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Abstract: For geological analysis tasks such as reservoir characterization and petroleum exploration,
lithology identification is a crucial and foundational task. The logging lithology identification tasks at
this stage generally build a lithology identification model, assuming that the logging data share an
independent and identical distribution. This assumption, however, does not hold among various
wells due to the variations in depositional conditions, logging apparatus, etc. In addition, the current
lithology identification model does not fully integrate the geological knowledge, meaning that the
model is not geologically reliable and easy to interpret. Therefore, we propose a cross-domain
lithology identification method that incorporates geological information and domain adaptation.
This method consists of designing a named UAFN structure to better extract the semantic (depth)
features of logging curves, introducing geological information via wavelet transform to improve the
model’s interpretability, and using dynamic adversarial domain adaptation to solve the data-drift
issue cross-wells. The experimental results show that, by combining the geological information in
wavelet coefficients with semantic information, more lithological features can be extracted in the
logging curve. Moreover, the model performance is further improved by dynamic domain adaptation
and wavelet transform. The addition of wavelet transform improved the model performance by
an average of 6.25%, indicating the value of the stratigraphic information contained in the wavelet
coefficients for lithology prediction.

Keywords: lithology identification; cross-domain; wavelet transform; adversarial learning; semantic
segmentation

1. Introduction

For geological analysis tasks, such as reservoir characterization and petroleum ex-
ploration, lithology identification is a crucial and foundational task [1]. There are two
general approaches to identify lithology: direct and indirect approaches [2]. The drilling
cores and cuttings are the major elements of the direct approach, which collects the core
and cuttings while drilling from the formation, and uses those samples to determine the
lithology. However, coring is expensive and time-consuming, and the interpretation of core
samples requires extensive expertises. The main methods for indirect identification are
logging, electromagnetic gravity, remote sensing, and seismic methods [3]. Electromagnetic
gravity, remote sensing and seismic methods cover a large volume of rocks, but have
the drawbacks of a weak vertical resolution. The seismic method could lead to a deeper
subsurface, but has to be tied to boreholes logging data for the depth reference. Logging has
a very high vertical resolution, only prospecting the borehole rocks. Hence, these indirect
methods are complementary. In this work, we focus on the identification of lithology by
logging curves coupled with core data.
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With the increase in logging data and development of computer science, lithology
interpretation techniques have been studied intensively in recent years. At present, there
are three primary techniques for determining lithology from logging curves [4]:

• The first is the use of traditional lithology identification methods, such as cross-plotting
with logging curves and petrophysical characteristics [5]. This technique is based on a
variety of lithology-sensitive logging data, organized in 2D or 3D space. For instance,
the natural gamma ray varies from high to low values if the lithology shifts from
shale to sand, and tuffs often exhibit substantially lower resistivity values. Addi-
tionally, a key piece of evidence when determining the lithology is that the physical
characteristics of the tri-porosity logging vary for various lithologies [6]. Radwan et al.
used petrophysical fingerprints to differentiate fluids, mapped synthetic and raw
log combinations to crossplot, and correlated them with previous oil and gas wells
tests [7]. Abudeif et al. estimated the hydrocarbons in the target zone, using the cross-
plot method to calculate porosity and variable values [8]. In addition to traditional
crossplots, Cao et al. proposed an augmented-dimensional visualization and analysis
approach using crossplots with multi-well and multi-dimensional heterogeneous data.
By optimizing the overlapping and covered points in the crossplots, the display and in-
teraction performance of the augmented-dimensional crossplots under the conditions
of enormous amounts of data from numerous wells was significantly enhanced [9].
Experts can assess lithology more readily by representing these characteristics in a
crossplot. As different experts do not have the same level of empirical knowledge,
the interpreted results are inconsistent when analyzed by different experts [10]. In
consequence, the results of the identification process are heavily influenced by the
expertise of the experts.

• The second one identifies lithology using machine learning (ML), such as random
forests (RF) and support vector machines (SVM). Three widely used classifiers for
lithology identification, one-to-one SVM, one-to-many SVM, and random forest, were
examined by Sun et al. [11]. Tian et al. confirmed the viability of the extreme learning
machine (ELM) for lithofacies’ identification [12]. Zych et al. evaluated the growing in-
formation offered by logging curves on rock physics (e.g., porosity, density, resistivity)
and rock chemistry (mineral composition) [13]. To automate the customary workflow
of well-log processing and classification, Singh et al. analyzes several unsupervised
and supervised machine learning algorithms used on several well-log combinations
(WLCs), including an optimization phase, to provide the best results [14]. Salehi et al.
developed an intelligent model based on least-squares SVM and coupled simulated
annealing algorithms to predict the lithology of an oil field in Iran [15]. Zou et al. pro-
posed a framework for the application of a gradient-boosted decision tree algorithm
based on the lithology identification of mineral deposits [16]. For the identification
of petrophysical data in the southern Provence Basin, Saporetti et al. developed
a Differential Evolution (DE) technique, in addition to an artificial neural network
(ANN). This computational approach can aid in the categorization of petrophysical
data, enhance reservoir characterization techniques, and idealize production develop-
ment [17]. Ren et al. obtained the vertical sedimentary patterns of different lithologies
using probabilistic statistical methods and combined them with the lithological prob-
abilities calculated by artificial neural networks to obtain a combined lithological
probability [18]. To determine the best model for lithology classification, five different
classical machine learning methods, which include naive Bayes, SVM and RF, were
evaluated by Xie et al., and the results showed that the integrated methods showed
optimal performance under supervised learning. The Random Forest and Gradient
Tree Boosting classifier also performed well [19]. The inherent relationship between
various types of logging curves and the distribution features throughout the depth
of the logging curves are two examples of the distinctive information of the logging
curves that typical ML algorithms do not fully explore. The amount and quality
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of samples have a large influence on the accuracy of machine learning in lithology
identification at this phase, which is highly dependent on labeled samples.

• The third one uses a deep learning (i.e., Convolutional Neural Network) approach to
identify lithology. Convolutional neural networks (CNN) are used to extract the depth
characteristics of the logging curve, since the lithology and the form of the curve are
somewhat associated. The conversion of one-dimensional curves from logs to two-
dimensional pictures as CNN inputs was accomplished by Zhu et al. using wavelet
transform [20]. Imamverdiyev et al. proposed a 1D-CNN model and tested its efficacy
in lithology detection using six distinct logging curves as input [21]. Considering the
occurrence of a sizable quantity of unlabeled data in the field of petroleum exploration,
Li et al. proposed a lithology identification approach, employing the Laplace support
vector machine for semi-supervised learning [22]. Zeng et al. designed a bidirectional
lithology identification network by combining the properties of the logging data at
depth, the correlation of various logging curves, and the real depth accumulation
effect [23]. Li et al. proposes a CNN-based method for multi-type mixed lithology
identification, and incorporates neural network model compression techniques to
assure model inference efficiency. Individual lithology identification for the proposed
model, which was trained on a multi-type mixed-rock lithology dataset, takes just
11 milliseconds, making it feasible for use in industry by adapting the method for
embedded hardware or Android platforms [24]. The performance of the ML model is
constrained by the imbalance in the lithology samples and the complementing infor-
mation that is not recovered from the logging curves. As a result, Li et al. proposed an
enhanced deep forest (DF) model, along with adaptive synthetic sampling (ADASYN),
to accomplish autonomous lithology identification. To balance the lithology samples,
ADASYN is utilized to oversample a few lithologies. The method investigates the
supplementary data suggested in the multi-grain scanned logging curves and experi-
mentally confirms that the model can successfully identify the lithology of imbalanced
logs [25]. In recent years, long short-term memory networks (LSTM) have shown
great advantages in processing sequential data. As logging data frequently have
a sequential structure, Lin et al. proposed an LSTM-based lithology identification
network and tested it on eight other wells in the same research region. The findings
indicated that the trained LSTM had a decent generalization capacity [26]. Liu et al.
tried to enhance the generalization capacity of deep learning models by utilizing
superposition and entangled quantum systems in quantum computing. In addition to
considerably lowering the number of parameters, the proposed QEDL model also pro-
vides a better generalization ability without compromising predictive potential [27].
Using EfficientNet as the basic network, Gong et al. improved the neural network,
considerably increasing the identification accuracy and generalization ability. The field
of lithology identification has satisfactory outcomes, which offers fresh perspectives
and novel approaches to lithology identification issues [28]. Hu et al. proposes using
a stacked capsule autoencoder network (SCAE-Net) to better identify the lithology
of complicated carbonates. To express the internal relationships of objects from their
component parts to their whole, sCAE-Net employs multiple capsule autoencoders.
It is also able to mine sample subspaces where sample representations are similar,
offering a different approach to the lithology identification of complex carbonates [29].
However, lithology identification tasks still suffer from the much-argued lack of inter-
pretability in deep learning. Since the model lacks interpretability, it is challenging to
use it in a realistic production setting, and it fails to fundamentally address the issue
at hand.

Numerous geologically qualified professionals must be involved in traditional logging
lithology identification modelling, the results of which are highly subjective due to the
high amount of human participation. Therefore, results might differ substantially from
one expert to another. Geographical features differ from region to region, and even from
well to well within the same region. As a result, it could be challenging to directly use



Energies 2023, 16, 1475 4 of 17

the same logging lithology identification approach for several wells. In other words,
predicting the lithology of unknown wells using logging data from known wells can
significantly cut down on the time and work required for lithology identification. Therefore,
geologists are already concentrating on strategies to increase the precision of lithology
identification in cross-wells. Liu et al. proposed a cross-well lithology identification
method incorporating maximum mean difference, joint distribution domain adaptation,
and manifold regularization to improve the accuracy of the old model when applied to
new wells [30]. Chang et al. incorporated active learning (AL) with domain adaptation in
lithology identification, and the approach was successful in minimizing data distribution
discrepancies by employing a limited number of target labels [31]. A cross-domain lithology
identification model, proposed by Zhou et al., was based on sequential logging data
and mined the trend of logging curve depth changes using a temporal convolutional
network [32]. Xu et al. investigated the problem of large differences in logging data and
distribution of new wells, applying an adversarial autoencoder to extract domain-invariant
features. [33]. Fan et al. created a model to recognizing the lithology of rocks, built on
two lightweight CNN (SqueezeNet and MobileNets) [34]. Chang et al. proposed a two-
stream multilayer neural network to solve the data drift problem. The training process of
this network is performed by maximum mean discrepancy optimization [35]. Zhang et al.
proposed a method for transferring the logs from one well to another without affecting their
physical significance [36]. Wu et al. presented the robust unilateral alignment approach
for lithology identification, which employs anticipated maximum mean differences to
reduce the cross-well data-drift problem [37]. A meta-learning approach was utilized
by Xu et al. to build a rock type identification method that overcame the data transfer
issue and enhanced the model’s generalizability [38]. The question of how to improve
cross-well lithology identification while adding geological information to teh deep learning
method to promote model interpretability remains open for the present logging lithology
identification problem.

In this paper, we proposed a cross-well lithology identification method and discuss the
unsupervised domain adaptation in lithology identification. The proposed method uses dy-
namic adversarial adaption to solve the problem of cross-well data-distribution differences
and introduces stratigraphic features to benefit the overall network when analyzing the
geological properties of lithologies. Specifically, this paper proposes a cross-well lithology
identification network based on wavelet transform and adversarial learning, and introduces
semantic feature extraction, attentional feature fusion, and dynamic adversarial domain
adaptation for the lithology identification task. The main contributions of this paper are
as follows:

1. The logging data are processed using the semantic segmentation approach, and the
traditional semantic segmentation model is improved via attentional feature fusion;

2. The wavelet transform is used to process the logging curves, which introduces strati-
graphic feature limitations and improves the model’s interpretability;

3. A dynamic adversarial training strategy is used to eliminate the data distribution
discrepancy.

The remaining sections of the paper are structured as follows: Section 2 introduces the
relevant knowledge for the proposed method; Section 3 describes the proposed method;
Section 4 evaluates the proposed method’s efficacy using comparative and ablation experi-
ments; Section 5 concludes the paper.

2. Preliminary

This section presents some preliminaries about Dynamic Domain Adaptation and
Wavelet Transform, which are included in our method.

2.1. Problem Description

In unsupervised domain adaptation (UDA), there is a source domain Ds = {(xs
i , ys

i )}
ns
i=1

with ns labeled samples and a target domain Dt = {xt
j}

nt
j=1 with nt unlabeled samples,
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both with the same label space. The goal of UDA is to predict the unknown target domain
samples based on known source samples. In the logging lithology identification task,
the logging sample at a certain depth is denoted as xi = {xi1; xi2; . . . ; xid}, where d is the
number of different types of logging curves, including acoustic log, spontaneous potential
log, etc. The lithology corresponding to sample xi is denoted as yi = k, k ∈ 1, 2, 3, . . . , K
where K is the number of lithology categories.

2.2. Dynamic Domain Adaptation

Adversarial training typically includes a label classifier, a feature extractor, and a
domain discriminator. To discriminate between the source and target domains, the domain
discriminator is trained. The feature extractor attempts to perplex the domain discriminator
to guarantee that domain invariant features are well-learned. Label classifiers and domain
classifiers are combined, using the feature extractor as a shared component of the network
in a common adversarial training process for domain adaptation. An intermediate feature
representation that is relevant to the label classifier but identical to the domain classifier
is created via adversarial learning. Once more, it is possible to think of the intermediate
feature as including information on class distinctions as well as more detailed domain-
invariant information. Domain adaptation is based on identifying and rationally utilizing
the similarities between the source and target domains. At present, the primary way
of describing the similarities between the two is by estimating the various probability
distributions of the distinct domain.

The primary concept of dynamic adversarial adaptation (DAA) [39], which is based on
the well-established Generative Adversarial Network (GAN), is to dynamically modify the
weight of marginal and conditional distributions in the process of distribution adaptation.
The primary components of DAA are the label classifier, global domain discriminator, local
domain discriminator and dynamic adversarial factor.

2.2.1. Label Classifier Gy

Labeled domain data were used to train the label classifier. After the distribution of the
two domains was minimized, the supervised information from that domain can affect the
classification of the unlabeled domain. The loss of the label classifier can be expressed as:

Ly = LCE(Gy(G f (xi)), yi) (1)

where LCE denotes the cross-entropy loss, xi ε Ds, yi is the label of xi.

2.2.2. Global Discriminator Gd

The marginal distributions of the two domains can be aligned via Gd. Gd is built on
the framework of a general domain adversarial neural network. The purpose of Gd is to
determine from which domain the sample features derived, and to engage in adversarial
learning with G f . As a result, G f extracts more common characteristics across domains.
The loss of global domain discriminator can be expressed as:

Lg = LBCE(Gd(G f (xi)), di) (2)

where LBCE denotes the binary cross-entropy loss, xi ε Ds ∪Dt, di denotes the domain label
of xi.

2.2.3. Local Discriminator Gc
d

Gc
d is responsible for aligning the conditional distributions of the two domains. THe lo-

cal domain discriminator, which is distinct from the global domain discriminator, can align
multi-mode structures in both distributions, leading to fine-grained domain adaptation.

The local domain discriminator is subdivided into C class-wise domain discriminators
Gc

d, c = 1, 2, . . . , C. where C is the number of classes. Each class-wise domain discriminator
only distinguishes from which domain the samples in a class derived. The target domain is
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divided based on the pseudo-labels provided by the label classifier. The loss of the local
domain discriminator can be expressed as:

Ll =
C

∑
c=1

LBCE(Gc
d(ŷ

c
i G f (xi), di) (3)

where ŷc
i is the probability that xi is predicted to be class c.

2.2.4. Dynamic Adversarial Factor ω

The marginal and the conditional distribution do not necessarily have the same
influence on the results in most tasks. Equivalent weighting for both distributions may
result in worse outcomes. The essential feature of UDA is balancing the contributions of
the two distributions. As a result, ω is utilized in DAA to evaluate the relative importance
of the two distributions in the task. To be more specific, A-distance [40] in DAA is used to
calculate the weight of two distributions. The ω can be calculated as:

ω =
Ag

Ag +
1
C Al

(4)

where Ag and Al are the A-distance of the global and local domain discriminator.
The ultimate learning objectives of the DAA can be expressed as:

L(θ f , θy, θd, θc
d|

C
c=1) = Ly − λ((1−ω)Lg + ωLl) (5)

2.3. Wavelet Transform

In addition to using a “time-frequency” window that changes with frequency, wavelet
transforms, as a transform analysis technique, contains the Fourier transform localization
principle at its core. It solves the drawback of the Fourier transform’s weak time domain res-
olution and has improved localization properties in both the time and frequency domains,
making it especially effectively fitted to processing time-varying signals.

The wavelet transform coefficient in the logging task depends on the scale factor and
the displacement factor. The similarity between the Wavelet function and logging curves
could be determined by referring to the wavelet coefficient size. The wavelet coefficients
can be viewed as the studied logging curve’s covariance with the wavelet function. The
definitions of the wavelet transform are as follows:

Wψ(a, b) =
1√
|a|

∫ +∞

−∞
f (t)ψ(

t− b
a

)dt (6)

where Wψ denotes the wavelet coefficient. a is the scale factor, which is related to the
scaling (frequency) of the wavelet function. b is the time translation factor, indicating the
translation of the wavelet function. f (t) is the signal sequence, ψ is the wavelet function, ψ
is the conjugate function of ψ. The continuous wavelet transform (CWT) is one in which
the wavelet function’s variables a and b are continuous. In the discrete wavelet transform
(DWT), a is usually discretized by a power exponent.

3. Methodology

In this study, we used the typical U-Net structure as the model backbone network to
represent the lithology identification issue based on logging data as a one-dimensional
(1D) semantic segmentation problem [41]. The semantic segmentation method in logging
lithology identification can simultaneously predict lithology at each depth, as shown in
Figure 1. The semantic segmentation method can extract not only the correlation informa-
tion between various logging curves, but also the properties of the logging curves in the
depth domain, in contrast to standard classification methods (e.g., ANN, SVM) [42].
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The U-Net decoding structure is more sophisticated than the traditional FCN struc-
ture [43]. The U-Net structure can gain more semantic information, since it recursively
combines characteristics between layers. In the field of image segmentation, the U-Net has
been extensively utilized. In 1D U-Net, the shallow layer’s convolution concentrates on the
local features of the curve, while the deep layer’s convolution concentrates on the features
of the curve as a whole. The combination of shallow and deep features, each of which has a
distinct relevance, can enhance the network’s capacity to extract features across the curve
depth domain.

Figure 1. Intensive lithology prediction. Each logging curve in the semantic segmentation task is
input as a channel to achieve intensive lithology prediction for each depth point. AC: acoustic log,
SP: spontaneous potential log, GR: gamma ray log.

The structural information on the depth of the logging curve from geological analysis
plays a role in determining the geological structure of the rock. The distribution pattern
inferred between various lithologies in a location is determined by the sedimentary features
of that area. The geological circumstances (such as water depth and flow velocity) present
during the deposition phase affect the composition of the sediments. As a result, changes
in sediment sources and circumstances may alter the type of sedimentation. In sedimentary
rocks, this alteration manifests as a change in the composition of the rocks and in the size
of the grains, which, in turn, affects the variety of geologic lithologies. Deep learning is
becoming the standard for geophysical logging tasks, but directly applying deep learning
models to logging tasks does not always produce satisfactory results. This phenomenon
has two primary causes. First, there is the issue of inconsistencies in the data across
several areas. The second is that physical geographical information is not included in the
current models.

One issue we wish to address is how to include additional geological information
in our model. Geological researchers have recently adopted wavelet transform as an
efficient tool in the analysis and processing of logging data due to its multi-scale analytical
properties [44–46]. The logging curve and its wavelet-transformed time-frequency diagram
are shown in Figure 2, where it is clear that the wavelet transform is more sensitive to
the abrupt changes in the logging curve, and can recognize its singularity with accuracy.
In geological analysis, scientists have applied logging data to a variety of stratigraphic
divisions using wavelet transform. This involves both the identification of singularity
through the extraction of the time-frequency characteristics from the logging curves and the
analysis of the geological sedimentary cycles included in the logging curves using wavelet
transforms. To accomplish single-well sequence division, it is necessary to establish a
correlation with the sequence boundary at each level by examining the periodic oscillation
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traits displayed by wavelet coefficient curves at multiple scales. The logging curve is
selected for wavelet transform to obtain wavelet coefficients. Moreover, the stratigraphic
division is accomplished by analyzing the wavelet coefficient curves for periodic oscillatory
or modulus maxima. Figure 3 illustrates the stratigraphic division procedure utilizing the
wavelet transform.

Figure 2. (a) SP logging curve (b) Time-frequency diagram after wavelet transform. It is clear that
the wavelet transform is more sensitive to the logging curve’s abrupt changes and can recognize its
singularity with accuracy.

Figure 3. The process of stratigraphic division using wavelet transform. The stratigraphic division is
accomplished by analyzing the wavelet coefficient curves for periodic oscillatory or modulus maxima.

We thus think that the feature associated with the stratigraphic sequence can be found
in the wavelet coefficient curve that results from processing the logging curve using a
wavelet transform. Additionally, this stratigraphic characteristic can facilitate the more
effective identification of lithologies. In this paper, we analyze the potential spontaneous
log (SP) using wavelet transform and combine the stratigraphic sequence information
represented by the wavelet coefficients with the features extracted by the U-Net module.
Furthermore, the distribution features of the logging curve in the frequency domain cannot
be considered, since the U-Net network can only extract the features of the logging curve
in the depth domain. However, the features of the logging curve may be expanded via the
wavelet transform to the depth-frequency domain; therefore, combining the two features
further increases their robustness.

The traditional U-Net structure uses universal concatenation to achieve feature fusion.
However, this simple kind of feature fusion is not the optimal option. Feature fusion is
the process of merging the advantages of characteristics obtained from different sources to
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enhance the model performance by exploiting the complementarity between the features.
Better feature fusion is made possible by attentional feature fusion (AFF), which also
improves the representation of the fusion features. The majority of typical cases, such as
short and long connections, are accessible to AFF. Given two feature maps X, Y ∈ RC×H×W

and based on the multi-scale channel attention module M, AFF can be expressed as:

Z = M(X]Y)⊗X + (1−M(X]Y))⊗Y (7)

where Z ∈ RC×H×W is the fused feature, ] denotes the initial feature integration,⊗ denotes
the element-wise multiplication. Therefore, we utilize the AFF to replace the feature fusion
in the whole model to execute the better fusion of various features and provide a better
feature representation.

The reality that the geological properties vary considerably from area to region, and
even from well to well within the same region, adds another significant challenge to
the cross-well lithology identification task. This makes it challenging to directly apply
classification models that perform well on a single well to other wells, and results in limited
generalization of those models. As a result, it is typically ineffective to directly classify data
in the target domain using a network that has been trained on data from the source domain.
In cross-domain image classification and object detection, dynamic adversarial adaptive
(DAA) strategies have shown more impressive results because of their capacity for the
dynamic and quantitative evaluation of marginal and conditional distributions. To lessen
the shift in distribution between the features of two wells, we thus attempt to incorporate
an adversarial learning strategy into the cross-well lithology identification task.

Specifically, our proposed overall network consists of a distribution alignment module
and a feature extraction module. We employ a two-stream structure in the feature extraction
module, with the upstream structure (UAFN) utilizing the widely used U-Net framework
and AFF to enhance the skip connection in U-Net. The downstream structure uses wavelet
transform to process the SP curve to obtain the stratigraphic features represented by wavelet
coefficients. Then, the stratigraphic features from downstream structure and the semantic
features from UAFN are fused with AFF, and the fused features are the output features of
the whole feature extraction module. Finally, the distribution alignment module uses the
DAA to align the output features from the feature extraction module. Figure 4 illustrates
the overall structure of the network. We add a regularization term to prevent overfitting
from decreasing network performance.

The loss of the label classifier in the proposed method can be expressed as:

Ly = LCE(Gy(Z(UAF(xi), Wt(x
sp
i ))), yi) (8)

where LCE is the cross-entropy loss, yi is the label of xi, UAF(·) denotes the UAFN, Wt(·)
denotes the wavelet transform, xi ∈ Ds.

The loss of the global and local domain discriminator can be updated as:

Lg = LBCE(Gd(Z(UAF(xi), Wt(x
sp
i ))), di) (9)

Ll =
C

∑
c=1

LBCE(Gc
d(ŷ

c
i Z(UAF(xi), Wt(x

sp
i ))), di) (10)

where LBCE is the binary cross-entropy loss, ŷc
i is the probability that xi is predicted to be

class c, xi ∈ Ds ∪ Dt.
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Figure 4. The Proposed Method of Cross-well Lithology Identification.

The ultimate learning objectives of the overall network can be expressed as:

L(θUAF , θy, θd, θc
d|

C
c=1) = Ly − λ((1−ω)Lg + ωLl) + β||W||2 (11)

The network involves three hyperparameters (λ, ω, β), β is the regularization term
factor and ω, continually updated via the network.

4. Results

The proposed method is tested on two datasets, including four logging lithology
identification tasks, to compare the proposed method with other classification methods.
The contribution of each component is also verified by ablation experiments.

4.1. Experiment Preparation

We evaluate the advantages of the proposed method using two datasets. The two
datasets were collected from several wells, with each well being selected at random from
within its region to ensure data diversity. Based on the assumption that the source and target
wells have the same type of logging curves and share the same label space, the training
wells were selected. Based on the sensitivity of the lithology, we choose logging curves,
and logging curves with high lithology are more likely to be chosen as inputs. During the
training process, the deep learning model automatically evaluates the importance of the
selected curves.

The experimental data come from the Jiyang Depression area, a typical Mesozoic
terrestrial fault basin in eastern China and the earliest discovered area in the Bohai Bay
Basin. The area has large resources and rich hydrocarbon reservoir types. Exploration has
proven that the shale, oil shale, calcareous shale, and dark mudstone rocks in the Es4 and
Es3 Member of Shahejie Formation are the main gathering places for rich hydrocarbon
resources. In this paper, mudstone and siltstone and coarse sandstone are the lithology
type being predicted. Table 1 shows the specific data contained in each dataset. We used
Macro-F1 as a metric of classification performance due to the significant imbalance between
the number of samples for each kind of lithology. Macro-F1 is calculated as follows:

Macro-F1 =
2TP

2TP + FP + FN
(12)
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where TP, FP, and FN denote true positive, false positive, and false negative, respectively.
To avoid the mistakes brought on by multiple measurement ranges, the data may be
normalized because the values of several logging curves have distinct ranges and orders.
We employed Min–Max Normalization, which is denoted by the following formula:

x′ =
x− xmin

xmax − xmin
(13)

Multiple logging curves are chosen as inputs to the UAFN module, with each logging
curve representing a channel and the logging curve used as one-dimensional depth point
data. The input data consisted of the source domain and target domain, with the source
domain having the relevant lithology labels and the target domain lacking those labels.
Each batch of the logging curve data contained 512 depth point samples. The batches were
separated according to depth. The data were batch-input the the UAFN module. The UAFN
module comes with an encoder and a decoder. The encoder consists of four convolutional
blocks, with each containing two 1D convolutional layers and a 1D maximum pooling layer,
the convolutional kernel size 9, the stride size 1, and the padding size 4. Batch normalization
(BN) and linear rectification function (ReLU) occurred after each convolutional layer. Each
transposed convolution block consists of a 1D transposed convolution with convolution
kernel size 8, stride size 2 and padding size 3, and two 1D convolutions with the convolution
kernel size 9, stride size 1 and padding size 4. The AFF was carried out throughout the
channel dimensions by feature mapping of encoders and decoders of the same scale.
The logging curve was utilized as the input of the wavelet transform to acquire the wavelet
coefficients corresponding to each scale, and the UAFN structure was used to extract source
domain features and target domain features for each training cycle. The final product of the
whole feature extraction module is the fusion of stratigraphic features and semantic features.
Subsequently, the distribution alignment module used DAA to conduct the distribution
alignment, with the output features of the feature extraction module as its input. Finally,
the above process was repeated until the model training was completed.

Following the training, the lithology corresponding to each depth point was predicted
using the trained feature extraction module and label classifier. We employed a hidden
layer neural network with 64 neurons in the hidden layer as the classifier. A double hidden
layer neural network of 64 and 128 hidden layer neurons, respectively, served as the global
domain discriminator. The structure of the global domain discriminator and the local
domain discriminator is the same, as is the subdomain discriminator in the local domain
discriminator, and all activation functions use ReLU. In the experiments, our network
was trained using the ASGD optimizer with a learning rate of 0.015. The value of the
hyperparameter ω was self-calculated by the network. The regularization factor β = 0.001
and balanced hyperparameter λ = 1.

Table 1. Datasets Description.

Dataset 1 2

LOGS 1 CAL, SP, AC, GR, COND, RLML, RNML, R25, R4 AC, CAL, COND, RLML, RNML, R04, R25, R4, SP

# Samples
LITH Mudstone Siltstone Coarse sandstone LITH Mudstone Siltstone Coarse sandstone

Well A 8700 1392 640 Well C 8760 1369 778
Well B 4108 521 532 Well D 4459 461 632

1 LOGS: R04: 0.4 m bottom gradient resistivity, CAL: caliper log, AC: acoustic log, SP: spontaneous potential log,
COND: induction conductivity, RNML: micro-potential resistivity, RLML: micro-gradient resistivity, R25: 2.5 m
bottom gradient resistivity, R4: 4 m bottom gradient resistivity, GR: gamma ray log.

4.2. Experimental Analysis

We conducted experiments on the dataset in Table 1 and compared our strategy to
popular classification methods. The data from four wells in Well A and B were homoge-
neous, as well as the Well C and D. Transfer learning between homogeneous datasets is
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possible where labels are present in the source domain but absent in the target domain.
Additionally, using the full well section as input in the trials, our proposed method was
evaluated on four cross-well lithology tasks (A → B, B → A, C → D, D → C). We did
not split the test and validation sets, since this is an unsupervised domain adaptive issue.
Rather, we directly tested the outcomes on the whole target well section.

We set the hyperparameters of each methodology in accordance with the respective
hyperparameter setup protocol and utilized KNN methods as baseline classifiers. Addition-
ally, we performed five experiments and recorded the Macro-F1 values each time. Finally,
we took the average Macro-F1 value of each method as the final experimental result, as
shown in Figure 5. In comparison to existing typical lithology classification methods, our
proposed method has a number of benefits, with average Macro-F1 values on datasets 1
and 2 of 76.3% and 71.85%, respectively. The results show that the segmentation model is
able to extract more effective features compared to other models in the case of an increase
in logging curve. More lithological characteristics that are present in the logging curves
can be extracted by combining the geological information found in the wavelet coefficients
with the semantic information.

Figure 5. Comparative study results of different methods.

The trained feature extraction module-label classifier was used to make the prediction,
and the confusion matrix between the outputs and the actual values was computed. In
Figure 6 we show the well B’s confusion matrix. The model effectively recognizes mudstone.
The class imbalance affected the prediction scores. The method would offer a better
performance in a more balanced dataset.

Figure 7 shows some of the real log curves from well B used in our experiments,
as well as the manually determined lithology of the corresponding depth. Additionally,
the experimental results of our method and other methods are visualized. The three colors
in Figure 7 represent lithologies mudstone, silstone, and coarse sandstone, respectively,
and the far right of the figure displays the outcomes predicted by our method. The ex-
perimental findings of our suggested technique are smoother and more in line with the
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actual lithological distribution when compared to those of other methods. According to the
findings, our method has a significant advantage over other methods.

Figure 6. Normalized confusion matrix of well B.

Figure 7. Visualization of experimental data and different methods of lithology identification in well
B, where GT stands for “ground truth”, which is a manually produced lithology label.

To verify the validity of each component in our proposed method, we decompose
the overall structure, as shown in Table 2. The experimental results for the four lithology
identification tasks mentioned above are shown in Figure 8. The findings demonstrate that
the DAA and wavelet transform contribute more to the enhancement of model performance.
The average 6.25% improvement in model performance with the inclusion of wavelet
transform demonstrates the effectiveness of the geological characteristics incorporated
in the wavelet coefficients for lithology prediction. The DAA may successfully align the
feature information found in various well-to-well logging curves, as seen by the 6.5%
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average gain in model performance that followed its addition. In addition to replacing
skip connection, the AFF fuses two features in the model. It retains more useful feature
information than traditional feature stitching, which results in a small improvement in
the performance of the model as a whole. Last but not least, while the performance
of the cross-well classification task from large to small data on (A → B, C → D) was
only improved by 2.7%, we found an average increase of 10.3% in V4 compared to V3
in migration experiments from small to large data on (B → A, D → C). This finding
suggests that wavelet transform is able to extract more useful features with fewer data
in the source domain. Consequently, wavelet transform introduction is crucial for the
cross-well lithology identification task with limited source domain data.

Table 2. Structural decomposition.

U-Net UAFN DAA WT

V1 X
V2 X
V3 X X

V4 (Ours) X X X

Figure 8. Ablation of experimental results.

5. Conclusions

In this paper, we investigated the unsupervised cross-well domain adaptive challenge
in lithology identification, proposed the application of dynamic adversarial adaptive meth-
ods to the distribution discrepancy problem, and introduced stratigraphic characteristics to
enhance the lithology analysis of the entire network. The importance of each structure was
validated by ablation experiments, which proves that eliminating any one of the structures
from our method results in a decline in performance.
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The results show that the segmentation model can extract more useful features than
other models when there are more logging curves. Moreover, more lithological characteris-
tics present in the logging curves can be extracted by combining the geological information
found in the wavelet coefficients with the semantic information. Furthermore, the perfor-
mance of the model is improved more by DAA and wavelet transform. The addition of
the wavelet transform increased model performance by 6.25% on average, demonstrating
the value of the stratigraphic information included in wavelet coefficients for lithology
prediction. Moreover, we discovered that applying wavelet transform on small datasets to
large datasets can increase performance more than applying wavelet transform on large
datasets to small data ets. Since there are fewer data in the source domain, the wavelet
transform can extract more meaningful characteristics. Consequently, wavelet transform
introduction is essential for cross-well lithology identification tasks with limited source
domain data.

However, the proposed method needs to address the problem of the unbalanced
distribution of labeled samples in well logging data. The proposed approach is expected to
perform better if there is a better way to deal with imbalanced samples, which will be our
next development direction.
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