). The Swin Transformer 
architecture used in this study first performs a linear embedding 
of these patches into feature vectors to generate the first input 
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The final validation output suggests very good performance 
by these three models in all cases of low errors and high values 
of determination coefficients (Table 1). The universal model 
trained on the combined dataset had an MSE of 0.0000, MAE 
of 0.0039, and an R² of 0.9920, showing its strong ability 
to generalize to both sandstone and carbonate samples. In 
comparison, the specialized sandstone model had a higher 
MSE at 0.0001 and higher MAE at 0.0049, with a lower value 
of R² (0.9459) than the universal model; this is indicative of 
the increased complexity that characterizes sandstone features. 
On the other hand, the carbonate model performed excellently 
with an MSE of 0.0000, an MAE of 0.0039, and the highest 
R² of 0.9935, implying that it has effectively dealt with the 
features of carbonate rocks. The metrics highlight the strength 
of transfer learning and the Swin Transformer architecture in 
predicting porosity using µCT images at this core plug scale, 
while also revealing slight differences in model performance 
that can be attributed to distinctions in rock features.

3.2. Testing results
After completing the training and validation phases, the 

performance of the developed models was evaluated using a 
distinct test dataset composed of 10 standard core plug samples 
from reservoir rocks. It contained five sandstone samples 
and five carbonate samples, which had not been seen by the 
models during the training or validation process. Scanning 
and pre-processing of core plug samples followed the pipeline 
adopted in Section 2.5 to remain consistent with the training 
dataset. Results of the testing exercise are given in Table 2.

The Swin_universal model exhibited a balanced 
performance across all samples, producing porosity predictions 
reasonably close to measured values, sometimes with some 
discrepancies. For sandstone samples, Swin_universal showed 
sufficient agreement with measured values in many cases: 
e.g., Sample 2 had a prediction of 25.19% quite close to the 
measured porosity of 22.76%. Its predictions for Samples 1 

and 5 were off significantly from the measured results, while 
for carbonate samples, the Swin_universal presented an 
appropriate and consistent prediction, especially near porosity 
values for Samples 6, 7, and 9.

For the sandstone subset, the Swin_sandstone model 
has performed acceptably with predictions having relatively 
low error values, especially for Samples 2 and 4. However, 
on the other hand, the predictions made by this model for 
carbonate samples were not as accurate, further reflecting its 
specialization to sandstone textures, and its limited capacity to 
generalize to carbonate rocks. In contrast, the Swin_carbonate 
model performed excellently and very accurately in predicting 
carbonate porosity, particularly for Samples 8, 9, and 10, while 
underestimating sandstone samples, which was expected due 
to its specialization in carbonate textures.

The performance parameters of the three Swin Transformer 
models on the test dataset are shown in Table 3. This includes 
overall results and specific evaluations for sandstone and 
carbonate samples. In addition to traditional error metrics such 
as MSE, MAE, and R², we also included the Mean Absolute 
Percentage Error (MAPE) for evaluating the relative error 
between measured and predicted porosity values:

,	 (2)

where yi represents the true porosity and  the corresponding 
prediction. This metric provides a normalized measure 
of prediction accuracy to compare performance across 
samples with different porosity scales (Kim, Kim, 2016). 
Swin_universal demonstrated the best results across the 
entire test dataset, having an MSE of 13.11, MAE of 2.56, 
R² of 0.358, and MAPE of 13.13%, showing that it was 
moderately accurate across all rock types. In contrast, both 
Swin_sandstone and Swin_carbonate yielded higher errors 
with negative R² values, which suggests limited generalization. 
When evaluating the sandstone samples separately, the Swin_
sandstone model outperformed the other models with an MSE 
of 11.06, MAE of 2.38, and the highest R² of 0.014, which 
means its specialization in predicting porosity in sandstones. 
However, its performance deteriorated significantly on 
carbonate samples, noting the challenges of cross-rock-type 
prediction. The results of Swin_carbonate were effective in 
evaluating carbonate samples, achieving the best performance 

Sample 
No 

Rock type Measured 
porosity (%) 

Swin_universal 
porosity (%) 

Swin_sandstone 
porosity (%) 

Swin_carbonate 
porosity (%) 

1 sandstone 22.12 12.81 15.16 10.59 
2 sandstone 22.76 25.19 24.22 10.22 
3 sandstone 14.72 17.17 15.31 20.4 
4 sandstone 16.2 16.13 15.03 17.24 
5 sandstone 16.21 13.51 17.94 15.82 
6 carbonate 13.74 15.63 14.95 14.67 
7 carbonate 13.67 14.89 14.99 14.73 
8 carbonate 25.57 21.2 16.94 23.22 
9 carbonate 23.76 23.94 17.95 24.83 

10 carbonate 24.02 23.69 17.13 24.59 

Table 2. Measured and predicted porosity values for the test dataset of sandstone and carbonate core plug samples using Swin transformer 
models

Table 1. Final validation metrics for all models

Model MSE MAE R² 
Swin_universal 0.0000 0.0039 0.9920 
Swin_sandstone 0.0001 0.0049 0.9459 
Swin_carbonate 0.0000 0.0039 0.9935 
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with an MSE of 1.80, MAE of 1.20, R² of 0.936, and MAPE 
of 6.12%, which is indeed an indication of its strong capability 
for accurate prediction of carbonate porosity.

To understand these performance differences in greater 
detail, porosity distributions along the stack for sandstone 
and carbonate sample types in the test dataset are represented 
in Figures 9 and 10. These figures demonstrate the models’ 
ability or inability to capture porosity variations along the core 
plug and highlight their respective strengths and limitations. 

Figure 9 shows measured and predicted porosity 
distributions for a sandstone core plug (Sample 3 from Table 2). 
There are high fluctuations in the porosity predictions across 
the 2D images from both Swin_sandstone and Swin_universal 
models, which deviate from measured values on individual 
slices. Such high variability indicates a problem in the models’ 
ability to correctly identify fine-scale features in the sandstone 
images, possibly due to the resolution limitations of the 
μCT imaging. The high-frequency oscillations in predicted 
porosity indicate that local variations in grayscale intensity 
may be misinterpreted as structural changes, leading to 
inconsistent estimates. Nonetheless, despite these fluctuations, 
the Swin_sandstone model predicts more reasonably both the 
general porosity trend and the mean level of porosity across the 
core plug, while the Swin_universal tends to deviate further 
from the measured values. This difference could imply that 
the specialized model, which is only trained on sandstone 
samples, is better suited for capturing the general porosity 
characteristics of this lithology even though it has difficulties 
with fine-scale variations.

Figure 10 presents the results for a carbonate core plug 
(Sample 6 from Table 2). Unlike the sandstone case, the Swin_
carbonate model shows strong agreement with the measured 
porosity distribution and maintains stable predictions along 
the core length. Also, the large oscillations observed in the 
sandstone predictions are absent, meaning that the model 
effectively captures the overall porosity pattern without 
excessive local fluctuations. This stability suggests that the 
Swin_carbonate model successfully identifies and generalizes 
the characteristic pore patterns of carbonate rocks, which 
are typically determined by well-defined but complex pore 
networks. The Swin_universal model also provides reasonable 
estimates, though it tends to slightly overestimate porosity in 
certain regions. However, its predictions remain relatively 
stable, which reinforces the notion that carbonate samples are 
generally easier to model than sandstones, likely due to the 
more distinct texture and high contrast in grayscale intensities 
associated with pore spaces in carbonate lithologies.

The test results give an overall picture of the strong 
and weak points of each model. Among the models, the 
Swin_universal model performs the most balanced way 
in terms of both rock types, whereas the specialty models, 
Swin_sandstone and Swin_carbonate, yielded better accuracy 
for their own classes but have limited generalization to other 
lithologies. The benefits of using specialized models for 
different rock types become evident, while the flip side is a 
loss of generalization in a single universal model.

4. Discussions
Predicting experimentally measured open porosity of 

reservoir rocks based on µCT images of standard core plugs 
is a challenging task due to the complex pore structures 
and limitations of imaging resolution. In this study, Swin 
transformer models demonstrated a promising predictive 
capability, offering a data-driven approach to estimate 
open porosity directly from tomographic images. The Swin 
transformer’s self-attention mechanism and hierarchical 
architecture enabled more effective modeling of both local 
and global features. This contributes to accurate predictions 
even with a relatively limited dataset. Unlike classical methods 
that rely on segmentation and geometric analysis, the proposed 
approach bypasses the need for pore segmentation and reduces 
potential errors associated with image artifacts and unresolved 
porosity. It should be noted, however, that this approach is 
focused on porosity estimation and does not account for flow-
related properties such as permeability, which require accurate 
pore connectivity modeling through segmentation and flow 
simulations (Lavrukhin et al., 2021; Varfolomeev et al., 2019).

The test results indicated that Swin Transformer model 
performance was rock-type dependent. The Swin_universal 
model performed rather well in both lithologies, whereas 
Swin_sandstone and Swin_carbonate models achieved better 
metrics when applied to their respective rock but performed 
poorly when tested on the other lithology. This clearly 
indicates that an ensemble of specialized models, trained 
individually, will perform better than a single universal model 
for porosity prediction. Moreover, each of these models 
could be fine-tuned, not only based on broad rock types but 
also based on lithological and structural features specific to 
a single rock type. Implementing such an approach could be 
based on automated characterization and classification of 
reservoir rocks from µCT imaging of core plugs, as described 
in (Kadyrov et al., 2024).

The study identified several key challenges and limitations 
related to the prediction of porosity using Swin transformer 

Model MSE MAE R² MAPE (%) 
Swin_universal (all test dataset) 13.11 2.56 0.358 13.13 
Swin_sandstone (all test dataset) 21.42 3.58 -0.049 16.51 
Swin_carbonate (all test dataset) 33.27 3.72 -0.629 18.52 
Swin_universal (sandstone) 21.17 3.39 -0.889 17.30 
Swin_sandstone (sandstone) 11.06 2.38 0.014 11.95 
Swin_carbonate (sandstone) 64.74 6.24 -4.776 30.93 
Swin_universal (carbonate) 5.05 1.74 0.820 8.95 
Swin_sandstone (carbonate) 31.78 4.77 -0.131 21.07 
Swin_carbonate (carbonate) 1.80 1.20 0.936 6.12 

Table 3. Performance metrics of Swin transformer models on the test dataset for porosity prediction
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Прогнозирование пористости стандартных образцов керна на 
основе микротомографии, разметки с учителем и трансформера со 
сдвигаемыми окнами

Р.И. Кадыров*, Е.О. Стаценко, Т.Х. Нгуен, М.А. Скоробогатова
Институт геологии и нефтегазовых технологий, Казанский федеральный университет, Казань, Россия
*Ответственный автор: Раиль Илгизарович Кадыров, e-mail: rail7777@gmail.com 

Недавние достижения в области машинного обуче-
ния позволили автоматически анализировать изображе-
ния микротомографии (микро-КТ), способствуя более 
эффективной идентификации свойств горных пород. 
Целью данного исследования является прогнозирование 
экспериментально измеренной открытой пористости 
пород-коллекторов с использованием изображений 
микро-КТ стандартных образцов керна. Был собран на-
бор данных из 136 образцов керна, включая 49 образцов 
песчаника и 87 образцов карбоната. Открытая пористость 
была экспериментально определена с использованием 
газового волюметра. Образцы керна (30 ± 1 мм в высо-
ту и диаметр) были отсканированы с помощью микро-
КТ с разрешением 34,6–38,0 мкм, что дало 16-битные 
стеки изображений. Набор данных состоял из 100 232 
изображений (64 119 карбоната и 36 113 песчаника). 
Для маркировки изображений мы ввели контролируе-
мый метод под названием «Сегментация неразрешенных 
пор с помощью экспериментального эталона» (SUPER), 
который сегментирует темные воксели для соответствия 
экспериментально измеренной открытой пористости, 
адаптируясь к характеристикам каждого образца. Были 
обучены три модели трансформера со сдвигаемыми 
окнами (Swin): универсальная модель и специализи-
рованные модели для песчаника и карбоната. Модели 
использовали трансферное обучение с весами ImageNet, 
за которым последовала тонкая настройка. Тестирование 
подтвердило, что специализированные модели превзошли 
универсальную модель. Это подчеркивает, что обучение 
ансамбля моделей, адаптированных к определенным 
типам пород, приводит к лучшей производительности, 
чем одна общая модель для прогнозирования пористости. 
Основная проблема возникла с песчаниками, особенно 
мелкозернистыми типами, где мелкие поры сливались из-
за ограничений разрешения. Последующая работа должна 
быть направлена на улучшение разрешения изображений 
и непосредственное введение детализированных изо-
бражений в модель. Метод имеет потенциал применения 
для полноразмерного керна и ранней оценки пористости 
в неэкстрагированных стандартных образцах, включая 
хрупкие коллекторы с нефтью или битумами. 

Ключевые слова: микро-КТ (микротомография), 
открытая пористость, коллектор, стандартный образец 
керна, машинное обучение, трансферное обучение, Swin 
(трансформер со сдвигаемыми окнами), прогнозирование 
пористости
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