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Abstract

Lithology identification is a key task in petroleum geological exploration and development,
essential for evaluating sweet spots and characterizing reservoirs. A significant challenge in
lithology identification is the insufficient accuracy of traditional machine learning methods
due to the uneven distribution of geological data categories. To address this, we pro-
pose a novel lithology identification framework combining a denoising diffusion model
with auxiliary classification, a neural network with channel attention mechanisms, and
a bidirectional Gated Recurrent Unit (GRU). The proposed framework first employs the
Auxiliary Classification Denoising Diffusion Probabilistic Model (A-CDPM) to generate
high-quality well log data, effectively balancing the data classes. Secondly, it utilizes a
multi-scale convolutional model with channel attention mechanisms and a Bidirectional
GRU classification model, which automatically adjusts feature weights and effectively
integrates information from different well log data. Experimental results demonstrate that
our method significantly improves lithology identification accuracy, achieving 86.66% on
datasets from the Hugoton and Panoma fields in Kansas, USA. Compared to traditional
methods, this framework substantially enhances recognition precision, providing a novel
and effective solution for lithology identification in petroleum geological exploration.

Keywords: lithology identification; denoising diffusion model; channel attention mecha-
nism; data imbalance

1. Introduction
Lithology identification is a critical aspect of petroleum exploration and development,

playing a vital role in sweet spot evaluation, reservoir characterization, reservoir interval
division, and development planning [1–4]. In practical oil and gas exploration and develop-
ment, lithology identification is challenged by strong formation heterogeneity, complex de-
positional structures, overlapping well-log responses, limited core availability, insufficient
lithology labels, and uneven lithological distributions [5,6]. Reliable lithology labels are
usually obtained from core observations, laboratory analysis, mud logging interpretation,
or expert geological interpretation, which are costly, time-consuming, and difficult to obtain
continuously along the whole well interval [7–9]. As a result, available labeled samples are
often limited, and minority lithologies may be seriously underrepresented in the training
dataset. In many reservoirs, these minority lithologies may occur only in thin interbeds or
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transitional zones, but they can still strongly influence reservoir connectivity, fluid migra-
tion, and reservoir quality [10]. Therefore, inaccurate identification of these lithologies may
lead to biased reservoir characterization and unreliable sweet spot evaluation [11]. These
practical challenges highlight the need for robust lithology identification methods capable
of handling heterogeneous, label-limited, and imbalanced well-log data. Accordingly,
improving lithology identification under complex and imbalanced well-log conditions is
not merely a classification problem, but is directly related to the reliability of reservoir
characterization, sweet spot prediction, and subsequent development decision-making.

Traditional lithology identification primarily relies on core analysis and well-log
cross-plot analysis [12,13]. Core analysis involves geological experts examining core or
lithology samples under a microscope and conducting physicochemical experiments to
determine lithology [14]. While this method provides accurate information, it is costly
and time-consuming. The well-log cross-plot analysis infers lithology by analyzing the
relationships among multiple well-log curves. However, its accuracy is often limited
by overlapping logging responses and formation heterogeneity, particularly in complex
formations, where the errors in the intersection diagrams are significant, leading to lower
classification accuracy [15,16].

In recent years, machine learning methods, especially deep learning techniques, have
attracted increasing attention for data-driven lithology identification because they can
automatically extract lithology-related features from large-scale well-log data and reduce
reliance on manual interpretation [17]. Techniques such as Support Vector Machines
(SVM) [18], decision trees, and random forests have shown promising results in some
lithology classification tasks [19]. However, traditional machine learning models and
methods are constrained by data quality, with model predictions tending to be biased
toward the majority class and failing to capture the minority classes comprehensively. To
address this issue, researchers have proposed various approaches, such as oversampling,
undersampling, and SMOTE [20–22]. Nevertheless, these methods notably suffer from
poor sample quality and generate data that often deviates from geological consistency.
While generative adversarial networks (GANs) have been widely applied in well-log data
augmentation [23–26], training instability and mode collapse remain longstanding issues.

In recent years, diffusion models [27] have gained widespread application in the geo-
sciences due to their excellent generative capabilities. Diffusion models have demonstrated
higher stability and expressive power compared to traditional generative models in geo-
physical data modeling and inversion. For example, in multivariate subsurface property
generation and probabilistic inversion tasks, diffusion models are capable of modeling
multi-attribute geological bodies under complex lithological conditions, improving the
detail and accuracy of subsurface descriptions [28–30]. In well-log reconstruction and data
augmentation, diffusion models have also been employed to reconstruct incomplete logging
curves and generate geologically plausible samples [31–33], effectively mitigating errors
caused by data incompleteness. However, despite these advances, existing studies have
mainly focused on data reconstruction or general data generation, while their application
to lithology identification under limited and imbalanced well-log data conditions remains
insufficiently explored. In particular, the integration of class-guided diffusion-based aug-
mentation with discriminative deep feature learning for complex lithology classification is
still lacking.

Although these studies demonstrate the potential of diffusion models in geophysical
data generation and reconstruction, most of them are generation- or reconstruction-oriented.
Their primary goal is to generate geologically plausible data or reconstruct incomplete geo-
physical records. In contrast, this study is classification-oriented and focuses on lithology
identification under label-limited and imbalanced well-log data conditions. The proposed
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A-CDPM does not aim to denoise or impute original well-log curves. Instead, it intro-
duces lithology labels and an auxiliary classifier into the diffusion process to guide sample
generation toward the target lithology class, thereby improving the class consistency of
generated minority samples. This design enables the generated samples to better serve the
subsequent lithology classification task.

Moreover, the lithology identification classifier is designed to improve discriminative
feature learning from complex well-log responses. It incorporates multi-scale convolution,
channel attention, and a bidirectional gated recurrent unit (BiGRU). The BiGRU is an
extension of the gated recurrent unit (GRU), a type of recurrent neural network (RNN)
that allows for both forward and backward information processing. Specifically, multi-
scale convolution captures logging-response patterns at different depth scales, channel
attention adaptively recalibrates informative feature channels, and BiGRU models depth-
wise contextual dependencies.

To address the above issues, this paper proposes an A-CDPM-MSBG (Auxiliary Clas-
sification Denoising Diffusion Probabilistic Model with Multi-Scale Convolution, Channel
Attention, and BiGRU) framework for lithology identification under complex and im-
balanced data conditions. The framework combines auxiliary-classifier-guided diffusion
augmentation with a discriminative lithology identification classifier based on multi-scale
convolution, channel attention, and BiGRU. The main contributions of this paper are
as follows:

(1) A lithology-oriented auxiliary-classifier-guided diffusion framework, termed Auxil-
iary Classification Denoising Diffusion Probabilistic Model (A-CDPM), is developed to
generate class-consistent well-log samples for minority lithologies, thereby alleviating
lithology-label scarcity and class imbalance in lithology identification.

(2) A discriminative lithology identification classifier integrating multi-scale convolution,
channel attention, and BiGRU is developed to capture logging-response patterns at
different depth scales, recalibrate informative feature channels, and model depth-wise
contextual dependencies, thereby improving lithology identification performance in
complex formations.

The remainder of this paper is organized as follows. Section 2 introduces the overall
workflow of the proposed A-CDPM-MSBG framework and presents the dataset, with
emphasis on well-log data balancing and lithological feature extraction. Section 3 reports the
results of the ablation and comparative experiments. Section 4 discusses the experimental
findings. Section 5 concludes the paper and outlines future work.

2. Materials and Methods
The workflow of the proposed A-CDPM-MSBG framework is illustrated in Figure 1,

which mainly consists of two stages: data balancing and lithology identification. In the data
balancing stage, A-CDPM is employed to generate well-log samples for minority classes,
thereby alleviating data imbalance. In the lithology identification stage, a multi-scale convo-
lutional network incorporating a channel attention mechanism is used to identify lithology.

2.1. Dataset Preparation and Description

The study area of this experiment is located in the Hugoton and Panoma oil fields,
situated in the southwestern part of Kansas and the northwestern part of Oklahoma,
USA [34]. This region is one of the largest oil and gas fields in North America, with a total
natural gas production of 9.63 × 108 m3.
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Figure 1. The workflow of the (A-CDPM-MSBG). Data balancing addresses how to balance imbal-
anced datasets, while lithology identification explains how the network recognizes lithology.

The experimental dataset is derived from core sample analysis of twelve wells in the
region: SHRIMPLIN, ALEXANDER D, SHANKLE, LUKE G U, KIMZEY A, CROSS H,
CATTLE NOLAN, Recruit F9, NEWBY, CHURCHMAN BIBLE, STUART, and CRAWFORD.
The locations of the twelve wells are shown in Figure 2. The dataset includes well log data
with a sampling interval of 0.5 m. The features of the well log data include natural gamma
(GR), photoelectric factor (PE), deep resistivity (ILD), neutron density porosity (DeltaPHI),
and average neutron density porosity (PHIND). Geological constraint variables include
marine and non-marine indices (NM_M) and relative positions (RELPOS).
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Figure 2. The locations of 12 oil wells in the Hugoton and Panoma oil fields of the study area [34].

2.2. Well Log Data Balancing Method

The input format of the well log data for the diffusion model is represented as
(batch_size, num_channels, sequence_length), where batch_size refers to the number of
samples in a batch, num_channels represents the number of well log channels, indicating the
different well log features, and sequence_length refers to the number of sampling data points.

The model proposed in this paper, based on the auxiliary classifier and DDPM, consists
of two main stages: the diffusion stage and the sampling generation stage. In the diffusion
stage, noise is gradually injected into the well log data through a controlled noise-adding
process, which corrupts the data in a stepwise manner, allowing the neural network to
learn from it. The backbone network of the diffusion model typically uses MLP (Multilayer
Perceptron) or U-net [35]. Among these, U-net is preferred for its encoder–decoder struc-
ture and skip connections, which make it highly suitable for handling one-dimensional
sequential data, such as well log data. The 1D-Unet predicts the noise distribution at each
diffusion step, guiding the data generation during the sampling process. Additionally, an
auxiliary classifier is trained in the diffusion stage to help the network generate correct
lithology samples during the sampling process. The classifier assists in maintaining cate-
gory consistency, ensuring more accurate sample generation. The structure of the 1D-Unet
network is shown in Figure 3. The input tensor is formatted as (B, C, L), where B, C, and
L denote the batch size, the number of input well-log channels, and the sequence length,
respectively. As shown in Figure 3, the 1D U-Net backbone adopts an encoder–decoder
architecture with skip connections to extract and reconstruct multi-scale sequential features.
The input projection layer maps the input channels to 64 feature channels using a 1D
convolution with a kernel size of 3. The encoder consists of four stages with channel sizes
of 64, 128, 256, and 512, corresponding to channel multipliers of [1, 2, 4, 8]. Each stage
contains two residual blocks, and down-sampling with a factor of 2 is performed between
consecutive stages. The bottleneck contains two residual blocks with one self-attention
block inserted between them. The decoder mirrors the encoder and progressively restores
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the sequence resolution through up-sampling. GroupNorm and SiLU activation are used
in the output head, and the time embedding dimension is set to 256.

(B,C,L) (B,C,L)

Input

Conv1d
k=3

Encoder Decoder

ˆ ( , )tx tθε
Predicted nosie

Output

64C → 64 C→

Downsample×2

Downsample×2

Downsample×2

Skip Connection

Upsample×2

Upsample×2

Upsample×2

Encoder Stage1

GroupNorm
＋SiLU＋

Conv1d

Encoder Stage2

Encoder Stage3

Encoder Stage4

Decoder Stage1

Decoder Stage2

Decoder Stage3

Decoder Stage4

Skip Connection

L, 64 channels
2×Residual Blocks

L/2, 128 channels
2×Residual Blocks

L/4, 256 channels
2×Residual Blocks

L/8, 512 channels
2×Residual Blocks

L, 64 channels
2×Residual Blocks

L/2, 128 channels
2×Residual Blocks
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Skip Connection

Resudual Block
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Self-Attention
Block

Bottleneck

Input well-log
sequence

Figure 3. Architecture of the 1D U-Net backbone. The network adopts an encoder–decoder structure
with skip connections. The encoder and decoder contain four stages with channel multipliers of [1, 2,
4, 8], and each stage includes two residual blocks. A self-attention block is inserted at the bottleneck.

Diffusion Process:
The diffusion stage is a Markov chain that maps x0 to xt, progressively adding noise

to the well-log data over T time steps. This process can be represented as:

xt =
√

1− βtxt−1 +
√

βtεt−1 (1)

where xt represents the state of the well-log data at time step t, βt is the noise scaling factor,
and εt−1 is Gaussian noise sampled from a normal distribution. The noisy well-log data
xt and time step t are then input into the 1D U-Net network to predict the noise at each
diffusion step.

To help the model distinguish different diffusion states, the time step t is encoded
using sine and cosine positional encoding:

T(2i) = sin
(

t

10000
2i
d

)
(2)

T(2i+1) = cos
(

t

10000
2i
d

)
(3)

where 2i and 2i + 1 denote the even and odd positions in the positional encoding, respec-
tively, and d represents the model dimension. The model is trained by minimizing the noise
prediction error. The loss function can be formulated as follows:

L = Ex0, t, εt

[
||εθ(xt, t)− εt||2

]
(4)

where x0 represents the original clean data, xt represents the noisy data at time step t, and
εt is the noise. The model predicts the noise εθ(xt, t) from the noisy data xt and compares it
with the actual noise εt using the mean squared error (MSE) loss function. The diffusion
process is shown in Figure 4.
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Figure 4. Diffusion process. From left to right, x0 is gradually transformed into xt by adding noise
according to Equation (1). From bottom to top, the 1D U-Net is applied at each diffusion step to
predict the noise distribution ε, thereby guiding the sampling process. The loss is computed using
the mean squared error (MSE) to ensure that the generated data align with the true data distribution,
and the network parameters are updated accordingly.

Sampling Process:
The auxiliary classifier estimates the conditional probability distribution pϕ(y | xt, t)

from the noisy data xt and the time variable t:

pϕ(y|xt, t) = so f tmax
(

fϕ(xt, t)
)

(5)

The architecture of the auxiliary classifier is shown in Figure 5. The resulting condi-
tional probability gradient guides the reverse sampling process, encouraging the generated
samples to match the target class label. The DDPM reverse process is expressed as follows:

xt−1 =
1√
αt
(xt −

1− αt√
1− αt

εθ(xt, t)) + δtz, z ∼ N (0, I) (6)

αt = 1− βt (7)

where εθ(xt, t) denotes the predicted noise, and z ∼ N (0, I) is a random noise term used to
maintain sampling variability.

In classifier-guided diffusion sampling, the classifier gradient is used to guide the
reverse denoising process toward the target class. According to Bayes’ rule, the conditional
score can be decomposed as:

∇xt log p(xt | y, t) = ∇xt log p(xt|t) +∇xt log pϕ(y | xt, t) (8)

Under the ε− parameterization of DDPM, the unconditional score is related to the
predicted noise by:

∇xt log p(xt|t) ≈ −
ϵθ(xt, t)√

1− αt
(9)

Substituting Equation (9) into Equation (8) gives:

∇xt log p(xt|y, t) ≈ − ϵθ(xt, t)√
1− αt

+∇xt log pϕ(y|xt, t) (10)

Rewriting the conditional score in terms of a guided noise prediction ε̂θ(xt, t, y) gives:
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∇xt log p(xt|y, t) ≈ − ϵ̂θ(xt, t, y)√
1− αt

(11)

By comparing Equation (10) and Equation (11), the classifier-guided noise prediction
is obtained as:

ε̂θ(xt, t, y) = εθ(xt, t)− λ
√

1− αt∇xt log pϕ(y|xt, t) (12)

where λ is a tunable hyperparameter controlling the strength of the classifier guidance.
The negative sign before the classifier-gradient term results from the conversion between
the score function and the ε-parameterized noise prediction, rather than from reversing
the guidance direction. This formulation guides the generated samples toward the target
lithology class while preserving the stochasticity of the reverse diffusion process.

Input

Fully connected Layer

Normalization layer
Liner layer

Liner layer

Fully connected Layer

Normalization layer

Liner layer

Softmax

Time Embedding

Fourier Encoding

output

Figure 5. Architecture of the Auxiliary Classifier.

The reverse sampling process is then updated as:

xt−1 =
1√
αt

(
xt −

1− αt√
1− αt

ε̂θ(xt, t, y)
)
+ δtz (13)

This process continues until the final sample x0 is generated, which represents the
denoised version of the initial noisy sample. The classifier-guided sampling process is
illustrated in Figure 6.

 

1d-Unet 1d-Unet 1d-Unet 1d-Unet

1Tx − tx 1x 0x Auxiliary 
classifiers

Time Encoding 

Auxiliary 
classifiers

Time Encoding 

Tx

ˆ( , )Tx Tε 1ˆ( , 1)Tx Tε − − ˆ( , )tx tε 1ˆ( ,1)xε

Figure 6. Sampling Process Guided by an Auxiliary Classifier: From left to right, the noise predicted
by DDPM is refined under the guidance of the auxiliary classifier, and the well-log data are then
iteratively updated from xT to x0.
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The process of generating well-log data using the A-CDPM is shown in Algorithm 1.
The training procedure of the auxiliary classifier is presented in Algorithm 2.

Algorithm 1: Process for Generating Well log Data with the A-CDPM

Input: Imbalanced well-log dataset Dimb = {(xi, yi)}N
i=1, Minority class set Cmin,

Output: Balanced dataset Dbal

1: Dbal ← Dimb

2: Train the denoising network εθ and the auxiliary classifier pϕ separately.
3: for each class c in Cmin do
4: Compute the required number of generated samples Mc
5: for i = 1 to Mc do
6: Sample xT ∼ N (0, I)
7: for t = T down to 1 do
8: Compute guided the noise estimate ε̂θ(xt, t, y) according to Equation (12)
9: Update xt−1 from xt according to Equation (13)
10: end for
11: Dbal ← Dbal ∪ {(x0, c)}
12: end for
13: end for
14: return Dbal

Algorithm 2: Auxiliary classifier training algorithm

1: Input: Noisy well-log data xt, Lithology labels, y timestep t, Model parameters ϕ

number of iterations N,
2: Output: trained auxiliary classifier pϕ(y | xt, t),
3: for i = 1 to N
4: Convert the time vector t into a time encoding T
5: Pass T through multiple linear layers to obtain intermediate features T1, T2 . . . Tm

6: Feed T1, T2 . . . Tm and the data xt into the model to compute the output pϕ(y | xt, t)
7: Compute the cross-entropy loss based on the predicted results and the true labels.
8: Update the network parameters using an optimizer according to the loss L
9: end for
10: return pϕ(y | xt, t)

2.3. Lithology Identification Framework

Based on the lithology identification model, traditional lithology identification meth-
ods face challenges such as insufficient feature extraction and information loss when
handling complex formation data. To address these issues, this paper proposes a lithology
identification model that integrates multi-scale convolution, channel attention mechanisms,
and bidirectional GRU.

2.3.1. Multi-Scale Convolutional Neural Network

In conventional convolutional neural networks for logging feature extraction, fixed-
size convolutional kernels are typically employed [36]. However, such fixed-scale designs
exhibit limited capacity in capturing geological features at varying spatial scales, particu-
larly in structurally complex stratigraphic environments. To overcome this limitation, we
propose a multi-scale convolutional module comprising parallel branches with different
kernel sizes, specifically (kernel sizes = 3), (kernel sizes = 5), and (kernel sizes = 7). This
architecture enables the simultaneous extraction of fine-grained local details and broad
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contextual representations, thereby enhancing the model’s ability to perceive multi-scale
lithological patterns. In the present study, the 3-5-7 combination was adopted as a com-
monly used empirical multi-scale configuration for one-dimensional well-log sequences,
aiming to capture local fluctuations, intermediate lithological transitions, and relatively
broader contextual dependencies simultaneously. This setting was used to balance feature
diversity, model complexity, and training stability.

2.3.2. Improved Channel Attention Mechanism Method

The attention mechanism can be categorized into spatial domain, channel domain,
layer domain, hybrid domain, and temporal domain based on the different attention focus
areas [37]. To account for the complexity of time and the compatibility with multi-scale
convolutions, a channel-domain-based compression and excitation network (SE Net) [38]
is employed to implement the attention mechanism. This module learns channel-wise
weights in an end-to-end manner during model training.

After feature extraction, average pooling and max pooling are applied along the depth
dimension to obtain compact channel descriptors, as follows:

zc
avg = 1

T

T
∑

t=1
Xc

t

zc
max = max

t∈[1,T]
Xc

t

(14)

where Xc
t denotes the feature value of channel c at depth index t, T is the sequence length,

and zc
avg and Zc

max represent the average and maximum responses of channel c, respectively.
The two channel descriptors are concatenated and passed through two fully connected
layers and a sigmoid activation function to generate the channel-wise attention weight:

sc = σ
(

W2 · δ
(

W1 ·
[
zc

avg; zc
max

]
+ b1

)
+ b2

)
(15)

where W1 and W2 are trainable weight matrices, b1 and b2 are bias terms, δ represents the
activation function, and the reduction ratio is set to 8. The original feature maps are then
recalibrated by multiplying them with the learned channel weights:

The channel weight sc is multiplied by the channel features, completing the enhance-
ment of lithological features and channel strength. The calculation formula is as follows:

yc
t = Xc

t · sc (16)

where yc
t represents the recalibrated feature of channel c at depth index t. Through this

process, informative feature channels are enhanced, while less relevant channel responses
are suppressed.

2.3.3. BiGRU Model Algorithm

The BiGRU model extends the standard GRU by introducing both forward and back-
ward recurrent layers. This structure enables the model to capture contextual information
from both previous and subsequent well-log sequences, thereby improving sequential
feature representation for lithology classification. The structure of the BiGRU model is
illustrated in Figure 7.

At each time step t, the forward GRU processes the sequence from time step 1 to T,
while the backward GRU processes the sequence in the reverse direction. The hidden states
of the two directions are computed as follows:

→
ht = GRU(xt,

→
ht−1) (17)
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←
ht = GRU(xt,

←
ht−1) (18)
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

 
Figure 7. The structure diagram of the BiGRU (Bidirectional GRU) unit.

The final hidden representation is obtained by concatenating the forward and back-
ward hidden states:

ht = [
→
h t;
←
h t] (19)

where
→
h t and

←
h t denote the forward and backward hidden states at time step t, respectively.

This bidirectional structure allows the model to integrate contextual dependencies in both
directions and provides richer sequential features for subsequent lithology classification.

3. Results
3.1. Dataset Analysis and Preprocessing

To illustrate the relationship between well-log features and lithology classes, Figure 8
presents cross-plots that visualize the distributions of different well-log features. Table 1
provides a summary of the relevant information for each lithology class. As shown in
Table 1, the dataset exhibits significant class imbalance among lithology samples. Figure 8
also indicates that different lithologies have varying sensitivity to the well-log parameters.
However, considerable overlap and unclear boundaries remain between different lithology
groups. This overlap complicates the interpretation and discrimination of individual
lithologies, increasing the difficulty of lithology identification.

Table 1. Lithological information.

Lithology Label Number Sample Size Proportion

Nonmarine sandstone SS 0 279 6.87%
Nonmarine coarse siltstone CSiS 1 897 22.08%
Nonmarine fine siltstone FSiS 2 769 18.93%
Marine siltstone and shale SiSh 3 249 6.13%
Mudstone MS 4 266 6.55%
Wackestone WS 5 589 14.50%
Dolomite D 6 124 3.06%
Packstone–grainstone PS 7 710 17.48%
Phylloid-algal bafflestone BS 8 179 4.41%

To improve the stability and convergence speed of model training, reduce the scale
differences among different well-log features, and enhance the quality of the generated
data as well as the classification performance, we first applied min-max normalization
to the data. This operation linearly scales each feature to the range of [0, 1], as shown in
Equation (20)
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y =
x− xmin

xmax − xmin
(20)

where x is the original well-log data, xmin is the minimum value of the data, xmax is the
maximum value of the data, and y represents the normalized data.

Figure 8. The cross-plots of the logging curves for nine lithologies in the Hugoton and Panoma
oilfield.

3.2. Model Evaluation Metrics

In imbalanced datasets, we evaluate the effectiveness of the lithology classification
model using accuracy, precision, recall, and F1 score.

Accurary =
TP + TN

TP + TN + FP + FN
(21)

Recall =
TP

TP + TN
(22)

Precision =
TP

TP + FP
(23)

F1 = 2 · precision · recall
precision + recall

(24)
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Here, TP refers to the number of correctly identified lithology samples, FN refers to the
number of incorrectly predicted lithology samples, FP refers to the lithology samples
incorrectly predicted as the correct class, and TN refers to the lithology samples incorrectly
predicted as the negative class.

3.3. A-CDPM Training Process

The experimental process of A-CDPM is as follows: The training and validation sets
are divided in an 8:2 ratio. AdamW is used as the optimizer for A-CDPM. AdamW is a
variant of the Adam optimizer with the addition of a weight decay term. The learning
rate is set to 1 × 10−4, and the weight decay is set to 0.01, with default parameters and
a cosine annealing learning rate schedule. The batch size is 32, and the training runs for
250 epochs, with a dropout rate of 0.2. Figure 9 shows the change in the loss function
during the training process.

Figure 9. The training and validation loss curves during the A-CDPM training process.

As shown in Figure 9, both the training loss and validation loss decreased rapidly in
the initial stage and then gradually reached a stable state. After about 100 epochs, both
curves fluctuated slightly at a low level. Moreover, the validation loss remained close to
the training loss throughout the training process, indicating that the model achieved good
convergence and did not exhibit obvious overfitting.

3.4. Evaluation of Generated Data Quality

To visually evaluate the quality of the well-log-generated data, we compared the
generated and original samples from two perspectives: low-dimensional distribution
structure and multi-feature relationships. PCA and t-SNE were employed to assess the
similarity between the two datasets, where PCA reflects the preservation of the global
distribution structure and t-SNE reveals the consistency of local neighborhood patterns. In
addition, pairwise feature distributions were examined to compare the joint relationships
among multiple well-log variables. As shown in Figure 10, the generated and original data
exhibit substantial overlap in both PCA and t-SNE spaces, indicating that the generated
samples preserve not only the global distribution characteristics of the original data but
also their local manifold structure. Figure 11 further shows that the generated data are
generally consistent with the original data in terms of marginal distributions and pairwise
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feature relationships, suggesting that the proposed method can effectively reproduce the
main statistical characteristics of the well-log data.

 
(a) (b) 

Figure 10. Comparison of the distribution of generated data and original data in the reduced-
dimensional space. (a) PCA plot comparing the distribution of the original and generated data.
(b) t-SNE plot comparing the distribution of the original and generated data.

Figure 11. Shows the distribution of the generated data and the original data, where the original data
is labeled as “True”, and the generated data is labeled as “False”.
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3.5. Effectiveness Validation

To thoroughly validate the effectiveness of the proposed denoising diffusion model
guided by auxiliary classification and the intelligent lithology recognition framework
for classification accuracy on imbalanced datasets, multiple ablation and comparison
experiments on the same dataset were designed to verify the results.

In the main experiment, the original dataset was first stratified into training, validation,
and test sets with a ratio of 8:1:1. The validation and test sets retained their original real-
sample distributions, while data augmentation was applied only to the training set. To
alleviate class imbalance, minority lithologies in the training set were augmented to match
the size of the largest class in the training set. The lithology-wise sample counts for the
train/validation/test split and the augmented training set are reported in Table 2.

Table 2. Distribution of lithology samples in the training, validation, and test.

Lithology Train Validation Test Augmented Train

SS 223 28 28 718
CSiS 718 90 89 718
FSiS 615 77 77 718
SiSh 199 25 25 718
MS 213 27 26 718
WS 471 59 59 718
D 99 12 13 718
PS 568 71 71 718
BS 143 18 18 718

3.5.1. Comparison Experiment

To evaluate the classification enhancement effect of A-CDPM compared to other data
augmentation methods, datasets with different sampling ratios were used to simulate
lithological imbalance. To account for the randomness in data sampling, each experiment
was repeated ten times, and the results are reported as the mean with error bars to reflect
variability, as shown in Figure 12.

Figure 12. The accuracy of different data augmentation models, with the extraction of varying
proportions of data from the dataset to control the number of minority samples.
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3.5.2. Ablation Experiment

To verify the necessity of integrating average pooling and max pooling in the channel
attention module, we compared three pooling strategies: average pooling only, max pooling
only, and combined average-and-max pooling. Since the aim of this ablation study was to
evaluate the contribution of the pooling strategy itself rather than the effect of diffusion-
based data augmentation, the comparison was conducted on the original real dataset. All
other network structures, training settings, and data splits were kept identical to ensure
a fair comparison. Table 3 presents the results of the ablation study on different pooling
strategies in the channel attention module. Figure 13 shows the distributions of channel
attention weights across lithofacies under three pooling strategies.

Table 3. Ablation study of different pooling strategies in the channel attention module.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

Avg Pooling 74.05 66.15 66.75 63.28
Max Pooling 75.32 71.54 66.45 65.33

Avg Pooling + Max
Pooling 80.13 79.27 78.34 78.90

 
(a) (b) 

 
(c) 

Figure 13. Visualization of channel attention weight distributions across lithofacies under three
pooling strategies. (a) Combination of Average Pooling and Max Pooling. (b) Max Pooling.
(c) Average Pooling.

Table 3 shows the combined pooling strategy achieved the best performance on
all evaluation metrics, with Accuracy, Precision, Recall, and F1 Score reaching 80.13%,
79.27%, 78.34%, and 78.90%, respectively. Compared with average pooling alone, the
combined strategy improved Accuracy, Precision, Recall, and F1 Score by 6.08%, 13.12%,
11.59%, and 15.62%, respectively. Compared with max pooling alone, the corresponding
improvements were 4.81%, 7.73%, 11.89%, and 13.57%. These results indicate that a
single pooling strategy is insufficient to fully characterize the importance of different
lithologic channels, whereas the combined pooling strategy provides a more effective
channel representation and significantly improves lithology classification performance.
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As shown in, compared with single pooling strategies, the combination of max pooling
and average pooling exhibits a clearer and more stable channel-weight distribution pattern.
While preserving inter-channel differences, this strategy presents a more continuous re-
sponse structure, and the weight variations in different lithofacies across several key latent
channels become more distinct and easier to differentiate. In addition, this strategy more
stably highlights highly responsive channels while suppressing weakly responsive ones,
thereby forming a more discriminative channel attention distribution.

To validate the contribution of each component in the proposed model to the recogni-
tion performance, we conducted ablation experiments, evaluating the effect of the A-CDPM
data augmentation model, as well as the impact of multi-scale convolution, BiGRU, and
the channel attention mechanism on lithology recognition performance. The results are
presented in Table 4.

Table 4. Results of the ablation experiment using the Hugoton–Panoma dataset.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

MCNN 64.58 62.36 64.08 63.28
MCNN-BiGRU 64.64 64.82 64.46 64.64

A-CDPM-MCNN-BiGRU 76.68 75.67 74.38 74.99
MCNN-BiGRU-channel attention 80.13 79.27 78.34 78.80

A-CDPM-MCNN-BiGRU-channel attention 86.66 85.44 84.78 85.11

As shown in Table 4, the ablation results reveal clear differences in the contributions of
individual modules to lithology identification performance. The baseline MCNN achieved
an Accuracy, Precision, Recall, and F1 Score of 64.58%, 62.36%, 64.08%, and 63.28%, respec-
tively. After introducing BiGRU, the performance improved only marginally, indicating
that sequence modeling alone provides limited benefit under the current data conditions.
In contrast, the incorporation of A-CDPM-based data augmentation led to a substantial
improvement, with A-CDPM-MCNN-BiGRU achieving 76.68% Accuracy, 75.67% Precision,
74.38% Recall, and 74.99% F1 Score, demonstrating that diffusion-based augmentation
effectively alleviates the impact of data imbalance. With the further introduction of the
channel attention mechanism, the model performance was improved again. In particu-
lar, MCNN-BiGRU-channel attention achieved an Accuracy of 80.13%, highlighting the
positive effect of channel recalibration on feature representation. The full model, A-CDPM-
MCNN-BiGRU-channel attention, achieved the best overall performance, with Accuracy,
Precision, Recall, and F1 Score reaching 86.66%, 85.44%, 84.78%, and 85.11%, respectively.
These results indicate that A-CDPM-based augmentation and channel attention exhibit
a clear complementary effect, jointly enhancing lithology identification performance in
complex settings.

3.5.3. Comparison with Other Models

To validate the superiority of the method proposed in this paper, the proposed method
was compared with other previous models on the same dataset. Figure 14 presents the
confusion matrix for each lithology of the A-CDPM-MSBG model on the test set. The
comparative results with other models are presented in Table 5.
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Figure 14. Confusion matrix of A-CDPM-MSBG on the test set.

Table 5. Comparison of Lithology Identification using Different Models in Hugoton–Panoma.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

GDBT 56.64 58.10 51.45 54.56
XGBoost 57.71 60.06 57.71 59.04

RF 61.45 64.05 61.44 62.72
SVM 63.13 61.73 63.13 62.22
KNN 71.33 69.89 71.02 75.53

1D-CNN
(Adagrad) [39] 74.58 74.93 75.57 74.25

1D-CNN
(Adadelta) [39] 73.37 71.89 72.55 72.22

1D-CNN
(Adamax) [39] 76.87 74.93 75.57 74.25

CE-SGAN [23] 79.88 78.93 80.62 84.56
LSTM [39] 62.59 60.85 61.66 66.26
RNN [39] 57.38 55.52 54.86 52.88

A-CDPM-MSBG (ours) 86.66 85.44 84.78 85.11

3.5.4. Comparison of Adjacent Blind Wells

To evaluate the model’s predictive capability in different regions, we designed the
Blind Well Test. Specifically, the trained lithology recognition model was applied to data
from adjacent wells that were not involved in the training or testing phases for lithology
prediction. This method validates the model’s prediction accuracy on new wells and
tests its generalization performance. We evaluated the proposed A-CDPM-MSBG model
against other commonly used models. The experimental results of the adjacent blind well
evaluation on the Hugoton–Panoma datasets are presented in Table 6.

Table 6. Blind Well Comparison Experiment Results.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

GDBT 58.66 56.48 58.72 56.18
RF [39] 61.45 64.05 61.44 62.72

SVM [39] 60.13 52.62 62.43 62.08
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Table 6. Cont.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

KNN [39] 63.73 65.66 64.73 64.69
1D-CNN

(Adagrad) [39] 66.52 65.82 68.98 62.12

CE-SGAN [23] 68.83 64.72 69.22 63.91
MS-CGAN [24] 69.82 69.96 69.52 63.91

LSTM [39] 56.32 54.15 58.62 56.22
A-CDPM-

MSBG (ours) 75.66 78.56 73.29 77.78

3.6. Visualization

To visually illustrate the lithology recognition performance of the proposed model,
Figures 15 and 16 show the prediction results of the A-CDPM-MSBG model for the
two blind wells, CRAWFORD and STUART, in which the misclassified intervals are
explicitly annotated.

Figure 15. Visualization of Lithology Identification Results for the STUART Well.

3.7. Computing Environment

The training and evaluation phases of the entire model were executed in a Python
3.9 environment, utilizing the PyTorch 1.12.0 deep learning framework on a Windows 11
operating system, with computations accelerated by a GeForce RTX 1050 Ti GPU.
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Figure 16. Visualization of Lithology Identification Results for the CRAWFORD Well.

4. Discussion
4.1. Effectiveness of A-CDPM for Data Augmentation

As shown in Figure 12, the proposed A-CDPM achieved better classification per-
formance than the other data augmentation methods. Compared with conventional un-
conditional DDPM, the auxiliary classifier introduces lithology label information into the
sampling process, enabling the generated well-log samples to better match specific lithology
classes and the real data distribution. This class-guided generation is particularly beneficial
for minority lithologies and transitional intervals, where unconditional generation is more
likely to produce ambiguous samples.

The visualization results in Figures 10 and 11 further support this finding. The sub-
stantial overlap between the generated and original samples in both PCA and t-SNE spaces
suggests that A-CDPM preserves the dominant global structure and the main local neigh-
borhood relationships of the original data. Such consistency helps the augmented samples
improve classification performance without causing severe distributional distortion.

Compared with previous lithology-identification studies based on conventional re-
sampling methods and GAN-based augmentation frameworks, the present results suggest
that diffusion-based, class-guided generation provides a more stable and effective way to
improve minority-class representation while preserving the dominant structure of the orig-
inal well-log distribution. This finding extends previous generative lithology-identification
studies by showing that conditional diffusion augmentation can serve not only as a data
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balancing tool but also as a mechanism for improving geological consistency in complex
and imbalanced well-log classification tasks.

However, some limitations remain. The generated samples still show insufficient
coverage in sparse and boundary regions and appear slightly more concentrated than
the original data, indicating limited diversity in complex transition areas. Moreover, the
first two principal components explain only 35.97% and 20.44% of the total variance,
respectively, with a cumulative explained variance of 56.41%. This suggests that the two-
dimensional PCA projection cannot fully reflect the similarity between the generated and
original samples in the complete high-dimensional feature space. Therefore, although
A-CDPM effectively preserves the dominant distribution patterns of the original data,
further improvement is still needed to enhance sample diversity and better characterize
complex lithological transitions.

4.2. Effect of Channel Attention on Lithology Discrimination

Figure 13 shows that the channel attention weights are unevenly distributed across
latent channels for different lithologies, indicating that the model does not treat all extracted
features equally but instead adaptively emphasizes more informative responses. Some
channels remain highly activated across multiple lithologies, suggesting that they capture
shared discriminative patterns, whereas others show clear lithology-dependent variations,
reflecting enhanced class-specific representations.

This adaptive channel reweighting is particularly important for complex lithology clas-
sification. In well-log data, subtle inter-class differences are often obscured by overlapping
responses, noise, and local fluctuations. Under such conditions, channel attention helps
preserve weak but discriminative signals and suppress less relevant feature responses,
thereby improving the recognition of rare lithologies and easily confused classes. This inter-
pretation is consistent with the ablation results, where the introduction of channel attention
increased the Accuracy, Precision, Recall, and F1-score from 76.68%, 75.67%, 74.38%, and
74.99% to 86.66%, 85.44%, 84.78%, and 85.11%, respectively. The large performance gain
indicates that insufficient channel-wise feature utilization was a major limitation of the
baseline model.

It should be noted that the channels in Figure 13 correspond to latent feature maps
rather than the original logging variables, and therefore, they should not be directly inter-
preted as specific logs. Instead, these channels may encode integrated hidden responses
associated with shale content, mineral composition, pore structure, and electrical properties.
From this perspective, channel attention improves lithology discrimination by strength-
ening the discriminative capacity of combined hidden representations under complex
geological conditions.

Compared with previous lithology-identification models that mainly rely on direct
feature extraction without explicit channel recalibration, the present results indicate that
channel attention contributes not only to global accuracy improvement but also to the
enhanced recognition of rare and easily confused lithologies. This suggests that, in complex
well-log classification tasks, improving channel-wise feature utilization is an important
complement to data augmentation, and that the combination of generation enhancement
and discriminative feature refinement is a key reason for the superior performance of the
proposed framework.

4.3. Generalization Performance in Blind Well

Although the proposed model achieved the best performance in blind-well testing, its
Accuracy, Precision, Recall, and F1-score were still lower than those in the main experiment,
decreasing from 86.66%, 85.44%, 84.78%, and 85.11% to 75.66%, 78.56%, 73.29%, and 77.78%,
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respectively. Among these metrics, Recall showed the largest decline, indicating that the
model was more likely to miss some lithology samples in the unseen wells, especially
minority lithologies, thin interbeds, and boundary intervals.

This performance reduction may be related to inter-well heterogeneity. Differences
in depositional background, diagenetic conditions, lithological assemblages, and logging-
response characteristics between the training wells and the blind wells may introduce
distribution discrepancies, which can weaken the transferability of the learned discrimina-
tive patterns. Consequently, the decision boundaries learned from the training wells may
not generalize sufficiently to unseen wells, particularly in intervals with limited sample
support or complex lithological transitions.

To further examine this explanation, a t-SNE visualization was added to compare
the feature-space distributions of the known wells and the blind wells. As shown in
Figure 17, the samples from STUART and CRAWFORD partially overlap with those from
the known wells, suggesting that they share some common logging-response patterns.
However, clear local distribution shifts can also be observed. In particular, CRAWFORD
forms several relatively separated clusters in the projected feature space, indicating that
its logging-response distribution differs from that of the known wells. This feature-space
discrepancy provides visual evidence that inter-well heterogeneity may partly explain the
reduced Recall in blind-well testing.

Figure 17. t-SNE Projection of Feature Distributions for Known and Blind Wells.

Nevertheless, the model still maintained relatively stable overall performance in
blind-well testing, indicating that the proposed framework has promising generalization
capability. These results suggest that the combination of data augmentation and feature
optimization is effective in improving robustness. Future work will further investigate
cross-well feature-space discrepancies using quantitative distribution-shift measurements
and develop methods to enhance adaptability to potential cross-well distribution shifts,
especially for boundary and minority lithologies.

5. Conclusions
This study demonstrates that the integration of auxiliary classification-guided

diffusion-based data augmentation, multi-scale feature extraction, and channel-wise feature
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optimization can effectively improve lithology recognition under imbalanced well-log data
conditions. The main findings of this study can be summarized as follows:

Compared with several representative augmentation methods, including the
interpolation-based SMOTE method, the GAN-based CE-SGAN method, and the diffusion-
based DDPM method, A-CDPM consistently achieved higher classification accuracy under
different sampling proportions. This indicates that auxiliary classification-guided diffusion
generation can better improve minority-class representation and provide more stable data
supplementation for imbalanced well-log datasets.

When combined with the proposed multi-scale convolutional recognition model with
channel attention and BiGRU, the final framework achieved an Accuracy of 86.66%, a
precision of 85.44%, a recall of 84.78%, and an F1-score of 85.11%. The ablation results
further show that the introduction of the channel attention mechanism increased Accuracy
from 76.68% to 86.66%, corresponding to an improvement of 9.98 percentage points. These
results confirm that the proposed framework improves lithology recognition from both the
data level and the feature level: A-CDPM alleviates class imbalance through class-guided
diffusion augmentation, while the channel-attention-based multi-scale model enhances key
feature extraction and lithology discrimination.

Overall, the proposed framework provides an effective solution for lithology recogni-
tion in complex and imbalanced well-log datasets. Future work will focus on improving
the diversity and geological consistency of generated samples, enhancing cross-well gener-
alization ability under blind-well conditions, and extending the proposed framework to
other geophysical interpretation tasks.
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