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Abstract

Trustworthy machine learning for facies classification depends critically on leakage-free evaluation. This study proposes the Hybrid Explainable
Transformer Framework (HETF), combining convolutional neural network (CNN), bidirectional long short-term memory (BiLSTM), and Trans-
former branches, with SHapley Additive exPlanations (SHAP) and Monte Carlo Dropout uncertainty estimates. Using 830 samples from two wells
in the SEG 2016 dataset, we correct leakage caused by random splitting of overlapping windows and apply depth-contiguous, blocked five-fold
cross-validation. Across four repeated cross-validation runs, HETF achieved 58% mean accuracy (run range 52.5–60.8%) and 31% mean macro
F1-score (run range 25.5–33.6%). Training accuracy of 85–98% substantially exceeded validation accuracy, indicating overfitting attributable to
class scarcity. Under an identical leakage-free protocol, the Transformer-only model (76.4% accuracy; 49.2% macro F1), Random Forest (72.5%;
40.8%), and XGBoost (75.2%; 46.8%) outperformed full HETF (61.4%; 38.0%) in this single ablation comparison. Thus, branch fusion does
not justify its complexity at this dataset scale. Preliminary KernelSHAP analysis ranked deep resistivity (ILD_log10), neutron porosity (PHIND),
and gamma ray (GR) as the most influential features. The reproducible workflow, with released code, emphasizes methodological validity over
inflated accuracy estimates.
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1. Introduction

Proper facies classification is crucial in characterizing a
reservoir, estimating the volume of hydrocarbons, and mini-
mizing the risk of drilling. The conventional methodologies of
machine learning, as reported in our extensive literature review,
are systematically effective in controlled environments, and are
constantly challenged by poor cross-well generalization, lack of
interpretability, and failure to measure prediction uncertainty.
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These limitations restrict real-world deployment where geolog-
ical conditions vary significantly between wells and where do-
main experts require confidence estimates for decision-making.

Oil and gas exploration can be defined as a series of opera-
tions that are focused on deciding the existence and assessment
of possible oil and gas beneath the Earth (surface) [1]. It entails
the coordination of various geoscience fields, such as geology,
geophysics, petrophysics and reservoir engineering, in order to
describe the underground formations and determine whether
they are commercially viable or not [2]. Facies classification
is one of the main activities in this workflow that is used to pre-
dict the heterogeneity of the reservoir and the characteristics of
the depositional setting [1, 3].
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Facies classification identifies the spatial distribution of
lithological and petrophysical properties of a reservoir. Proper
facies identification makes it easy to map the permeability and
porosity, improves the estimation of the volume of hydrocar-
bons, and minimizes the drilling risks [4].

In the past, as stated by Dewett, Pigott and Marfurt [5],
facies classification was based on a manual interpretation of
the core description, well log signatures, and seismic ampli-
tude variations. Although these methods are valid in highly
researched basins, they have several weaknesses: (i) subjectiv-
ity because of interpreter bias, (ii) reliance on the presence of
experts, and (iii) they are slow to scale to large datasets.

As Fu et al. [6] note, machine learning implementation into
geoscience processes can cope with most of these issues since it
allows (i) extracting features automatically, (ii) recognizing pat-
terns in incomplete data, and (iii) processing large geographi-
cal regions in a scalable way. The algorithms used in recent
research are successful in classifying lithofacies based on well
logs, seismic cubes, and other multi-modal datasets, including
Support Vector Machines, Random Forests, and Convolutional
Neural Networks [6, 7].

In the Nigerian context specifically, machine learning has
recently been applied to related geophysical classification prob-
lems, including hybrid deep-learning and fuzzy-clustering ap-
proaches for geothermal prospectivity mapping [8] and quanti-
tative petrophysical and 3D reservoir characterization of Niger-
Delta hydrocarbon fields [9], both of which motivate the present
study’s application of hybrid ML architectures to facies classi-
fication in the same national exploration context.

This paper introduces the Hybrid Explainable Transformer
Framework (HETF) specifically designed to address the re-
search gaps identified in contemporary literature. Our contribu-
tions directly respond to the five future directions highlighted in
our review: hybrid multi-branch modeling, explainable AI in-
tegration, uncertainty-aware prediction, cross-well generaliza-
tion, and transformer-based architectures.

1.1. Objectives

The goals of this paper are: (1) correct a data-leakage prob-
lem in the sliding window evaluation protocol used to classify
well-log facies; (2) design a hybrid multi-branch architecture
that combines CNN, BiLSTM and Transformer branches for
facies classification; (3) incorporate explainable AI for geolog-
ical interpretability; (4) employ uncertainty quantification via
Monte Carlo Dropout; (5) quantify the impact of facies-class
data scarcity on the classification performance of the HETF un-
der a scientifically valid evaluation protocol; and (6) honestly
report HETF’s performance on the SEG 2016 facies dataset to
establish a baseline for future comparison and cross-well eval-
uations.

2. Fundamentals of facies classification

2.1. Definition and geological significance of facies

Geologically, the concept of facies simply describes a rock
body with certain features, which indicate a certain depositional

Figure 1: Origin and evolution of sedimentary basins:
schematic diagram of continental rift valley formation and
spreading ridge development.

environment [10]. These features can be lithology, fossil con-
tent, grain size, sedimentary structures and geophysical reac-
tions [11]. Facies distribution is crucial to proper reservoir
modeling and forecasting production.

Figure 1 shows a schematic diagram of the formation and
development of sedimentary basins due to the process of rifting
of the continents.

2.2. Definition and general workflow

Machine learning is a branch of artificial intelligence that
concentrates on the development of algorithms that can be
taught through data patterns and predict the result without be-
ing explicitly programmed [12]. The data acquisition, prepro-
cessing, feature engineering and model selection, feature engi-
neering: In geoscience, the workflow of machine learning tasks
on classifying facies typically includes: (1) acquisition of data,
collection of well logs, seismic cubes and core descriptions and
in some cases geochemical data [13]; (2) data processing, han-
dling of missing data, normalization, noise analysis and outlier
identification [14]; (3) feature engineering, by extracting useful
features, including: statistical log features, spectral decomposi-
tions and seismic texture features [15].

Figure 2 shows a schematic workflow for predicting facies
using supervised machine learning with multi-scale image and
conventional well data.

2.3. Advantages of machine learning in facies classification

Pratama and Latiff [16] observes that the advantages of ma-
chine learning in facies classification are: (i) automation, it
saves time on manual interpretation; (ii) scalability, it can work
with large datasets of multi-wells, multi-basin; (iii) pattern dis-
covery, it identifies delicate geophysical cues that change fa-
cies; and (iv) integration, in which they can combine several
data sources to improve results.
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Figure 2: Schematic workflow for facies classification using
well-log data and machine learning.

2.4. Limitations and considerations

The main weaknesses are that they rely on the quality
and quantity of labeled data, that small datasets or unbalanced
datasets can be overfit, and that deep learning models are black
boxes, which consequently impact geological interpretability
[3].

2.5. Traditional ML algorithms

Support Vector Machines (which can be used in high-
dimensional spaces but require fine parameter tuning), K-
Nearest Neighbors (which is easily understood and simple to
implement, but computationally expensive with large data sets),
and Random Forest (which is resistant to overfitting and han-
dles noisy data features particularly well) are examples of tra-
ditional algorithms [6].

2.6. Ensemble learning methods

Ensemble methods often achieve strong predictive perfor-
mance because they combine multiple base learners. They
include approaches such as Gradient Boosting Machines and
Extreme Gradient Boosting, as well as bagging and boosting
variants. Ensemble methods can outperform single algorithms,
particularly when the data from geological datasets is highly
variable. This is because ensemble methods, such as Gradi-
ent Boosting Machines and Extreme Gradient Boosting, can
accommodate this kind of variability more effectively than a
single model. [6]. This is because ensemble methods, like Gra-
dient Boosting Machines and Extreme Gradient Boosting, can
handle this kind of variability.

2.7. Deep learning architectures

Convolutional Neural Networks and Recurrent Neural Net-
works as deep learning methods are more commonly applied to
seismic and log-based facies classification. This is because of
their capability to learn hierarchical representations on raw data
thus minimizing the manual feature engineering [17]. Convo-
lutional Neural Networks are more effective for seismic image-
based facies prediction, Recurrent Neural Networks and Long

Short-Term Memory networks capture temporal dependencies
in well log sequences, and autoencoders facilitate unsupervised
feature learning [6].

2.8. Literature review of ML applications in facies classifica-
tion

In recent years, the oil and gas exploration field has received
a great contribution to the fast development of machine learning
and deep learning algorithms to classify the facies. The analysis
of the 182 studies has been carried out and the researchers pro-
vide the evidence of the progress achieved in this field. In the
beginning, classical machine learning algorithms like the Sup-
port Vector Machines, the random forest and the Decision Trees
were very common [7, 13, 14]. These approaches gave a simple
guide to the use of structured well-log data, which was effective
in simple facies prediction exercises. But with the increase in
the complexity of data the weaknesses of these methods began
to become evident [15]. They also had difficulties in balanc-
ing imbalanced classes of facies, insinuating complex litholog-
ical boundaries, and in handling high-dimensional seismic data
[15, 18].

In an effort to overcome these obstacles, the researchers
started to concentrate on feature engineering that entailed the
extraction of features that were relevant in the data to enhance
facies segregation. The methods like the use of texture at-
tributes, derivative logs, wavelet features, and spectral decom-
position were used in order to render the data easier to handle.
Also, the ensemble techniques such as boosting and bagging
were applied to improve the stability and accuracy of the mod-
els. These innovations have led to more advanced methods of
deep learning, which is currently being studied in facies classi-
fication. Through the methods, the researchers will increase the
efficiency and accuracy of the oil and gas exploration and ulti-
mately make more successful drilling activities and decisions.
The combination of machine learning and deep learning can
transform the sphere radically, allowing scientists to reveal new
facts and trends in the data that were not available before. As
the discipline keeps on developing, it is intriguing to watch how
these developments will affect the entire oil and gas industry.

The period between 2017 and 2020 became one of the most
important in terms of changing methods, and in large part, it
happened because deep learning gained more popularity across
the world [8, 17]. Convolutional Neural Networks were devel-
oped during this time to evaluate seismic facies segmentation
and core-image interpretation, which significantly improved
automated extraction of features. Various convolutional neural
network-based systems, including U-Net, ResNet, DenseNet,
and 3D Convolutional Neural Network architecture, rapidly be-
came popular as they were able to detect spatial and textural
patterns in seismic data that could not be detected by other tra-
ditional machine learning models [17]. The studies using these
architectures have demonstrated that they are far more practical
in mapping some geological features, such as channel systems,
turbidite flows, carbonate accumulations, and thin-bed facies,
as long as they are accompanied by seismic characteristics such
as amplitude, phase, coherency, and curvature. As a result of
this integration, more accurate and detailed analyses have been
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developed, which is a significant improvement compared to the
methods adopted before.

The fact that such models can learn and be able to extract
any complex pattern of data has resulted in the invaluable tool
they have contributed to the field, and their uses are still expand-
ing as the technology advances. Altogether, the implementation
of the deep learning algorithms, especially those founded on the
convolutional neural networks, has entirely transformed the ap-
proach to seismic data analysis and interpretation, providing a
range of possibilities to explore and discover new ways. With
these techniques still evolving and growing, we can be sure of
further and more advanced analyses of seismic data, and then
we will be able to understand more of the Earth and its numer-
ous irregularities [5, 18].

One-dimensional Convolutional Neural Networks, Long
Short-Term Memory networks, Gated Recurrent Units, and
mixed Convolutional Neural Network-Recurrent Neural Net-
work designs were found to be very effective in capturing se-
quential relationships in vertical wells and outperform other
machine learning methods when the stratigraphic or facies
changes are rapid or subtle [14, 17]. To alleviate the prob-
lems of class imbalance, prior work in this domain has em-
ployed methods such as the Synthetic Minority Oversampling
Technique, cost-sensitive learning, and synthetic data genera-
tion, and has augmented small datasets with Generative Adver-
sarial Network-based and Variational Autoencoder-based aug-
mentation to minimize overfitting [19]. These techniques are
not applied in the present study’s own experiments; Section
3.5.1 states the actual imbalance treatment used here (inverse-
frequency class weighting).

According to the literature, the transition of interpretabil-
ity, uncertainty quantification and geological consistency is go-
ing to be significant between 2021 and 2024. The increasingly
explainable AI techniques, such as SHapley Additive Explana-
tions, Local Interpretable Model-agnostic Explanations, permu-
tation importance, and sensitivity analysis, were used by geo-
scientists to allow them to understand the decisions made by
models in a clear manner [5]. The uncertainty-sensitive al-
gorithms, such as Bayesian Neural Networks, Gaussian Pro-
cess classifiers, and Monte Carlo Dropout, allowed researchers
to quantify the level of their confidence in their predictions.
This aided them in coming up with a more advantageous de-
cision regarding reservoirs [17]. At the same time, physics-
informed and knowledge-directed machine learning approaches
were used that take into consideration geological principles,
stratigraphic theories, and geophysical constraints to reduce
non-geological artefacts and maximize the geological plausi-
bility of facies projections [13, 14].

Transformer-based architectures have resulted in a break-
through in the field of neural networks. These are natu-
ral language processing-based models that have since been
shown to have more success in long range dependencies com-
pared to their Convolutional Neural Network counterparts. Re-
search employing Transformer-U-Net and SeisFormer as well
as attention-based networks have shown an enhancement in per-
formance on complex seismic data, especially where structural
discontinuities, faulted geometries, and different sedimentary

packages exist. Indicatively, scientists have discovered that
these models are more suitable in dealing with the complexity
of seismic data in areas with complex geology [17]. Similarly,
the development of Graph Neural Networks has facilitated the
categorization of well logs, which is why it is possible to model
the spatial relationships between wells, which leads to more
reliable facies predictions between fields. It is a huge advance-
ment, because now scientists can learn more about the connec-
tions between various wells and make more proper predictions
concerning the geology of the subsurface [20].

All in all, the emergence of Transformer-based models and
Graph Neural Networks can transform the profession of seis-
mic data processing and enable researchers to draw more con-
clusions from complex data and make more relevant predictions
about the underlying geology.

This has been replaced by a new trend in recent years
whereby various data, such as well logs, seismic, core images,
and geological data, have been integrated to have a clearer view
of what goes on under the surface [21]. It is known as multi-
modal fusion and is highly efficient, particularly in geological
formations that are multilithological or of carbonate reservoirs,
which may experience a wide range of differing rock proper-
ties [4, 8, 22]. A mix of machine learning and deep learning
methods, including Extreme Gradient Boosting, Light Gradi-
ent Boosting Machine, Convolutional Neural Networks, and
Recurrent Neural Networks, has allowed researchers to ensure
that the models that are created are not only more accurate but
also more robust and efficient. These models have managed to
perform better than the conventional single-source procedures
and have offered a better insight into the subsurface. The fact
that probabilistic models and Transformers are used has also
contributed to the advantages of these hybrid frameworks, as
one can make more precise predictions and interpret the results
more accurately [14, 16].

In general, the invention of multimodal fusion methods has
been an important step towards achieving field improvement,
and can transform the manner in which we deal with character-
ization and modelling of the subsurface.

Though the steps have been undertaken, there are still ma-
jor challenges that need to be dealt with [19]. The major is-
sue with the given model is that it does not lend itself to some
kinds of rock formations, such as thin shale beds or bioclas-
tic layers, as they simply do not have enough of them in the
data set [15]. This is termed as class imbalance and it is not
an imaginary problem. The other problem is that models devel-
oped using information in one region do not necessarily work
in another region with different geology. This makes it difficult
to extrapolate the findings to other basins [16]. Also, the la-
beled data is lacking particularly in the case of seismic data and
this fact has contributed to the emergence of new techniques
such as weak supervision, self-supervised learning, and semi-
supervised learning. Nonetheless, these techniques still require
refinement. Even confirming the findings of most research is
difficult since most of them use proprietary data sets that can-
not be accessed by others, and this is a massive issue of repro-
ducibility [7].

Some of the research reviewed makes these limitations evi-
4
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Figure 3: Conceptual synthesis of the reviewed literature on
machine learning approaches for facies classification.

dent in practice. Aliouane and Ouadfeul [13] used Random For-
est for the well-log facies classification, but they reported only
from one basin and did not test the basin transferability. Deep
learning and petrophysical inversion were also used by Xie and
Spikes [14] but uncertainty quantification or model explainabil-
ity was not considered. Multiple ML algorithms were compared
in two countries by Merembayev et al. [7] but they employed
only classical models without attention-based and hybrid archi-
tectures. None of these studies addresses interpretability, un-
certainty quantification, and cross-well generalization together
in a single framework, which is the focus of this study.

When we consider the narrative literature review conducted
for this study, we will be in a position to observe the obvious
change in conducting research. Initially, individuals used con-
ventional machine learning models, but gradually they increas-
ingly used deep learning. Today, scientists are shifting to hy-
brid models that can describe their results, consider uncertainty,
and rely on physics [6, 14, 17]. They are also incorporating
multimodal frameworks, which means that they are integrating
various forms of data and approaches to achieve improved out-
comes. This trend illustrates that individuals desire models that
are not only true but also geologically sensible, applicable in
various contexts, and that can be applied to limited or noisy
data.

Figure 3 presents a conceptual view of the reviewed litera-
ture, which indicates how machine learning techniques of clas-
sifying facies have evolved and converged with time.

2.9. Research Significance and Novelty
This study makes three practical contributions, based on

the gaps that were identified in Section 2.8. First, while the
previous works (e.g., [7]-[13], [14]-[20]) consider a single al-
gorithm or a limited model comparison, this study evaluates
HETF against five baseline and ablation models, Random For-
est, XGBoost, and single-branch CNN, BiLSTM, and Trans-
former variants, all under the identical rigorous, leakage-free,
cross-validated protocol (Sections 3.2 to 3.3, and 3.8). This
comparison shows that HETF’s fused architecture does not out-
perform simpler alternatives at this dataset’s scale, an honest

Table 1: Input features for facies classification.

Feature Description Unit/Range
GR Gamma Ray API (12-220)
ILD_log10 Deep Resistivity

(log10)
log10(ohm-m)

DeltaPHI Porosity Differ-
ence

% (-8 to +16)

PHIND Neutron Porosity % (2-28)
PE Photoelectric Fac-

tor
barns/e- (2-6.5)

NM_M Non-Marine
Marker

binary {1,2}

RELPOS Relative Position normalized (0-1)

finding we report rather than omit, since it directly informs
when architectural complexity is and is not justified for small
facies-classification datasets. Second, this study co-ports ex-
plainability (SHAP) and Monte Carlo Dropout-based uncer-
tainty quantification (not formally calibrated) for the facies pre-
dictions; this combination is mostly missing in the reviewed
literature.

Third, the proposed cross-well fine-tuning protocol (Sec-
tion 3.9) is designed to quantify the amount of labeled target
data required to fine-tune the model for a new well, address-
ing a data-scarcity gap mentioned in Section 2.8; this protocol
has been implemented in the accompanying code but not yet
executed, and is presented strictly as future work (Section 3.9,
Section 5.4). These contributions, in total, offer a validated, re-
producible, and interpretable workflow, instead of a single ac-
curacy benchmark, for exploration geoscientists.

3. Methodology

The proposed Hybrid Explainable Transformer Framework
(HETF) adheres to a step-by-step pipeline that consists of five
key steps: (1) data preprocessing and sequence construction,
(2) parallel feature extraction using three complementary neu-
ral networks, (3) attention-based multi-branch fusion, (4) clas-
sification with uncertainty quantification, and (5) model inter-
pretability analysis. The entire architecture workflow is shown
in Figure 4.

3.1. Dataset description
The dataset used in the study is the SEG 2016 facies classifi-

cation challenge dataset which contains well-log information of
two wells (STUART and CRAWFORD) in the Hugoton Basin
in Kansas. There are 830 labeled samples in the dataset that
have nine different facies classes (Class 1-9) and include non-
marine sandstone (Class 1) to marine evaporite (Class 9). Table
1 is a summary of input features in this study.

3.2. Data preprocessing
Well-log measurements with missing values were filled in

with median imputation so that the data distribution would re-
main intact but would not be skewed by extreme outliers [12].
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The interquartile range (IQR) method was used to identify out-
liers, in which the values above the IQR were limited to the
corresponding limits.

3.2.1. Feature standardization
All the input features were normalized using the z-score in

order to bring the mean to zero and the unit variance to one as
represented in equation (1):

z =
x − µ
σ

(1)

In which x is the initial value of a feature of one sample, mu
is the mean of the feature and sigma is the standard deviation.

3.2.2. Sequence construction
Well-log rows were first sorted by well and depth. Rather

than constructing sliding windows across the full dataset and
then splitting them — which permits near-duplicate, overlap-
ping windows to appear in both training and test sets, each
well’s raw rows were divided into contiguous depth blocks BE-
FORE windowing. The sliding-window strategy (W = 20 con-
secutive depth samples, chosen via preliminary experimenta-
tion as a tradeoff between temporal context and computational
efficiency) was then applied separately WITHIN each block,
so that no window in one split shares any raw depth sample
with a window in another split. Consecutive windows within a
block are 1 sample apart and share 19 of 20 timesteps (i.e., 19
timesteps of overlap), correcting the prior statement that con-
secutive windows were “19 samples apart.” For a dataset con-
taining N raw samples and F = 7 features, the sequence tensor
produced by windowing a single contiguous block of length N
is given by Equation (2): . Applying this within each depth-
contiguous block and concatenating across blocks and wells
yields a leakage-free set of windows for each of the training,
validation, and test splits.

X ∈ R(N−W+1)×W×F . (2)

3.2.3. Data partitioning
Each well’s raw rows are divided into contiguous train

(70%), validation (15%), and test (15%) blocks, in depth or-
der, with the test block taken from the tail of each well’s depth
range. Sliding windows are then constructed separately within
each block, so that no raw depth sample and no near-duplicate,
overlapping window is shared across splits. Because window-
ing is applied within contiguous blocks rather than across the
full stratified dataset, exact stratification of the original facies’
distribution is not guaranteed by construction; this tradeoff is
the cost of eliminating leakage.

3.3. Cross-validated evaluation protocol

A single, fixed depth-contiguous test block, while leakage-
free, is small on this 830-row, 2-well dataset and can, by chance,
miss one or more facies classes entirely. To obtain a fair and
statistically characterized performance estimate, with every fa-
cies class evaluated in at least four of the five folds, each well’s

Figure 4: Hybrid explainable transformer framework.

rows were further divided into 5 contiguous chunks, and 5-fold
cross-validation was performed: for each fold, one chunk from
every well was held out as the test block (with a further con-
tiguous split of the remaining data into training and validation),
a fresh HETF model was trained from a fixed random seed for
that fold, and performance was evaluated on that fold’s held-out
block. This ensured every facies class was evaluated in at least
4 of the 5 folds. All performance metrics reported in Section 4
and Section 6 are the mean ± standard deviation across these 5
folds.

3.4. Proposed HETF architecture

HETF architecture combines three parallel branches of fea-
ture extraction and then an attention-based fusion mechanism.
The branches are made in such a way that each branch is meant
to represent a complementary nature of the well-log data.

The structure of the Hybrid Explainable Transformer
Framework (HETF) created to address the problem of facies
classification of oil and gas exploration with the help of well-
log data is shown in Figure 4. The suggested architecture CNN,
BiLSTM and Transformer-based attention mechanisms in a sin-
gle explainable learning framework. The model is divided into
five key steps, such as input representation, parallel feature ex-
traction, attention-based fusion, classification, and explainabil-
ity with uncertainty quantification.

6
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3.4.1. 1D-CNN branch
The convolutional branch produces local patterns and

depth-wise correlations with the help of a series of one-
dimensional convolutional layers. The architecture comprises:

First convolutional layer: 64 filters, 3 Kernel size, ReLU
activation, same padding.

Training stabilization with a batch normalization.
Second convolutional layer using the kernel size of 3 and

ReLU activation.
Batch normalization
Max pooling: 2 downsampling pool size.
Third convolutional layer: 128 filters, 3-kernel, ReLU acti-

vation.
Reducing space by averaging globally.
Dropout: 0.3 rate for regularization
The result of this branch is a 128 dimensional feature vector

of local lithological patterns.

3.4.2. Bidirectional LSTM branch
The BiLSTM branch is able to capture both forward and

backward sequential dependencies, allowing the model to take
into account geological context on top and bottom of every
depth interval. The architecture is composed of:

First BiLSTM layer: 128 units with return sequences on.
Second BiLSTM layer: 64 units.
Dropout: 0.3 rate
The bidirectional arrangement enables the model to acquire

transitions among the types of facies by acting on the sequence
in both time directions at the same time.

3.4.3. Transformer branch
Transformer branch uses multi-head self-attention models

to capture long-range dependencies that might be out of range
of local receptive field of CNNs or memory of LSTMs. The
branch architecture consists of:

Dense projection: 128-dimensional embedding.
Position encoding to maintain information of depth order

which is shown in equation (3) and (4):

PE(pos,2i) = sin(pos/100002i/dmodel ) (3)

PE(pos,2i+1) = cos(pos/100002i/dmodel ) (4)

Two Transformer blocks each of which contains:
The 8-head multi-head attention.
Layer normalization (ε = 1e-6)
256 hidden units feed-forward network.
An explicit residual connection of the form , applied af-

ter both the attention and feed-forward sublayers, followed by
dropout (0.1 rate)

Aggregation of features by using global averaging.
Dropout: 0.3 rate

3.4.4. Attention-based fusion
The three outputs of the branches (128-dimensional each)

are combined with a learnable attention mechanism that dynam-
ically re-weights the contribution of each branch based on the
characteristics of the input. The fusion process can be given as
equation (5), (6) and (7):

hbranch = Stack(hCNN , hLS T M , hTrans f ormer) (5)

h f used = MultiHeadAttention(hbranch, hbranch) (6)

h f inal =
1
3

3∑︂
i=1

h(i)
f used (7)

A dense projection layer maps each branch’s output to a
shared 128-dimensional representation before attention compu-
tation, ensuring dimensional consistency across branches.

3.4.5. Classification head
The combined feature image is fed to a multi-layer percep-

tron classifier:
Dense layer (DL): ReLU activation, L2 regularization

(0.001) and 256 units,
Batch normalization
Dropout: 0.3 rate
Model: dense layer (DL): 128 units, L2 regularization

(0.001) and ReLU activation.
Batch normalization
Dropout: 0.3 rate
Output layer: 9 units, softmax activation of probability dis-

tribution of classes.
The last output is the estimated likelihood of each facies

class, and the class that has the highest likelihood is chosen as
the prediction.

3.5. Training procedure

3.5.1. Loss function

L = −
(︄

1
N

)︄
Σ(n = 1toN)Σ(i = 1toC)y{n,i} log

(︁
ŷ{n,i}

)︁
(8)

Given the pronounced class imbalance in this dataset (per-
class training window counts ranging from a few dozen to sev-
eral hundred), inverse-frequency class weights were computed
from each fold’s training set and passed to the loss function
during training, up-weighting rare classes’ contribution to the
gradient. This treatment was found to be necessary but not suf-
ficient: even with class weighting applied, the smallest classes
still achieve poor F1-scores (Section 4.5), indicating that class
weighting alone cannot compensate for the small absolute num-
ber of training examples available for these facies in this dataset
(see Section 5.4).
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3.5.2. Optimization
The Adam optimizer was used with a learning rate of 0.001,

β1 = 0.9, β2 = 0.999, and ε = 1e-7. The batch size was chosen
as 32 to trade-off between memory limitations and stability of
gradient estimations.

Hyperparameters were determined using a preliminary grid
search over learning rates {0.01, 0.001, 0.0001} and over batch
size {16, 32, 64} using the validation macro F1 score as the
selection criteria. The best results for stability with no oscilla-
tion in the validation loss occurred with a learning rate of 0.001
and a batch size of 32. The maximum number of epochs was
set to 100, with early stopping (Section 3.5.3) halting training
between epoch 16 and 35 across folds (mean 27.6 epochs). See
Section 4.2 for the observed training behavior underlying the
reported results.

3.5.3. Regularization
Regularization techniques used in order to avoid overfitting

included:
Weight regularization (L2, λ = 0.001) of the dense layers.
After extraction of features (dropout rate 0.3) and in the

classifier.
Validation loss early stopping of 15 epochs.
Reduce learning rate when plateau (factor = 0.5, patience =

5 epochs) and minimum learning rate = 1e-6.

3.5.4. Implementation details
TensorFlow 2.12 has been used with Keras API to imple-

ment the model. Experiments were performed on a CPU-based
machine (8 cores, 16 GB RAM) to prove that it is practically
accessible and can be used by exploration teams without the
need of specific GPU infrastructure. Full software and hard-
ware specifications are summarized in Table 2 . This CPU-only
configuration took some 4.94 minutes (296.3 seconds) to train
the full model, and some 1.02 seconds (mean of 50 timed calls,
std 0.27 s, 95th percentile 1.41 s) to make an inference from a
single 20 sample sequence, which is very convenient for field
teams that are tasked with doing offline/batch analysis but do
not have access to dedicated GPU resources."

3.6. Uncertainty quantification
Monte Carlo Dropout was used to estimate epistemic uncer-

tainty by keeping dropout layers active during inference, rather
than disabling them as in standard deterministic inference. To
test a sample of a stochastic forward pass, T forward passes
were made, which resulted in a distribution of predictions. Pre-
dictive mean and uncertainty were calculated equation (9) and
(10):

ˆ︁µpred =
1
T

T∑︂
t=1

f (x;θt) (9)

ˆ︁σ2
pred =

(︄
1
T

)︄
Σ(t = 1toT )

(︂
f (x; θt) −ˆ︁µpred

)︂2
(10)

where T is the number of stochastic forward passes (T =
50 in this study) and θt denotes the model’s dropout-sampled

weights at forward pass t. This empirical variance of the class
probabilities across the T forward passes was the quantity ac-
tually calculated and used to measure epistemic uncertainty for
each prediction.

3.7. Model Explainability

They added SHapley Additive exPlanations (SHAP) to give
both global and local interpretability to the model predictions.
SHAP values break down each prediction into contributions of
the features using cooperative game theory, and meet the prop-
erties of local accuracy, missingness, and consistency.

To compute the SHAP value (of a feature) the prediction
f(x) presented in equation (11):

ϕi =
∑︂

S⊆F∖{i}

| S |!(| F | − | S | −1)!
| F |!

×
[︁
fS∪{i}(xS∪{i}) − fS (xS )

]︁ (11)

where F is the set of all features, and is the model’s ex-
isting (already-trained) prediction function evaluated on in-
puts where features outside subset S are replaced by their
background (masked) values, KernelSHAP evaluates the single
trained model under different feature-masking coalitions and
does not retrain a separate model for each subset . KernelSHAP
was run with 20 background samples and 200 sampled coali-
tions to estimate SHAP values for 5 representative held-out
test predictions, reduced from a larger initial configuration due
to the computational cost of evaluating this architecture under
KernelSHAP on CPU-only hardware. Per-timestep SHAP con-
tributions were summed across each window’s 20 timesteps to
obtain one SHAP value per named feature.

3.8. Baseline models

To verify the suggested HETF, five baseline and ablation
models were trained and evaluated under the identical leakage-
free, 5-fold cross-validated protocol used for HETF (Sections
3.2 to 3.3), so that all six models are directly and fairly compa-
rable:

Random Forest (RF): 100 estimators, max depth = None.
XGBoost: 100 estimators, max depth = 6, learning rate =

0.1.
1D-CNN: Single-branch CNN of the same architecture as

the CNN branch of HETF.
BiLSTM: Single-branch BiLSTM with the same architec-

ture as HETF LSTM branch.
Transformer: Single-branch Transformer of the same struc-

ture as HETF Transformer branch.
Random Forest and XGBoost are deterministic given a

fixed seed and reproduced identical results across repeated
runs; the neural network models (CNN-only, BiLSTM-only,
Transformer-only, HETF) show run-to-run variation consistent
with the CPU-based training stochasticity documented else-
where in this manuscript, though the core finding, that HETF’s
fusion underperforms its alternatives, holds across repeated
runs.

8
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Table 2: Software and hardware specifications.

S/N Tool used Specific Tools
1 Programming Lan-

guage
Python 3.9

2 Deep Learning
Framework

TensorFlow 2.12

3 Libraries scikit-learn 1.2,
SHAP 0.41, NumPy
1.23, Pandas 1.5,
Matplotlib 3.5

4 Additional Hardware CPU (8 cores, 16
GB RAM) - demon-
strating accessibility
without GPU require-
ments

3.9. Proposed cross-well transfer protocol (future work)

Both wells in this study (STUART and CRAWFORD) are
located in the same Hugoton Basin, so a transfer experiment be-
tween them is considered a cross-well (not cross-basin) trans-
fer; we correct this terminology throughout. On investiga-
tion, there was no implementation of the four strategies re-
ported below anywhere in the accompanying codebase; the
previously reported 85.7% described an experiment that was
never executed. We suggest, as future work, a leakage-free
cross-well transfer protocol using four strategies evaluated on
a held-out, depth-contiguous block of the target well not used
in training or fine-tuning: (i) direct transfer, no adaptation; (ii)
target-domain normalization, target features re-standardized us-
ing target-well statistics; (iii) adversarial domain adaptation, a
gradient-reversal domain-invariance objective; (iv) fine-tuning
— source-trained model fine-tuned on a small labeled fraction
of the target well. All four strategies are included in the accom-
panying code repository as a reference implementation; execu-
tion and a real result reporting are left for a focused follow-up
study.

3.10. Software and hardware specifications

The software and hardware specifications are presented in
Table 2.

4. Results

4.1. Experimental setup

The Hybrid Explainable Transformer Framework (HETF)
was tested on the SEG 2016 facies classification dataset of
830 samples in two wells (STUART and CRAWFORD) of the
Hugoton Basin, Kansas. HETF was assessed by the proto-
col described in Sections 3.2–3.3, which was validated by 5-
fold cross-validation and was leakage-free. The rows in each
well were subdivided into 5 contiguous chunks, and for each
fold, one chunk was kept as a test chunk, while the rest of the

Figure 5: Training and validation loss curves.

Figure 6: Training and validation accuracy curves.

chunks were again divided into contiguous training and valida-
tion chunks. Because blocks are not randomly sampled, but in-
stead sampled by depth-contiguity, this design does not ensure
exact stratification of the original facies’ distribution, though
it is a desired benefit when trying to prevent leakage. All the
models for each fold were trained separately with TensorFlow
2.12 on a CPU-only machine (8 CPU, 16 GB RAM).

4.2. Training dynamics

Training and validation loss/accuracy curves (Figures 5 and
6) show a consistent pattern across all folds of a complete cross-
validation run: early stopping halts training between epoch 16
and 35 of the requested maximum of 100 (mean 27.6 epochs),
with training accuracy reaching 85 – 98% while validation ac-
curacy plateaus at 30 – 70%, a substantial and consistent over-
fitting gap, not the near-perfect fit previously claimed.

4.3. Quantitative performance evaluation

Table 3 shows a detailed comparison between the proposed
HETF, five baseline and ablation models, all evaluated under
the identical protocol.

9
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Table 3: Model performance comparison under an identical leakage-free five-fold protocol.

Model Accuracy Macro F1 AUC Evaluation Protocol
Random Forest 0.725 ± 0.090 0.408 ± 0.067 0.893 Leakage-free, 5-fold CV

(identical protocol)
XGBoost 0.752 ± 0.075 0.468 ± 0.053 0.888 Leakage-free, 5-fold CV

(identical protocol)
CNN-only 0.398 ± 0.119 0.219 ± 0.053 0.736 Leakage-free, 5-fold CV

(identical protocol)
BiLSTM-only 0.623 ± 0.087 0.396 ± 0.061 0.828 Leakage-free, 5-fold CV

(identical protocol)
Transformer-only 0.764 ± 0.116 0.492 ± 0.142 0.944 Leakage-free, 5-fold CV

(identical protocol)
HETF (full) 0.614 ± 0.152 0.380 ± 0.094 0.849 Leakage-free, 5-fold CV

(identical protocol)

All six models were trained and evaluated on the exact same
five folds, using the same random seed per fold, so the compar-
ison above is fully controlled. Random Forest and XGBoost
are deterministic given a fixed seed; the neural network mod-
els show some run-to-run variation consistent with CPU-based
training stochasticity documented elsewhere in this manuscript.
Per-fold AUC is undefined for every model, since every fold is
missing at least one facies class from its test block; the AUC re-
ported above is a pooled AUC, computed by concatenating all
five folds’ test predictions per model before scoring, so every
class present anywhere in the dataset is represented. The single
Transformer branch achieves the highest accuracy, macro F1,
and pooled AUC of any model tested, ahead of both gradient-
boosted baselines; the full HETF fusion underperforms all three
of these alternatives, indicating that combining branches does
not currently improve performance on this dataset.

HETF’s performance relative to the baseline and ablation
models is reported numerically in Table 3 above; all six models
were evaluated under the identical leakage-free protocol, so the
comparison is fully valid.

4.4. Confusion matrix analysis
The confusion matrix (Figure 7) gives a graphical view

of the distribution of classification patterns of the nine facies
classes. The diagonal elements indicate proper classifications,
whereas off-diagonal elements indicate misclassifications.

The normalized confusion matrix (Figure 8) presents the
values as the percentage of the true sample of classes correctly
or wrongly classified.

4.4.1. Observations from the confusion matrices
Detailed per-class confusion patterns are reported in Table

4 (Section 4.5).

4.5. Per-class performance metrics
Figure 9 presents the precision, recall, and F1-score of each

class in a bar chart format to examine the performance of all
nine facies classes.

The finer-grained per-class performance values that are de-
rived from Figure 9 are given in Table 4.

Figure 7: Confusion matrix - HETF predictions.

Table 4: Pooled per-class F1-score, five-fold cross-validation.

Facies Class F1-Score (pooled) Total Test Support
(across 5 folds)

Class 1 0 13
Class 2 0.757 161
Class 3 0.226 41
Class 4 0.153 57
Class 5 0.083 24
Class 6 0.779 175
Class 7 0.675 77
Class 8 0.546 63
Class 9 0.186 29

Classes 1, 3, 4, 5, and 9 have between 13 and 57 total eval-
uation windows across all folds, compared to 161 to 175 for
the best-performing classes. Class weighting was applied dur-
ing training and did not resolve this gap, indicating the prob-
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Figure 8: Normalized confusion matrix (row-wise %).

Figure 9: Per-class performance metrics.

lem is primarily sample scarcity, not solely model bias, since
the model has too few real examples of these classes to learn
from regardless of how training loss weights them. Geological
similarity between some minority classes may be a secondary,
unquantified contributing factor, but is not conflated with the
scarcity explanation here.

4.6. Uncertainty quantification results
Figure 10 shows the uncertainty profile of the depth, which

indicates that each sample of a test is a point with the color of
the true facies class. This visualization demonstrates the varia-
tion in prediction uncertainty with depth and the type of facies.

Figure 11 illustrates the distribution of the prediction confi-
dence of the entire test samples, which gives information on the
calibration, and reliability of the model.

A rigorous boundary-vs-interior uncertainty comparison
has not yet been performed under the corrected protocol and
is necessary before any directional claim can be made; this is
left as a specific item of future work (see Section 5.4).

4.7. SHAP Feature Importance Analysis
SHAP analysis (Figure 12), computed using KernelSHAP

with 20 background samples and 200 sampled coalitions over

Figure 10: Uncertainty profile with depth.

Figure 11: Confidence distribution.

5 representative test predictions, identifies deep resistivity
(ILD_log10, mean |SHAP| = 0.057) as the most influential
feature for facies prediction, followed by neutron porosity
(PHIND, 0.040) and gamma ray (GR, 0.026). This limited con-
figuration supports a preliminary, illustrative feature-ranking
rather than a fully powered global feature-importance claim; a
larger-scale SHAP evaluation is left as future work. This is con-
sistent with the established petrophysical role of resistivity logs
in distinguishing marine from non-marine facies in this dataset.
The non-marine marker (NM_M) contributed negligibly (mean
|SHAP| ≈ 0.000), suggesting its signal is largely redundant with
RELPOS and the continuous logs.

4.8. HETF architecture overview

The overall architectural scheme of the proposed Hybrid
Explainable Transformer Framework is illustrated in Figure 13,
the data flow between input and prediction.

5. Discussion

5.1. Architectural design and overfitting behavior

Training curves across all folds of a complete cross-
validation run show a consistent pattern: training accuracy
reaches 85 – 98% while validation accuracy plateaus at 30
– 70%, indicating that HETF, at its current parameter count,
overfits substantially relative to the training data available per
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Figure 12: SHAP feature importance - bar chart.

Figure 13: HETF architecture diagram.

fold (approximately 525 windows). The ablation study in Ta-
ble 3 confirms this directly: the single Transformer branch
alone (76.4% accuracy) outperforms the full three-branch fu-
sion (61.4% accuracy) by a wide margin, and the CNN branch
alone performs worst of all deep learning variants (39.8% ac-
curacy), suggesting the convolutional branch contributes noise
rather than useful signal at this data scale, and that fusing it with
the other branches degrades rather than improves the Trans-
former branch’s standalone performance.

This is consistent with the per-class results in Table 4:
classes with more training examples (2, 6, 7) are learned suc-
cessfully, while classes with few examples (1, 3, 4, 5, 9) are not,
regardless of the class-weighting scheme applied during train-

ing.

5.1.1. Geological consistency of predictions
The confusion matrix analysis indicates that the misclassifi-

cations are mostly between petrophysically similar lithologies:
Sandstone Classes (1 and 4): Both exhibit low GR, low PE,

and moderate resistivity
Carbonate Classes (7, 8, and 9): All show elevated PE val-

ues with subtle variations
Shale Classes (2, 3, and 6): Distinguished primarily by GR

values and depositional context
This pattern is consistent with conventional petrophysical

principles for the classes the model successfully learns; how-
ever, given that four of nine classes were not reliably learned
at all (Table 4), this should be read as evidence that success-
ful predictions are geologically sensible, not as a general claim
that the model has learned physically significant relationships
across all facies.

5.1.2. SHAP explainability validation
The real, computed SHAP analysis identifies deep resistiv-

ity (ILD_log10, mean |SHAP| = 0.057) as the most influen-
tial feature, followed by neutron porosity (PHIND, 0.040) and
gamma ray (GR, 0.026). ILD_log10’s leading role is consistent
with its established petrophysical sensitivity to hydrocarbon
presence and lithological change. GR’s continued high ranking
(third) is consistent with its conventional role in distinguishing
shale from sandstone/carbonate facies. NM_M (the non-marine
binary marker) contributed negligibly (mean |SHAP| ≈ 0.000),
suggesting its information is largely redundant with RELPOS
and the continuous logs.

5.1.3. Uncertainty calibration
A rigorous boundary-vs-interior uncertainty comparison,

flagging test samples within a small number of positions of a
facies-class transition and comparing their mean epistemic un-
certainty against non-boundary samples, has not yet been per-
formed under the corrected evaluation protocol and is necessary
before any directional claim about uncertainty at facies bound-
aries can be made. Practical implications include:

5.2. Comparison with prior literature (non-comparative)

Table 5 is a comparative study of the proposed HETF with
other studies of facies classification that has been published be-
fore:

We do not know whether the reported figures from prior
literature reflect a similarly leakage-free evaluation; a fair com-
parison would require re-implementing each under the present
study’s blocked cross-validation protocol, which is left for fu-
ture work. No state-of-the-art or superiority claim is made in
this revision.

5.3. Practical implications for petroleum exploration

5.3.1. Operational efficiency
Automated facies classification, once a model achieves re-

liable performance across the full set of target facies, has the
12
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Table 5: Branch contributions to performance.

Branch Captures Contribution to Performance
1D-CNN Local patterns and depth-wise correla-

tions
Thin-bed detection, sharp boundaries

BiLSTM Sequential dependencies and facies tran-
sitions

Stratigraphic succession learning

Transformer Long-range stratigraphic relationships Regional context, cyclic patterns

Table 6: Practical implications of uncertainty estimation.

Application Benefit
Risk Assessment High-uncertainty predictions

flagged for expert review
Active Learning Uncertainty guides selection

of samples for labeling
Decision Support Confidence thresholds tuned

for specific applications

potential to reduce manual interpretation time relative to expert-
driven workflows; realizing this benefit for the nine-class prob-
lem studied here depends on first closing the per-class perfor-
mance gap documented in Table 4, particularly for Classes 1,
3, 4, 5, and 9. Given the results in Table 3, XGBoost is cur-
rently the more practical choice for this task; HETF’s value at
this data scale lies primarily in its explainability and uncertainty
outputs rather than in classification accuracy. Quantitative esti-
mates of time savings, accuracy relative to human interpreters,
or scalability to larger well datasets are not demonstrated by the
experiments in this study (which used two wells and 830 sam-
ples) and are not claimed here; these would require a dedicated
user study and larger-scale evaluation, left as future work.

5.3.2. Knowledge transfer
A rigorous, leakage-free cross-well transfer evaluation (pro-

posed protocol, Section 3.9) is needed before any claim can
be made about how well this framework adapts to a new well
with limited labeled data. This remains a priority direction for
follow-up work.

5.4. Limitations

(1) Class imbalance prevents reliable learning for 5 of 9
classes (F1 < 0.23) at available sample sizes (13–57 windows);
class weighting did not resolve this. (2) The model overfits sub-
stantially relative to the 525-window per-fold training data. (3)
Accuracy varies 52 – 61% across four repeated cross-validation
runs; no single point estimate, including the original 92.3%, is
representative. (4) Two wells, one basin; genuine cross-basin
claims require an independent basin. (5) Under the identical
leakage-free protocol, HETF’s fused architecture does not out-
perform simpler baselines (Random Forest, XGBoost) or its
own single-branch components (the Transformer branch alone
outperforms the full fusion); the added architectural complexity
is not currently justified at this dataset’s scale (approximately
525 training windows per fold). (6) Cross-well transfer protocol

implemented but not yet executed. (7) SHAP computed for 5
representative predictions with a reduced background/coalition
configuration due to CPU constraints.

6. Conclusion

This paper presented the Hybrid Explainable Transformer
Framework (HETF) for facies classification in oil and gas
exploration, alongside a rigorous, leakage-free evaluation
methodology, explainable AI, uncertainty quantification, and a
proposed protocol for cross-well generalization. A controlled
ablation study and baseline comparison, conducted under the
identical evaluation protocol as HETF’s own results, found
that HETF’s fused architecture does not outperform simpler
baselines or its own single-branch components at this dataset’s
scale; this honest finding, rather than a claim of superior accu-
racy, is reported as part of this study’s contribution.

6.1. Summary of the results
Under a leakage-free, 5-fold cross-validated protocol in

which every facies class is evaluated in at least four of the five
folds, HETF achieves 61.4% accuracy and 38.0% macro F1-
score. This is substantially lower than the 92.3% obtained under
the original naive random-window split, a gap attributable to
data leakage. Under the same protocol, the single Transformer
branch alone achieves 76.4% accuracy, XGBoost 75.2%, and
Random Forest 72.5%, all outperforming full HETF; the pooled
AUC (computed across all five folds’ test sets combined, since
per-fold AUC is undefined when a fold’s test block is missing a
facies class) is 0.944 for Transformer-only, 0.893 for Random
Forest, 0.888 for XGBoost, and 0.849 for HETF.

This indicates the architectural complexity added by branch
fusion is not currently justified at this dataset’s scale: HETF
underperforms not only simpler non-neural baselines but its
own single strongest branch. Performance is strong for well-
represented facies (Classes 2, 6, 7; F1 = 0.55 to 0.78) and poor
for underrepresented facies (Classes 1, 3, 4, 5, 9; F1 < 0.23).
Verified SHAP analysis identifies deep resistivity (ILD_log10)
as the most influential feature (mean |SHAP| = 0.057), correct-
ing the previous claim (and the corrupted “mean |human|” text)
that gamma ray was most influential.

6.2. Contributions to the field
Machine learning has shown a lot of promise in enhancing

the accuracy, efficiency, and consistency of the facies classifi-
cation in oil and gas exploration. The HETF framework repre-
sents a step toward addressing perennial issues related to inter-
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Table 7: Comparison with literature

Study Method Dataset Accuracy
Merembayev et al. (2021) Ensemble ML Norwegian/Kazakhstani 0.84-0.87
Aliouane and Ouadfeul (2019) Random Forest Western Canadian Basin 0.82
Xie and Spikes (2021) Hybrid Deep Learning Persian Gulf 0.89
Chandra et al. (2022) Multi-scale CNN SEG 2016 0.88
Proposed study HETF SEG 2016 0.614 (5-fold CV, leakage-

free; outperformed by
Transformer-only at 0.764,
XGBoost at 0.752, and Ran-
dom Forest at 0.725 under the
identical protocol, see Table 3

Table 8: Summary of contributions and status.

Contribution / Component Description / Status
Leakage Detection and Correction Identified and corrected a data-leakage pattern; demonstrated

its 30-percentage-point impact; released a reusable leakage-free
evaluation implementation.

Rigorous Ablation and Baseline Comparison Trained and evaluated Random Forest, XGBoost, and single-
branch CNN, BiLSTM, and Transformer models under the iden-
tical leakage-free protocol as HETF, showing that architectural
fusion does not currently improve performance at this dataset’s
scale, an honest, actionable finding for the facies-classification
community.

Explainable AI Real, verified SHAP feature-importance analysis, identifying
ILD_log10, PHIND, and GR as the dominant features.

Uncertainty Quantification Corrected Monte Carlo Dropout formulation with a properly de-
fined uncertainty measure; boundary-uncertainty and calibration
claims deferred pending a rigorous computation (Section 5.4).

Open Source Complete code provided for reproducibility.

pretability of models, quantification of uncertainties, and cross-
well transfer, though substantial further validation is required
before these issues can be considered resolved. Two of the
most serious obstacles to real-world applications explainable
AI and uncertainty-aware prediction overcome the lack of trust
in black-box models and the inability to estimate the reliability
of the prediction.

This is furthered by the provision of the entire implemen-
tation, such as data preprocessing, model architecture, train-
ing pipeline, uncertainty quantification, explainability analysis,
and visualization modules to make it reproducible and adopt-
able by the research community. The future scope of work will
be on multi-basin validation, incorporation of 3D seismic data,
physics-informed learning constraints, and active learning sys-
tems of efficient label acquisition.

Data availability

The well-log data utilized in this study
(well_data_with_facies.csv, a dataset of STUART and
CRAWFORD well data from the Hugoton Basin, Kansas,
labeled with nine facies classes) is freely available on the
SEG 2016 Machine Learning Contest on facies classification

website, https://github.com/brendonhall/facies_classificatio
n/blob/master/well_data_with_facies.csv, and was originally
compiled by Brendon Hall for the SEG 2016 Machine Learn-
ing Contest on facies classification. Scripts implementing the
HETF framework (including the data preprocessing, model
architecture, training, and evaluation scripts) are available at
https://github.com/mabamanga/Facies_Classification.git.
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