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Abstract

Permeability is a fundamental petrophysical property that governs fluid flow and directly impacts
production rates, reservoir management, and economic decisions in the oil and gas industry. Traditional
measurement methods, such as core analysis and laboratory testing, are time-consuming, costly, and
require specialized expertise. In response to these challenges, this study investigates the use of deep
learning for permeability classification based on petrographic thin-section images from Brazilian pre-
salt reservoirs. A custom classification scheme was developed in collaboration with a domain specialist
to ensure practical relevance. Convolutional neural networks and Transformer-based architectures
were evaluated, and despite the limited dataset size, the models demonstrated promising classification
performance. The results indicate that image-based approaches can support permeability analysis,
offering a potential complementary tool to traditional workflows. This study highlights the feasibility
of integrating computer vision techniques into reservoir characterization, providing new perspectives
for advancing petrophysical analysis.

Keywords: petrophysics; permeability; reservoir characterization; pre-salt; machine learning; deep
learning; ensemble

1. Introduction

Petrophysical properties, such as porosity, permeability, wettability, and fluid saturation, along
with lithology definition, are fundamental in evaluating reservoir quality. Among these, porosity
and permeability play central roles. Porosity denotes the volumetric proportion of pore space within
a rock, which determines its capacity to store fluids such as oil, gas, or water. This makes it a key
parameter for estimating the potential recoverable resources in a reservoir. Permeability, on the other
hand, traditionally measured in millidarcies (md), quantifies the ease with which fluids flow through
the pore network, reflecting the reservoir’s productive potential. It is significantly influenced by the
shapes, distribution, sizes, and connectivity of the pores [1]. Efficiently evaluating these properties
is critical in the upstream segment of the oil and gas industry, as they directly impact the economic
viability of reservoir development [2].

Several laboratory techniques are available for estimating porosity and permeability, including
laboratory core analysis, Nuclear Magnetic Resonance (NMR), well logging, and micro-computed
tomography (micro-CT) [1]. However, such methods are often time-consuming, costly, and reliant on
specialized technical expertise [2]. In this context, machine learning has emerged as a compelling alter-
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native, offering faster and more cost-effective solutions that often achieve performances comparable to
or better than traditional approaches.

Machine learning models have been used across a wide range of oil and gas applications. Specif-
ically, predictive models have utilized diverse input data sources, including well logs [3-8], NMR
logs [9-11], and micro-CT images [12-15], to estimate porosity and permeability as continuous vari-
ables.

Fewer studies, however, have approached this problem as a classification task by discretizing
porosity or permeability values into categorical intervals. In this regard, Silva et al. [16] and Freitas et
al. [17] proposed classification-based frameworks for permeability using NMR relaxation data. Both
adopted the same class intervals—k < 1 md; 1 md < k < 10 md; 10 md < k < 100 md; and
k > 100 md—though based on different datasets. Silva et al. used a globally sourced carbonate dataset,
while Freitas et al. focused on samples exclusively from the Brazilian pre-salt. The authors applied
classical machine learning algorithms, including Random Forest (RF), k-Nearest Neighbors (KNN),
Naive Bayes (NB), and Sequential Minimal Optimization (SMO)—an SVM-based model. Silva et al.
achieved their best results using SMO and RF, with an accuracy and weighted F-Measure of 85.9 %,
after applying discretization and feature selection strategies. Freitas et al., by contrast, obtained 66 %
accuracy using NB as the best-performing model, attributing the reduced performance to limited data
diversity and sample size. Notably, Freitas et al. reported accuracy as their primary evaluation metric,
while Silva et al. emphasized both accuracy and the weighted F-Measure'.

In a related study, Bedi and Toshniwal [18] developed a hybrid porosity classification model using
seismic and well log data. They employed Empirical Mode Decomposition (EMD) for denoising and a
Recurrent Neural Network (RNN) for classification, taking advantage of the temporal nature of the
input signals. Porosity was discretized into two classes: low [0-0.6] and high [0.6-1], with the threshold
selected to balance class distribution. Their model outperformed standard approaches including SVM,
RF, and Artificial Neural Networks (ANN), achieving an average accuracy of 74 % and a G-mean” of
0.80.

The present work adopts a similar classification-based strategy to predict discrete classes derived
from permeability values using petrographic thin-section images. Although such images are typically
used for lithological characterization, their application in inferring petrophysical properties remains
largely unexplored. To date, no prior studies have applied deep learning models to classify permeability
exclusively based on petrographic thin-section images from Brazilian pre-salt carbonate samples. This
paper addresses this gap by evaluating the performance of well-established deep learning architectures,
including Convolutional Neural Networks (CNNs) and Transformer-based models. The application
of Transformer-based architectures in this context also constitutes a novel contribution to the field of
reservoir characterization.

The remainder of this paper is organized as follows: the Materials and Methods section details the
dataset and preprocessing steps used to adapt the images for deep learning, along with the anomaly
detection strategy and the creation of permeability classes. It also introduces the evaluated deep
learning architectures, training procedures, evaluation metrics, and the techniques adopted to address
data imbalance. The Results and Discussion section presents the experimental findings and analyzes the
performance of the proposed models. Finally, the Conclusions and Future Works section summarizes the
main contributions and outlines potential directions for future research.

1 The F-Measure, or Fl-score, is the harmonic mean of Precision and Recall, balancing the trade-off between false positives and
false negatives. In imbalanced datasets, there are different ways to average this metric across classes. Silva et al. [16] adopted
the weighted F-Measure, which accounts for class frequency, giving more influence to classes with more samples. In contrast,
the present work employs the macro F1-score, which calculates the unweighted mean of the F1-scores for all classes, treating
them equally regardless of class size

G-mean, or geometric mean, is particularly useful in imbalanced classification problems, as it balances performance across
classes by combining sensitivity (recall) and specificity into a single measure.
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2. Materials and Methods

This section describes the procedures adopted to transform the original dataset into a format
commonly used in image-based deep learning applications, including standardized input resolution
and compatible data structures. It details the preprocessing steps, the creation of permeability-based
classes, and the strategies employed to train, validate, and assess model generalization performance.
Additionally, it outlines the techniques used to address class imbalance and presents the evaluation
metrics adopted in this study.

2.1. The Dataset

The original dataset used in this research comprises 770 petrographic thin sections of carbonate
samples from Brazilian pre-salt reservoirs. Each sample includes two high-resolution RGB photomi-
crographs: one acquired under plane-polarized light (PPL) and the other under cross-polarized light
(XPL). Samples are annotated with porosity and permeability values obtained from laboratory analyses.
The images appear in either rectangular or circular formats, depending on the type of rock cut (plug or
plug-head).

2.1.1. Image Preprocessing

To ensure consistency and compatibility with deep learning models, a series of preprocessing
steps were applied. First, all images were resized to 256 x 256 x 3 pixels. A central square crop was
then used to reduce the impact of non-data regions commonly found between the thin section and the
image borders, which are often present due to the variability in the shape of thin sections. Although
some non-data areas remained, extensive experimentation throughout this work indicated that this
cropping strategy was more effective than excessively aggressive approaches, which led to substantial
data loss. Finally, all images were resized to 224 x 224 x 3 pixels to match the input size required by
the pre-trained models. Figure 1 illustrates the preprocessing results.

(a) Circular PPL image (b) After preprocessing
sample (circular)

1500 1750

(c) Rectangular PPL image (d) After preprocessing
sample (rectangular)

Figure 1. Examples of PPL image samples before and after preprocessing: (a) circular sample, (b) circular sample
after preprocessing, (c) rectangular sample, and (d) rectangular sample after preprocessing.
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2.1.2. Anomaly Detection

To identify and exclude potential outliers that could negatively impact model performance,
anomaly detection was performed using an AutoEncoder [19] from the pyod [20] library with default
parameters. A self-supervised learning strategy was employed by embedding the images into a
latent space using a Vision Transformer (ViT) variant trained under the DINOv2 [21]. Reconstruction
errors—differences between original and reconstructed images—were used to compute anomaly
scores.

To maximize available information, an early fusion [22] strategy was employed by concatenating
the corresponding PPL and XPL images along the channel dimension, resulting in a 256 x 256 x 6
tensor for each sample.

A domain specialist reviewed the outliers flagged by the AutoEncoder. Only the samples jointly
identified as outliers by both the model and the specialist were removed. This process reduced the
dataset by 16.23 %, resulting in a refined set of 645 samples. The overall workflow is illustrated in
Figure 2.

DINOv2 Decoder

PPL
XPL
Latent Space

Anomaly Detection
Specialist Evaluation
Dataset Without Outliers

Figure 2. Anomaly detection pipeline combining self-supervised learning and evaluation by a specialist.

2.1.3. Final Dataset and Class Creation

To provide a qualitative perspective on reservoir characterization, permeability values were
discretized into four classes, defined in consultation with a domain expert, and based on preprocessing
results (Table 1). Despite some differences in the intervals, this work adopted the same class names
from Freitas et al. [17]. A scatter plot of permeability versus porosity is shown in Figure 3, where a
logarithmic scale emphasizes the distinction between low and high permeability.
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Figure 3. Porosity vs. permeability for the analyzed samples. A log scale is used for permeability to highlight
low-to-high transitions. Spearman’s rank correlation indicates a positive relationship.
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Table 1. Permeability intervals and corresponding class definitions.
Permeability (md) Class Samples Percentage (%)
0-0.1 Low 153 23.72
0.1-10 Intermediate 232 35.97
10-100 High 123 19.07
>100 Excellent 137 21.24
Total — 645 100.00

Although a strong log-linear correlation is observed between permeability and porosity, the
dataset remains imbalanced. Therefore, specific strategies were required to mitigate potential model
bias toward the majority classes. These techniques are described in Sections 2.3.3, 2.3.4, and 2.3.5.

2.2. Deep Learning Architectures

To address the proposed classification task, several state-of-the-art deep learning models were
selected, including both Convolutional Neural Networks (CNNs) and Transformer-based architectures.
These models have consistently demonstrated strong performance across a wide range of computer
vision tasks, such as classification, object detection, and semantic segmentation [23,24].

Deep learning architectures operate hierarchically: shallower layers tend to capture low-level
patterns (e.g., edges and textures), whereas deeper layers progressively learn more abstract and
semantic representations [25,26]. This layered feature extraction enables models to infer meaningful
information directly from raw input data, reducing or eliminating the need for handcrafted features.

All models used in this study were sourced from the timm library, a well-established repository
of pre-trained vision architectures [27]. They were initially trained on large-scale image classification
benchmarks, either ImageNet-1k [28] or ImageNet-21k [29], and subsequently fine-tuned on the
thin-section dataset available in the present research.

2.2.1. Residual Network

The Residual Network (ResNet) [30,31] introduced identity-based skip connections, which enable
the flow of gradients through deep layers by allowing the input to bypass intermediate transformations.
These residual connections mitigate the vanishing gradient problem, facilitating the training of very
deep networks.

This work adopted a 50-layer ResNet architecture trained on ImageNet-1k using an improved
training configuration that includes stronger data augmentation and regularization techniques. This
setup enhances generalization, especially when fine-tuned on domain-specific datasets such as petro-
graphic images.

2.2.2. Densely Connected Network

DenseNet [32] enhances feature reuse and gradient flow by connecting each layer to all preceding
layers via feature map concatenation. Unlike ResNet, which adds feature maps, DenseNet explicitly
preserves and reuses learned representations throughout the network, resulting in improved parameter
efficiency and learning dynamics.

In this study, a 201-layer DenseNet architecture was employed. This variant was originally
trained on ImageNet-1k and is known for its favorable trade-off between depth, performance, and
computational cost, particularly effective in tasks involving limited training data.

2.2.3. Vision Transformer

The Vision Transformer (ViT) [33] marked a paradigm shift in visual modeling by applying
the Transformer architecture—originally designed for natural language processing [34]—to image
classification. In ViT, each image is divided into non-overlapping patches, which are linearly embedded
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and treated as input tokens to a standard Transformer encoder. Global self-attention mechanisms
enable the model to capture long-range dependencies across the image.

This research adopted a base-sized ViT model with 8 x 8 patch size. It was pre-trained on
ImageNet-21k using advanced augmentation and regularization strategies and later fine-tuned on
ImageNet-1k. This combination has demonstrated excellent transfer learning capacity, making it
well-suited for specialized applications like petrographic image analysis.

2.2.4. Swin Transformer

The Swin Transformer [35] presents a hierarchical alternative to ViT by computing self-attention
within shifted local windows rather than globally. These windows shift across layers, enabling the
model to capture both local and global context in a computationally efficient manner. The Swin
architecture supports scalability to high-resolution images while maintaining strong performance.

The adopted variant in this study is a large-scale Swin Transformer, originally pre-trained on
ImageNet-21k using multi-scale augmentation strategies. It uses 4 x 4 patch sizes and 7 x 7 attention
windows, offering an effective balance between detailed local features and long-range dependencies.

2.3. Training
2.3.1. Cross-Validation

The dataset was split into 80 % for training and 20 % for testing. Due to class imbalance, the split
was stratified to preserve the original class distribution in both subsets. The test set was reserved
exclusively for assessing the model’s generalization to unseen data.

To ensure robust learning and reduce overfitting, five-fold cross-validation was performed. In this
approach, the training data are divided into five equal partitions, or folds. At each iteration, one fold
is used for validation, while the remaining four folds are used for training. This process is repeated
five times so that every sample in the training set is used once for validation. Final performance is
reported as the average across all five folds. Figure 4 presents the cross-validation scheme.

This procedure provides a reliable estimate of model performance and supports model selection.
The test set remained untouched until the final evaluation stage.

All Data
Training data Test data
=
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Split 1 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Split 2 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
~ Finding parameters
Split 3 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Split 4 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Split 5 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 )
Final evaluation { Test data

Figure 4. Five-fold cross-validation strategy. In each iteration, a different fold is used for validation, and the rest
for training.

2.3.2. Data Augmentation

To enhance data diversity and reduce overfitting, this study employed RandAugment [36], a
policy-based data augmentation technique. RandAugment applies a random combination of trans-
formations controlled by two user-defined parameters: the number of transformations and their
magnitude.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Unlike conventional augmentation methods, Rand Augment does not require manually predefined
augmentation policies. In this work, the configuration was selected based on hyperparameter tuning,
allowing both geometric and appearance-based transformations to be applied. These may include
rotation, flipping, color distortion, contrast adjustment, or minor geometric warping.

Despite the risk of slightly altering subtle features in thin-section images, Rand Augment improved
validation performance, indicating that the introduced variations helped the model generalize to
unseen patterns.

2.3.3. Class Weighting

Another commonly used strategy to handle imbalanced datasets is class weighting, where the
loss function is adjusted to penalize misclassifications from underrepresented classes more heavily.
In this study, class weights were computed as the inverse of the class frequencies and normalized

to sum to 1:
1 N
= —— = — ]_
We /N " 1)
w,
wnorm — c (2)
‘ 2?21 w
where:

® N s the total number of training samples,
e (s the number of classes,
* 1. is the number of samples in class c.

This approach is supported by most modern deep learning frameworks, such as PyTorch [37],
and was evaluated as part of this work. It was incorporated into the final training pipeline only when
it contributed positively to performance metrics such as the macro Fl-score.

2.3.4. Batch-wise Class Balancing

In addition to loss-based methods, this work also explored a data-level balancing strategy known
as batch-wise class balancing. This method ensures that each training batch contains a uniform
distribution of classes by oversampling minority class instances.

During training, samples from underrepresented classes were randomly duplicated so that all
classes were equally represented in each batch. This balanced composition can help the model avoid
becoming biased toward majority classes, particularly in the early stages of training.

However, as with other imbalance mitigation strategies, batch-wise balancing was included in
the final training configuration only when it demonstrably improved class-wise generalization or
validation metrics.

2.3.5. Focal Loss

Standard loss functions such as categorical cross-entropy often struggle in imbalanced classifica-
tion scenarios, as they are dominated by majority classes. To address this issue, the Focal Loss [38] was
investigated as a potential alternative to enhance learning from hard-to-classify (typically minority
class) samples.

Focal Loss modifies the cross-entropy loss by applying a modulating factor (1 — p;)7, where p; is
the predicted probability for the true class, and 7 is the focusing parameter. This formulation down-
weights well-classified examples, enabling the model to concentrate more on challenging samples.
As shown in Figure 5, increasing v progressively reduces the loss contribution from well-classified
examples, which helps balance the influence of majority and minority classes.

FL(pt) = —(1 — pt)" log(pt) 3)
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where:

*  p;is the predicted probability for the correct class,
*  visa positive scalar that controls the strength of the focusing effect.

CE(p;) = —log(py) - =0
41 FL(p:) = —(1 — p;)"log(p:) — =1
—_— y=2
— 4=5
& 31
o
|
8 2-
o
i
1 -
O_
T

0.0 012 014 016 018 1.0
Predicted probability for the true class (p;)

Figure 5. Focal Loss behavior for different values of <y, adapted from [38]. As vy increases, the contribution of easy

examples is further reduced.

This technique was tested as part of the training strategy and retained only when it resulted in
measurable improvements in model generalization, particularly with respect to minority classes.

2.3.6. Fine-Tuning

To adapt the pre-trained models to the classification task in this study, a fine-tuning strategy was
employed. Specifically, the original classification head was replaced by a new fully connected layer
tailored to the four permeability-based classes defined in this work.

This strategy allows the models to retain the rich, low-level, and mid-level visual representations
learned during large-scale pre-training while adjusting their final layers to the domain-specific charac-
teristics of petrographic thin-section images. Fine-tuning is especially beneficial when dealing with
relatively small datasets, as it significantly improves convergence and generalization.

As shown in Figure 6, an early fusion [22] approach was applied during input preparation. Each
sample’s pair of images—one acquired under plane-polarized light (PPL) and the other under cross-
polarized light (XPL)—was concatenated along the channel dimension, yielding a 6-channel tensor of
shape 224 x 224 x 6. This fused representation was used as input for all models.

Model

PPL
XPL
Classifier

Figure 6. Fine-tuning pipeline: PPL and XPL images are preprocessed and fused into a 6-channel input, then

passed to a pre-trained backbone with a new classification head.
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All models were trained using the Adam optimizer [39], which combines the advantages of
adaptive learning rates and momentum. A cosine annealing schedule [40] was applied to gradually
reduce the learning rate throughout training, helping to refine the model in later stages.

Early stopping was also implemented, terminating the training process if the validation per-
formance failed to improve after a predefined number of epochs. This helped reduce unnecessary
computation and minimized the risk of overfitting. Hyperparameters used in the fine-tuning process
are detailed in the Results and Discussion section.

2.3.7. Evaluation Metrics

Given the imbalanced nature of the dataset, classification accuracy alone was deemed insufficient
for evaluating model performance. Accuracy can be misleading in imbalanced scenarios, as it may
reflect strong performance on majority classes while masking poor performance on minority classes.

Instead, the primary metric adopted in this study was the macro F1-score, which balances precision
and recall. For binary classification, the F1-score is defined as:

TP

Precision = TP + FP 4)
TP

Recall = m (5)

Fl— 2 x Precision x Recall ©)

Precision + Recall
Where:

* TP (True Positives): correct predictions of the positive class;
e  FP (False Positives): incorrect predictions of the positive class;
* FN (False Negatives): missed predictions of the positive class.

For multi-class classification, the Fl-score is extended using the macro Fl-score. This metric
calculates the Fl-score independently for each class and then takes the unweighted mean across all
classes, giving equal importance to each one:

1 C
Flmacro = C Z F1; 7)
i=1

Where:

e (is the number of classes,
e F1, is the Fl-score for class i.

The macro Fl-score ensures a fair evaluation across all classes, which is particularly important
when dealing with minority classes in imbalanced datasets such as the one used in this research.

2.3.8. Ensemble Prediction Strategy

In addition to individual fold evaluations, this study employed an ensemble prediction strategy
to aggregate the outputs of multiple models. Specifically, a soft voting ensemble [41] was implemented
using the models trained during the five-fold cross-validation procedure.

Each model produced class logits for the test set, which were subsequently transformed into score
vectors via the softmax function. These scores lie within the interval [0, 1] and sum to 1 per sample.
In this study, the resulting values are treated as confidence scores, reflecting the relative belief of each
model in each class.

The final prediction was obtained by averaging the softmax scores across the five models and
selecting the class with the highest mean score. This method represents a consensus-based voting
approach that incorporates the confidence levels of each base model.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Formally, let s;; represent the softmax score vector for sample i as predicted by model j. The
ensemble score 5; is computed as:

1 ¥
5= 2 Sij (t))
j=1
where M is the number of models (in this case, five). The final class prediction ¥; is given by:

; = argmax(3;) )

This technique corresponds to an independent soft voting ensemble, as described in the ensemble
learning literature [41]. It enables the integration of diverse and independently trained models,
enhancing robustness and reducing variance. The average macro Fl-score of the ensemble was
compared with that of the individual models, confirming its positive impact on overall performance.

3. Results and Discussion

This section presents the experimental results obtained by the fine-tuned pre-trained models,
as well as the hyperparameters selected during optimization. The Optuna [42] library was used for
this purpose due to its seamless integration with PyTorch and its support for advanced sampling
strategies.

A consistent search space was defined for all models, including;:

e Learning rate: logarithmic range between 1 x 107° and 1 x 10~
¢ Number of transformations applied by RandAugment: from 2 to 4;
¢  Transformation magnitude applied by RandAugment: from 3 to 15.

Throughout the research, including all stages before and after hyperparameter tuning, hundreds
of training experiments were conducted. Across these iterations, no significant improvements were
observed when using additional regularization techniques. Therefore, parameters such as weight
decay, dropout, or the use of AdamW [43]—which relies more heavily on regularization than Adam—were
excluded from the final tuning configuration. Nevertheless, the search space adopted proved suitable
for the task.

To optimize both validation loss and macro F1-score, a multi-objective approach was adopted.
The NSGAIISampler [44] from Optuna was chosen due to its effectiveness in handling such objectives.
Each model underwent up to 100 trials or a maximum of 12 hours of optimization. Training was
limited to 300 epochs using a batch size of 32, with early stopping applied using a patience of 15
epochs. A fixed random seed ensured reproducibility. Learning rate scheduling followed a cosine
annealing strategy with warm restarts [40], using default settings except for Ty, which was set to 10°.
Table 2 summarizes the best hyperparameters selected for each architecture.

Table 2. Best hyperparameters selected by Optuna for each model, including learning rate and Rand Augment

settings.
Model Learning Rate Number (?f Magnitude
Transformations
ResNet-50 0.00586 3 12
DenseNet-201 0.00781 3 9
ViT-B/8 0.00373 2 6
Swin-L 0.00628 2 14

Following hyperparameter optimization, each model was retrained using its respective best
configuration, maintaining the same setup (e.g., batch size, early stopping, learning rate scheduler, Ty

3 T, defines the number of epochs before the first learning rate restart, affecting how frequently the learning rate is reset.
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value). Class imbalance mitigation strategies—including Focal Loss, class weighting, and batch-wise
class balancing—were tested individually, and only those that provided measurable improvements
were included in the final configuration. In some cases, further fine-tuning, such as unfreezing an
earlier layer or adding an extra fully connected layer to the classification head, yielded additional
performance gains.

All models were trained using five-fold cross-validation, and this setup remained unchanged
during final training. Model evaluation was performed on the held-out test set. Each fold’s model
generated predictions for the test set, resulting in five independent evaluation runs. The final reported
score is the average macro F1-score across all folds, as shown in Table 3. In addition, Figure 7 shows
the training and validation curves for the ViT-B/8 model, which achieved the best performance.

Table 3. Average macro Fl-score of each model over five independent test evaluations.

Model Average Macro F1-Score
ResNet-50 0.64074 £ 0.02296
DenseNet-201 0.57408 £ 0.06085
ViT-B/8 0.66084 + 0.05254
Swin-L 0.64053 £ 0.02473
121 T Veidarion oss ®71 Z Vaidarion F1 seore
104 067
0.54
81 ®
? S 0.4
S 6 2
=9
0.3 1
4]
0.2
2
0.1
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(a) Training and validation loss for ViT-B/8 (b) Training and validation F1-score for ViT-B/8

Figure 7. Training and validation behavior of the ViT-B/8 model during training. Curves represent the average

across five-folds, and shaded areas indicate standard deviation.

An ensemble strategy was also implemented using soft voting, where the logits from each fold’s
model were averaged (after softmax application), and the final prediction was obtained by selecting
the class with the highest mean score. Table 4 presents the classification results per class for each model,
including precision, recall, and F1-score, as well as overall accuracy and macro Fl-score. Furthermore,
Figure 8 presents the confusion matrices for all ensemble models evaluated on the test set.

Table 4. Classification results for each class and model. Precision, recall, and Fl-score are reported per class, along

with overall accuracy and macro F1-score.

Class ResNet-50 DenseNet-201 ViT-B/8 Swin-L Support!
Prec. Recall F1  Prec. Recall F1  Prec. Recall F1  Prec. Recall F1
Low 0.81 084 0.83 0.76 081 0.78 0.88 0.74 0.81 0.82 0.74 0.78 31
Intermediate 0.85 0.63 0.73 0.76 0.61 067 0.72 078 075 0.75 0.65 0.70 46
High 043 055 048 040 045 043 057 059 058 047 0.68 0.56 22
Excellent 0.60 072 0.65 066 076 0.70 0.80 0.80 0.80 0.71 0.68 0.69 25
Accuracy 0.69 0.66 0.74 0.69
Macro F1 0.67 0.65 0.73 0.68

! The support column indicates the number of test samples available for each class.
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Figure 8. Confusion matrices showing classification performance for each model: (a) ResNet, (b) DenseNet, (c)
Vision Transformer (ViT), and (d) Swin Transformer. Color intensity represents the number of samples per class.

Additionally, Figure 9 offers a qualitative perspective on the ViT-B/8 ensemble model predictions
by relating porosity and permeability values in the test set. In particular, misclassified samples from
the High class tend to cluster near class boundaries, emphasizing the difficulty of assigning correct
labels to samples that lie close to decision thresholds. Although a monotonic trend between porosity
and permeability is evident, overlapping distributions near these boundaries increase the likelihood of
errors. This behavior is consistent with the confusion matrices shown in Figure 8, which also reflect
the reduced classification performance for the High class.

10°3  Spearman p =0.90767

Permeability (md)

Low
Intermediate
High

Excellent
Misclassified sample
T T T T T T

15 25
Porosity (%)

Xe0eo00e0

Figure 9. Porosity—permeability cross-plot for the test set using the ViT-B/8 ensemble model. Each sample is
colored by its true class. Misclassified samples are marked with a cross symbol and adopt the color of the predicted
class. Permeability is shown on a logarithmic scale, and dashed lines represent the class boundaries.
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Compared to previous works, such as Silva et al. [16] and Freitas et al. [17], two aspects are
worth highlighting. First, although the class intervals are not identical, the final two permeability
ranges are equivalent. Second, this study relied exclusively on image data, excluding porosity and
NMR relaxation data, which were used as input features in both Silva et al. and Freitas et al. This
distinction is particularly relevant, as the models in the previous studies were trained on petrophysical
measurements that provide direct physical proxies for permeability, whereas this work focuses solely
on thin-section images.

Although the results in this study did not surpass those of Silva et al., who achieved higher
performance using NMR data and feature selection strategies, they did outperform the results reported
by Freitas et al., who also worked with Brazilian pre-salt samples. It is important to note that the
comparison is not strictly direct due to differences in the types of input data and modeling approaches.
Table 5 presents the comparative accuracies.

Table 5. Accuracy comparison between this study and prior works.

Study Accuracy (%)
Silva et al. [16] 85.90
Freitas et al. [17] 66.00
This study (ViT-B/8) 74.20

The underperformance of minority classes—particularly the High class—can be attributed to
multiple factors: (i) the intrinsic heterogeneity of carbonate rocks from the Brazilian pre-salt; (ii) the
three-dimensional nature of permeability versus the two-dimensional character of thin-section images;
(iii) the sparse and scattered distribution of samples from the High class in feature space; and (iv) the
relatively small dataset size.

Despite these challenges, the results confirm the feasibility of using thin-section images for
permeability classification through deep learning. Transformer-based models, especially ViT, have
demonstrated competitive performance and represent a promising direction for future research in
image-based reservoir characterization.

4. Conclusions and Future Works

This study proposed a novel approach for classifying permeability intervals directly from pet-
rographic thin-section images using deep learning models. Both Convolutional Neural Networks
(CNNs) and Transformer-based architectures were explored, with the latter demonstrating superior
performance across most evaluation metrics. In particular, the ViT-B/8 model achieved the best overall
results, supported by careful hyperparameter tuning, data augmentation, and ensemble learning
strategies.

Unlike traditional approaches that rely on numerical well logs or NMR measurements, this work
demonstrated the feasibility of using only 2D petrographic imagery for permeability classification.
This expands the range of data sources available for reservoir characterization, especially in scenarios
where core or log data are limited or unavailable.

When compared to prior studies, the proposed method outperformed the approach developed
by Freitas et al., which also focused on Brazilian pre-salt samples. Although the results of Silva et al.
remain superior in terms of accuracy, it is important to note that their model was trained on a globally
sourced dataset with greater variability and incorporated NMR data as input. The performance
achieved in this work—without relying on porosity measurements or laboratory-acquired wellbore
wireline data—represents a significant advancement in the image-based classification of petrophysical
properties.

Future research could investigate multi-objective learning strategies to predict permeability and
porosity simultaneously, leveraging their intrinsic relationship. Hybrid architectures that combine con-
volutional neural networks and Transformer-based models may further enhance the representational
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power of deep learning frameworks. Additionally, incorporating uncertainty quantification methods
could improve the assessment of model reliability and support greater interpretability in practical
reservoir applications.

An additional research direction could involve multimodal learning approaches that integrate
petrographic images, NMR measurements, and structured well-log data. By combining the comple-
mentary strengths of these diverse data sources, such models may improve prediction accuracy, reduce
uncertainty, and enable more robust reservoir characterization, particularly in data-limited scenarios.
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