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ARTICLE INFO ABSTRACT

Keywords: Lithology is an essential topic in oil and gas reservoir studies. Lithological observation lays the foundation for

Lim?logy identification assessing oil and gas prospects and guides future exploration and development. Currently, the prevailing

ngllmaiej approach in lithological observation heavily depends on the manual analysis of core samples. However, such an
ual moda.

approach is highly subjective and time-consuming. With the development of deep learning, some automated
deep learning-based methods have been proposed for lithology interpretation from logging curves. However, the
Fullbore Formation Microlmager (FMI) image logging, while widely used in the oil field exploration and
development process, is occasionally deployed and utilized for lithology identification. In this work, we proposed
a Dual-modal Drop-less-information Vision Transformer (DDViT), an FMI image lithology identification model
based on transformer architecture. DDVIT uses a dual-modal architecture to identify lithology using two different
image modalities, namely dynamic FMI images (FMI_DYN) and static FMI images (FMI_STAT). These modalities
reflect the local and overall characteristics, respectively. Furthermore, DDVIT uses a less-information dropping
module to drop the blank band information inherent in the FMI images to make our model more rational and
stable. DDVIT achieved a 90.81% lithology identification accuracy on Fengxi Well A of the western Qaidam
Basin, providing a new approach to lithology identification and demonstrating the great potential of deep
learning in geological images.

Drop less information

1. Introduction

Lithology is an essential aspect in describing rock properties (Tucker
and Jones, 2023) and it contains information reflecting the Earth’s
structure and evolutionary processes (Haldar, 2020; Roberts, 2021).
Rocks of the Earth are categorized into sedimentary, metamorphic, and
igneous rocks (Philpotts and Ague, 2022), with sedimentary rocks
covering 75% of the Earth’s land surface. The research of sedimentary
rocks is not only of academic interest but also of significant economic

value. By studying the different combinations and alignments of lithol-
ogy in sedimentary rocks, one can determine the different types of
sedimentary facies (Zou and Qiu, 2021), which provide insights into the
geological histories and processes of environmental evolution. More-
over, the diverse lithology types can serve as indicators of distinct cli-
mates and sedimentary conditions, enabling the estimation of
paleoclimatic changes (Hou et al., 2023). Apart from its role in scientific
research, lithology also holds immense importance in the industry
(Wang and He, 2020; Li, J. et al., 2021). Various lithologies possess
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distinct physical and chemical characteristics (Tian et al., 2016; Anees
et al., 2022), which have a significant influence on the origin of oil and
gas reservoirs (Hu et al., 2020; Jin et al., 2020; Wu, X. et al., 2021).
Lithology identification is commonly achieved through core sam-
pling and the utilization of various observation techniques such as thin
sections, scanning electron microscopy, and optical microscopy (Fu
et al., 2017). These methods enable a comprehensive examination of the
core’s grain size, color, and composition, leading to a well-informed and
conclusive lithological interpretation (Hall et al., 1996). Although reli-
able core analysis results can be obtained by these methods, these
manual observation methods are intensely subjective and require a
professional level of skillset to make robust analyses. In addition, these
manual methods often demand a significant amount of time and labor
effort. Therefore, in recent times, geologists have been actively
exploring the possibilities of automated lithology identification tech-
niques to enhance efficiency and reduce the need for repetitive labor
(Imamverdiyev and Sukhostat, 2019; Valentin et al., 2019; Alzubaidi
et al., 2021; Shehata et al., 2021; Santos et al., 2022; Zheng et al., 2022).
In recent years, the appearance of AlexNet (Krizhevsky et al., 2012)
and its excellent performance in image classification and speech
recognition have paved the way for subsequent advancements in neural
network architectures and techniques. These advancements have
resulted in significant breakthroughs in various domains of artificial
intelligence. ResNet (He et al., 2016) was then proposed to make deeper
and larger models possible, significantly boosting deep learning (DL). In
the years that followed, deep learning began to thrive for various tasks in
computer vision (Rawat and Wang, 2017; Minaee et al., 2022; Zou et al.,
2023). Inspired by the great success of transformer architecture in
Natural Language Processing (NLP) (Vaswani et al., 2017), the Vision
Transformer model (ViT) (Dosovitskiy et al., 2020) first adopted the
transformer architecture for computer vision and achieved success. The
study of the transformer architecture extends to the input patch token, as
DynamicViT (Rao et al., 2021) proposed a dynamic strategy for dis-
carding useless tokens. SPViT (Kong et al., 2021) notes differences be-
tween each head in ViT’s multi-head attention mechanism, deciding on
individual heads for each patch token before their aggregation. Evit
(Liang et al., 2022) proposed a parameter-free decision strategy that
decides whether to discard a token based on the attention score calcu-
lated by the self-attention module and reuses the discarded token by
aggregating it. In addition, deep learning is not limited to studying a
single image data source as the processing of multiple image data
sources is also booming. For example, CMX (Liu et al., 2022) can use
many different data modal pairs, such as RGB and depth, RGB and
thermal, and RGB and LiDAR, to work on the same task. Using these
heterogeneous data sources to analyze the same target often results in a
reliable and comprehensive interpretation (Zhang, Y. et al., 2021).
The development of artificial intelligence (AI), especially DL tech-
niques (He et al., 2016; Krizhevsky et al., 2017; Vaswani et al., 2017;
Dosovitskiy et al., 2021; Rao et al., 2021), has led to an increasing
number of interdisciplinary applications, such as ChatGPT (Radford
et al., 2018, 2019; Brown et al., 2020; OpenAl, 2023), autonomous
driving (Chen et al., 2016), medical diagnosis (Rajpurkar et al., 2022),
and industrial fault detection (Roth et al., 2022). In the field of geology,
ongoing research and collaborations between geologists and data sci-
entists is progressively refining and adapting DL techniques to tackle
geological challenges (Maitre et al., 2019; Karimpouli and Tahmasebi,
2019; Sun et al., 2020; Li, S. et al., 2021; Chen et al., 2021; Saxena et al.,
2021). Regarding lithology identification in oil and gas exploration, Xie
et al. (2018) employed five different supervised learning models to
identify lithologies in two gas fields, and subsequently evaluated the
performance of these models. Valentin et al. (2019) used ultrasonic
images and micro resistivity borehole image logs to identify the lithol-
ogy of the Sao Francisco basin. Imamverdiyev and Sukhostat (2019)
used logging curve information to identify the lithology and compared
the performance of various optimizer algorithms. Shehata et al. (2021)
combined different types of data, including log curves and FMI images,
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to predict petrography, permeability, and rock types of Beni Suef Basin.
Alzubaidi et al. (2021) developed a CNN-based method to classify li-
thology of core images automatically and achieved excellent results. Xie
et al. (2021) proposed a coarse-to-fine approach for addressing outliers
in the dataset to further enhance the accuracy of lithologic classification.
Santos et al. (2022) proposed a computational system based on a deep
recurrent neural network (RNN) to judge the lithology of the Rio Bonito
Formation and thoroughly compared their proposed method with
various machine learning (ML) methods. Xie et al. (2023) proposed a
semi-supervised, coarse-to-fine approach for lithology identification,
designed to enhance lithologic classification accuracy with limited
labeled data.

However, the emphasis on the methods mentioned above is often
placed on investigating logging curves, while the study of FMI images is
still in its progressive stages, holding significant potential for further
development (Imamverdiyev and Sukhostat, 2019; Shehata et al., 2021;
Santos et al., 2022). Since different lithologies present different char-
acteristics under electric current, the FMI image can also reflect the li-
thology (Cui et al., 2013). Moreover, the FMI images consist of two
distinct modalities, which are dynamic FMI images and static FMI im-
ages, each exhibiting its distinctive features that contribute to a more
comprehensive interpretation of the lithology. Additionally, a signifi-
cant portion of the research typically relies solely on traditional ML
methods, such as Random Forest and support vector machine (SVM), as
well as on convolutional neural network (CNN) methods for the iden-
tification of lithology. Despite the successful application of ML and CNN
methods in lithology identification, ML is suitable for simpler data
problems, whereas CNN is limited to operating on input data with local
windows. In contrast, the transformer architecture employs a
self-attention mechanism to capture long-range dependencies in images.
Additionally, the transformer architecture can handle data of variable
size. Thus, considering the superior performance of ViT architectures in
diverse domains of computer vision, the application of ViT architectures
to lithology identification is imperative. Nonetheless, FMI images often
contain unavoidable blank bands, which are caused by the electrical
imaging logger used in the FMI imaging process. These blank bands
cover a substantial portion of the FMI image, necessitating processing to
assist geologists in their research endeavors. Various popular existing
approaches use deep learning networks for filling the blank bands in FMI
images (Zhang, H. et al., 2021; Du et al., 2022; Sun et al., 2023), and all
aiming to reduce the impact of blank bands on geologists by filling them.
Diverging from prior studies, this paper’s focus lies in constructing a
deep learning model that autonomously identifies lithology through FMI
images, hence our focus is on reducing the disturbance caused by blank
bands for the model. To sum up, in this work, we proposed a model
called DDVIT for lithology identification based on FMI images. DDViT
simultaneously processes the dynamic FMI images (FMI_DYN) and static
FMI images (FMI_STAT) (see details in section 2) to obtain two types of
feature information. It then uses these two types of feature information
to determine the lithology type. Furthermore, DDViT employs a
less-information dropping module to automatically remove blank bands,
reducing distractions for the model and enhancing its stability. This
setup allows DDVIT to selectively concentrate on critical areas of the
FMI image for precise lithological identification, demonstrating the
rationale of the model.

2. Data
2.1. Data source

This paper utilizes image data from Fengxi Well A of the western
Qaidam Basin in Qinghai Province, China, and these images are ob-
tained from Schlumberger’s MAXIS-500 logging series. The depth range
of those images in the drilling well is 2780-4480 m. Based on drilling,
logging, and core descriptions, the lithology of the studied well section
predominantly contains mudstones, non-algal limestones, and algal
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limestones, with minor sandstones.

FMI images were produced by a full borehole micro-resistivity
scanning electrical imaging logger (Fu et al., 2023). FMI is an elec-
trical imaging logging device that records the formation’s characteristics
as it changes with different current values by emitting currents around
the well wall during logging (Yin et al., 2009). FMI takes these charac-
teristics and converts them into the resistivity of the formation around
the well wall and generates the FMI images. During the imaging process,
different imaging techniques can separate the static FMI images (FMI -
STAT) and the dynamic FMI images (FMI_DYN). The static FMI image
uses a uniform standard for the whole well section in the imaging so that
the static FMI image reflects the overall macroscopic characteristics of
the formation (Shafiezadeh et al., 2015). In contrast, dynamic FMI im-
ages use a window-based imaging setting. Although it causes the final
image to lose the macroscopic characteristics of the entire well, it does
enhance the local features at each level, allowing the FMI image to show
subtle characteristics (Goodall et al., 1998). FMI images can be
employed to assess lithology by capturing differences in rock structure.
For instance, mudstone typically exhibits well-defined layering on FMI
images, displaying distinct horizontal bedding and occasional calcar-
eous nodule development. Sandstone layers appear thick and
fine-grained, with noticeable massive bedding or cross-bedding pat-
terns. In the case of non-algal and algal limestone, FMI images often
reveal massive bedding and floc-like or cloud-like textures. Further-
more, the two FMI image modalities exhibit distinct characteristics due
to variations in imaging features. For example, within the same layer,
FMI_DYN displays higher contrast and more vibrant colors compared to
FMI_STAT, highlighting localized changes in resistivity within the well
section. In this study, as shown in Fig. 1, the FMI_DYN image and the
FMI_STAT image were used to identify the lithology.

2.2. Data preprocessing and data distribution

Due to their high resolution, FMI images pose challenges when
directly used for model training. As lithology descriptions typically
follow a layer-based approach, data preprocessing was performed to
appropriately align the FMI images with the classification task. The FMI
image, extracted from the logging report, has dimensions of 4995 pixels
in height and 1037 pixels in width. To facilitate lithology analysis, we
divided the original FMI image into smaller, non-overlapping images.
Each of these has a standard size of 256 pixels in height and 1024 pixels

FMI _DYN FMI_STAT
BE BN
BN E

EE B

Lithology

Fg

;\\

‘:\'Nt‘

12

-

a) FMI imﬁge

,-E EEE
SEESREEQ

¢== ":-' m [

split
|ERRRRER —

Geoenergy Science and Engineering 234 (2024) 212662

in width, dimensions commonly used in computer vision. We defined
each smaller image as a unit. This division retains most of the original
data and simplifies subsequent processing. Subsequently, 1125 units
were selected from the divided units to create the dataset for this paper.
For the selection strategy, low-quality FMI images excluded, such as
over-white or blurred images, which make up a significant proportion of
the low-quality images, and we then calculated the lithology percentage
within each unit and designated the lithology with the highest per-
centage as the working category for subsequent steps. Subsequently,
algal limestone, non-algal limestone, and sandstone were picked from
the filtered units based on the working category. For mudstone, random
sampling was performed to ensure a similar quantity as the maximum
number among the first three lithologies to prevent dataset over
imbalance. Then, a random sample of 100 units was selected from 1125
as the testing dataset. Finally, the remaining units were divided into
sample data with an image size of 16 x 1024, and these sample data
were further split into training and validation datasets in a proportion of
7:3. The distribution of the dataset after processing is shown in Fig. 2.

3. Method
In this section, we introduce our proposed DDViT model and show

the details of the design of each module, and finally, we show the loss
functions we use.
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Fig. 2. The distribution of our dataset. The blue is represented as the training
dataset, yellow as the validation dataset and red as the testing dataset.
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3.1. Overview

The overall framework of the proposed DDViT model is depicted in
Fig. 3. The DDVIT model consists of two main stages: 1) the parallel
primary stage of feature information extraction, and 2) the base back-
bone network encoding stage. The parallel feature information extrac-
tion aims to extract the feature information of the FMI images of both
modalities. After obtaining the feature information of both modalities,
the extracted feature information is aggregated and given to the back-
bone network, which consists of multi-transformer blocks for encoding
to obtain the lithological classification results. In addition, during the
preliminary stages of parallel information extraction, DDViT employs
the less-information dropping (LID) module to discard disruptive and
redundant information (e.g., blank band information in FMI images),
enhancing the model’s stability and credibility in lithological
classification.

3.1.1. Dual-modal architecture

Before accessing the dual-modal parallel module, it is necessary to
preprocess the input images. The FMI_DYN images and the FMI_STAT
images are defined as Xpyn, Xstar € R&*®*V, First, Xpyy and Xsrar are
divided into N small patch tokens that REH*W=RCP XN where N =
HW/P? and P is the size of the patch token. Then they are flattened to
RMN*P where D = P2 x C. The next step utilizes the patch embedding
module to map the features of Xpyy and Xsrar while preserving these
mapped features as Xpyy and Xsrar. Following this mapping, they are
concatenated with their respective class token (cls) and accompanied by
the positional embedding (PE). The class token serves as a representa-
tion of the category, and it aggregates all the feature information during
both training and inference, ultimately facilitating the prediction of the
final classification. The positional embedding plays a crucial role in
allowing the network to capture the positional information of each
patch, as the attention module itself is unable to inherently capture the
positional information of the input sequence (Vaswani et al., 2017).

Xpyw, Xstar = (Cat(clspyy, Xpyw), Cat(clsszar, Xsiar)) + PE (@]

Finally, Xpyn, Xsrar are forwarded to the dual-modal parallel pro-
cessing module (Dual) to calculate the respective feature mapping out-
puts for each modality. The parallel architecture is employed to extract
features from both FMI_DYN and FMI_STAT patterns, and subsequently,
the information from these two patterns is aggregated into the next
module to derive the lithology classification results. Due to the distinct
characteristics and distributions of the two modal FMI images,
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employing a single module for feature extraction from these differing
FMI images would not be appropriate. Hence, a parallel structure has
been devised, wherein each FMI image is directed to its dedicated
feature information extraction process. This approach enables the model
to comprehensively extract the distinct feature information inherent to
both modalities, consequently enhancing its capacity to discern lithol-
ogy. Then the output of the two modalities is concatenated and sent to
the remainder module (Backbone) for encoding and feature mapping. In
the final output, after multiple layers of encoding and feature mapping,
all the class tokens within it are extracted and averaged (Mean). Finally,
the lithology recognition results are categorized based on the class head
(Class). This process is shown in Fig. 3(a).

Dual(Xpyn, Xsrar)
Backbone(Cat(Xpyy, Xsrar) )
Class(Mean(clspyw, clssrar) )

Xpyn, Xstar =
X
Facies

(2)

3.1.2. Transformer block

The transformer block is the primary encoding block in DDVIT, used
for efficient feature extraction from the input FMI image and providing
strong support for final lithology identification. The transformer block is
the main component of the vision transformer (Dosovitskiy et al., 2021),
as shown in Fig. 3(c). It is composed of a multi-head self-attention block
(MHSA), an MLP block, and a LayerNorm layer (LN). Residual connec-
tions are incorporated to facilitate gradient preservation, thus aiding the
training process. The core of the transformer block is its self-attention
layer (Vaswani et al., 2017) within MHSA, an adaptive control mecha-
nism that makes the network pay attention to features that have a
substantial impact on the prediction results. Precisely, self-attention
captures the importance of each patch concerning other patches
through a set of learnable parameters. The input of the transformer
block is defined as X € R™4, where n is the number of patches and d is
the feature dimension of each patch. First, obtain Q € R™%, K ¢ R™% ,
V € R™% by a simple MLP block, where dy = dy.

0,K,V = MLP(X) 3

Subsequently, the self-attention layer (Attention) computes the
attention matrix by performing a dot operation between Q and K, fol-
lowed by normalizing the attention matrix using a Softmax process to
yield the attention scores. The output of the Attention is finally obtained
by multiplying the attention score with V, with the inclusion of a scaling
factor of ﬁ to prevent the dot product between Q and K from yielding

excessively large values.

C €
NC_—— ] NC———— 1]
v 1 N2
X5 N
Local g_ﬂ?lfl xl/J S
S = MHSA
M=> 2 > Local __A[__FGlobal
f 8 ——
>m = @
Ij\l/j LayerNorm
= v
d MLP
%
o ©
Backbone ---4--- Class --4  b) Less information ¢) Transformer
dropping module block

Fig. 3. a) Overview of our proposed model DDViT. b) The detail of our less-information dropping module. ¢) The detail of the transformer block.
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Attention(Q, K, V) = Soft (QKT>V ©)]
ention(Q, K, V) = Softmax
Vi

A multi-head self-attention block (MHSA) is a parallel composition
of h self-attention layers, wherein X is divided into h parts along the d
dimension. Each part is processed by a dedicated self-attention layer.
The results of these self-attention layers are subsequently concatenated
together along the d dimension to obtain the final output of the multi-
head self-attention block.

MHSA = Cat(Artention;),i € [1,h] 5)

In addition to the MHSA block described previously, the transformer
block also includes an MLP layer, which serves to project the feature
information into the final result space. Furthermore, it incorporates an
LN (LayerNorm) layer, which normalizes the feature information to
enhance network stability and facilitate ease of training.

3.1.3. Less-information dropping module

In the context of FMI images, it is important to acknowledge that
regular blank bands may appear as a result of the imaging process. These
blank bands have the potential to impede and disrupt the analysis of FMI
images. A proficient identification model for FMI images is expected to
possess the capability to prioritize significant information within the
FMI image, while simultaneously disregarding distracting information
such as blank band information. Moreover, it is assumed that the model
possesses the ability to autonomously learn the relevance of each piece
of information for precise lithology identification. Building upon these
assumptions, we capture intermediate information during the model’s
processing, subject it to mapping and assessment to ascertain its sig-
nificance, and subsequently make decisions regarding its keep or drop.
To fulfill this purpose, DDViT implements a less-information dropping
(LID) module, which empowers the model to identify and eliminate
blank bands. Please refer to Fig. 3(b) for a detailed illustration of this
process.

Inspired by DynamicViT (Rao et al., 2021), X € R™ is defined as the
input, and a binary decision encoding M € R" is defined to represent
each token’s state (‘keep’ or ‘drop’). All values in M are initialized to 1,
which means keeping every token used in the model process. Similarly,
we first use the Extract block to extract the global and local feature in-

formation Igiopar, liocat € R™% of X and combine them to obtain the com-
plete feature information I € R™, The Extract block primarily employs
linear layers for information extraction.

Extract(X)
Cat (Lyiopat Liocar)

Lgiovats Liocat =

I (6)

Furthermore, since each head in ViT’s multi-head self-attention fo-
cuses on distinct content within the image, it follows that the importance
of each head varies (Kong et al., 2021). Consequently, relying solely on I
is insufficient for determining the weight of each token and deciding
keep or drop. Thus, a learnable head weighting strategy is adopted to
rescale the extracted information I. This operation shares similarities
with SPViT (Kong et al., 2021). However, in the case of SPViT, weight
calculations are performed within each head, and it does not consider
the interaction information between heads. In contrast to SPViT, weights
of LID are computed from each head within X through a Weight block. In
the Weight block, the shape of X is first transformed following

R™I=R>™ 4% where h represents the number of heads used in the
network. Subsequently, the Weight block employs a multilayer con-
volutional layer to model the importance of each head in X, resulting in
Wheaa € R". During the operation of Weight block, the information from
each head in X is involved in all computations. This ensures that in-
teractions among all heads are fully considered, a distinct approach from
that of SPViT, which restricts its computation to the information of a
single head when determining head weights. Finally, when assigning
Whead to I, the information I undergoes a shape transformation according
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d . e
to R™ =R, However, once I successfully learns the significance of
each head, it reverts to its original shape.

Wheat =
I =

Weight(X)

1% Wi )

Lastly, the LID module utilizes the derived information from I to
decide whether to keep or drop each token and subsequently updates
this decision in M. To make a drop decision, LID employs Gumbel-
Softmax (Jang et al., 2016) to sample from the information in I based
on the content therein. However, before executing this, the LID must
conduct a feature mapping on the information I using the MLP block,
ensuring the precision of the LID’s decision regarding the token.

M = M % GumbelSoftmax(MLP(I)) (8)

Dropped tokens don’t participate in any subsequent model compu-
tations. In the training phase, to maintain the model’s differentiability,
LID employs the Gumbel-Softmax technique and an attention masking
strategy (Rao et al., 2021). These approaches are designed to eliminate
the impact of dropped tokens during attention computation. The defined
binary decision encoding, M, indicates the location of the dropped
token. This facilitates the attention masking strategy, effectively
ignoring the dropped token in computations and ensuring stable model
training. During the inference phase, differentiability is not a concern,
allowing LID to directly drop tokens based on their importance in the
information, I. The reduced data is then computed using the standard
attention computation mechanism. As the LID’s token drop operation is
anchored in the transformer architecture’s patch token mechanism, LID
might also be compatible with other models based on the transformer
architecture.

3.2. Loss function

A standard cross-entropy function is employed as the classification
loss in this study, and cross-entropy functions are commonly utilized in
neural networks for addressing classification problems (He et al., 2016;
Dosovitskiy et al., 2020). Furthermore, an additional loss function, the
Mean Squared Error (MSE), is utilized to control the dropping rate
within the LID module. There are two inputs to the MSE loss function
(Equation (9)), namely the predefined target keeping rate, denoted asr,
and the model’s actual keep rate during training, which can be obtained
by averaging over the binary decision encoding M. The model’s overall
loss function is obtained by weighting these two loss functions, where 5
is the scaling factor. The value of 7 is set to 2 following DynamicViT (Rao
etal., 2021). For the choice of the keeping rate r, it was observed that the
blank band typically constituted approximately 50% of the FMI images.
Therefore, we conducted experiments with r values of 0.4, 0.5, 0.6, and
0.7, respectively. Subsequent to experimental comparisons, it was
determined that the model achieved optimal performance when r was
set to 0.6.

‘7105: = ={f‘¢‘e (ypredvylabel) + n*ymm (r*, Mean(M)) (9)
4. Results

The experiments were conducted on two NVIDIA GeForce 3080
GPUs, and the code for training and testing was implemented using
Python 3.8.15 within the PyTorch 1.10.0 framework. During the
training phase, a learning rate of 0.00005 and a batch size of 128 were
utilized. The AdamW optimizer was employed, and the model parame-
ters were updated over 100 epochs.

4.1. The performance of our proposed model
DDViT was trained on the constructed dataset. Similarly, ResNet50

(He et al., 2016), ViT (Dosovitskiy et al., 2021), CvT (Wu, H. et al.,
2021), and MViTv2 (Li et al., 2022) were trained for making
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comparisons. For the single input models, namely ResNet50, ViT, CvT,
and MViTv2, we assessed their performance using each of the three
distinct input methods: DYN-only, STAT-only, and DYN-STAT mixed. In
the DYN-only and STAT-only, the models were trained exclusively on
FMI_DYN and FMI_STAT data, respectively. For the DYN-STAT mixed
method, a combination of FMI_DYN and FMI_STAT data was utilized.
Each three input methods feeding only one image to the model at a time.
Regarding the dual-modal architecture of DDViT, we evaluated the
DYN-STAT parallel input method, where FMI_ DYN and FMI_STAT are
input into the model simultaneously. For a detailed overview of the
input methods, please refer to Fig. 4. Additionally, DDVIiT differs from
other models in terms of loss functions. DDViT incorporates the
cross-entropy function and MSE as its loss function, while other models
solely utilize the cross-entropy function. Except for the differences in the
data input and the loss function used, the remaining training settings,
such as optimizer setting, learning rate, and number of training epochs,
are the same.

The results of DDVIT and comparison models are shown in Table 1.
DDVIT performed best in lithology identification, achieving a classifi-
cation accuracy of 90.81%. Compared to DDViT, the accuracies of other
models are lower in all three different input scenarios. As shown in
Fig. 5, we visualize the prediction results of some test samples on these
models, and the visualization also demonstrates the excellent perfor-
mance achieved by DDVIT.

4.2. The performance of dual-modal architecture

To show the effect of our proposed dual-modal architecture, we test
the DDVIT (without the LID module) compared to the original ViT
(Dosovitskiy et al., 2021). For ViT, they it also uses the three input
scenarios mentioned in the previous section. In the DDVIT model
without the LID module (w/o LID), the use of the MSE loss function to
control the drop rate r is unnecessary. Instead, DDViT employs the same
loss function as utilized in the ViT. All other settings remain unchanged;
in this scenario, the sole distinction between the two models lies in the
dual-modal architecture. The results are shown in Table 1. Compared
with the three input scenarios of ViT, the dual-modal architecture
(DYN-STAT parallel) achieves the best performance with an accuracy of
89.31%. Additionally, it’s noteworthy that the STAT-only scenario
consistently outperformed both the DYN-only and DYN-STAT mixed
input scenarios.

4.3. The performance of the less-information dropping module

To further explore the performance of the LID module, the dropping
results were visualized in Fig. 6. Fig. 6 shows that the LID module can
learn and locate the blank bands and redundant information in the input
image and remove most of these unnecessary elements. It keeps those
elements of color and morphological information that indicate lithology.

The experiment of using SPViT’s (Kong et al., 2021) multi-head

FMI data: DYN STAT ] DYN-STAT mixed
S
or J N &— ]
e ~ Model or or or
or N
) < .

a) Single input b) Parallel input

Fig. 4. Demonstration of various input methods. a) A single input, with com-
ponents arranged from top to bottom corresponding to DYN-only, STAT-only,
and DYN-STAT mixed, respectively. b) A parallel input, with components ar-
ranged from left to right corresponding to DYN parallel, STAT parallel, DYN-
STAT mixed parallel, and DYN-STAT parallel.
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Table 1
The result of our proposed model with other models.

input method accuracy  precision  recall F1-
score
ResNet50 DYN-only 76.50 75.82 67.59 70.47
STAT-only 84.13 82.87 81.68  82.06
DYN-STAT 80.44 79.29 71.37  74.18
mixed
ViT DYN-only 83.63 81.48 79.41 80.37
STAT-only 86.19 83.81 8493  85.21
DYN-STAT 85.94 85.51 85.42 85.44
mixed
CvT DYN-only 79.25 74.25 74.17 74.09
STAT-only 84.62 82.17 79.59  80.70
DYN-STAT 83.25 81.25 81.86  81.50
mixed
MViTv2 DYN-only 84.62 83.74 78.89  80.98
STAT-only 88.31 88.32 86.75  87.40
DYN-STAT 86.03 86.42 83.94 85.01
mixed
DDVIiT (w/o DYN-STAT 89.31 88.74 88.32  88.51
LID) parallel
DDVIT (SPViT) 88.94 87.84 87.96 87.84
DDVIT 90.81 90.22 90.06 90.14

selector directly (w/SPViT) compared with our LID module is also
conducted, and the results are shown in Table 1. Utilizing the LID
module yields an accuracy of 90.81%, outperforming the 88.94% ac-
curacy achieved using the strategy mentioned in SPViT. LID proves to be
superior, since it can fully capture the internal interaction information of
each head when computing the information I.

5. Discussion

DDVIT is specifically crafted within the context of geological prior
knowledge, incorporating FMI imaging and image features. Models
founded on geological prior knowledge usually demonstrate increased
effectiveness and rationality.

On the one hand, for the FMI imaging feature, the identification of
lithology based on only one kind of FMI image (DYN-only or STAT-only)
may lead to a restricted condition for the lithology identification, which
is a waste of data due to the lack or inadequate utilizing the diversity of
the FMI imaging process. To validate this concept, we assessed the
performance of the DDViT model using three additional distinct input
methods: DYN parallel, STAT parallel, and DYN-STAT mixed parallel.
The first two are defined such that both inputs are either FMI_DYN or
FMI_STAT, respectively. The third is designed wherein both inputs
comprise a mixture of FMI_DYN and FMI_STAT. Details can be found in
Fig. 4(b). As shown in Table 2, the results indicated that the model
achieved an accuracy of 80.62% with DYN parallel, and 87.25% with
STAT parallel. These accuracies are lower compared to the 90.81%
achieved when employing the DYN-STAT parallel. In addition, when
employing the DYN-STAT mixed, the model has difficulty learning a
fixed pattern to match the two different modalities. As shown in Table 1,
the accuracies of ResNet, ViT, CvT, and MViTv2 are 80.44%, 85.94%,
83.25%, and 86.03%, respectively, when using the DYN-STAT mixed
input method. However, both accuracies are lower than the best per-
formance of ResNet50 (84.13%), ViT (86.19%), CvT (84.62%), and
MViTv2 (88.31%). Similarly, as evidenced in Table 2, the DDViT model
achieves an accuracy of only 83.53% with mixed inputs, which is lower
than the highest recorded accuracy of 90.81%. Given the distinct data
characteristics and distributions of the two modalities, where FMI_DYN
captures local window features and FMI_STAT reflects global features,
using the same model to jointly process may impede the learning of each
modality’s unique features. Consequently, parallel processing of FMI -
DYN and FMI_STAT images can minimize the interference caused by
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Predict

mudstone . non-algal limestone . algal limestone . sandstone

Fig. 5. Visualize the prediction of our model. FMI_ DYN images and FMI_STAT images are represented by DYN and STAT, respectively. Label denotes the actual
lithology that corresponds to the data, while Predict refers to the lithology predicted by our model.

. The region is dropped

Fig. 6. Visualize the output of the FMI images after the LID module process. The blue region represents dropping.

Table 2
Comparison of using DYN parallel, STAT parallel, and DYN-STAT mixed parallel
methods with the DYN-STAT parallel method.

input method accuracy
DDViT DYN parallel 80.62
STAT parallel 87.25
DYN-STAT mixed parallel 83.53
DYN-STAT parallel 90.81

their differing data characteristics and distributions. This approach not
only enhances the model’s performance but also aligns better with the
characteristics of FMI imaging. Experimental results (Table 1) demon-
strate the superiority of the parallel approach over other methods. It was
also observed that using only FMI_STAT images was better than using
only FMI_DYN images, and in ResNet50, ViT, CvT, and MViTv2 with
STAT-only (84.13%, 86.19%, 84.62% and 88.31%) achieved superior
performance over the DYN-only input method (76.50%, 83.63%,
79.25% and 84.62%). As observed in Table 2, a similar phenomenon is

evident in the DDViT model, where the performance of the STAT par-
allel, at 87.25%, surpasses that of the DYN parallel, which stands at
80.62%. This may be because the FMI_ STAT image reflects global in-
formation, which makes the FMI image use a uniform imaging standard
for any case of imaging. This imaging setting allows all FMI_ STAT im-
ages to have the same data distribution, which makes it easier for the
model to learn the feature information of the FMI_STAT image.
Alongside the focused on the accuracy of lithology identification
using FMI images, this study statistically analyzes other variables asso-
ciated with each model, including model size, training time, and infer-
ence time. The comprehensive results are presented in Table 3. All data
are included from the results of each model when operating at its lith-
ological identification peak performance. Notably, DDViT possesses the
largest model size, attributable to its utilization of a dual-modal archi-
tecture to process different modalities in FMI. This parallel architecture
needs additional parameter branching relative to other models, resulting
in a larger model size for DDViT. Despite this, the dual-modal archi-
tecture can enhance the exploitation of the FMI image’s different
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Table 3
Additional variables involved in the experiments for all models include model
parameters, inference time, and training time.

Params (M) inference time (ms) training time (min)
ResNet50 25.56 2.55 26.88
ViT 38.60 1.08 25.23
CvT 31.21 6.66 56.12
MViTv2 33.99 6.24 65.33
DDViT 49.11 2.45 59.62

modalities, leading to more precise lithology identification. Despite its
size, DDVIT does not lag behind other models in terms of training and
inference time. It should be noted that DDViT needs to process two types
of data, whereas other models handle only one. This efficiency stems
from the LID module, which drops out certain redundant and disturbing
data during modeling, consequently reducing computational demands
and accelerating calculations.

On the other hand, due to the inherent imaging deficiencies of the
FMI imaging technique, the FMI images contain a high proportion of
blank bands and redundant information that don’t contribute to lithol-
ogy identification. Such cases may even disturb and interfere with the
model’s identification of the lithology. Thus, DDVIiT uses a LID module
to remove the blank band information generated during the FMI imag-
ing technique, as well as to remove some redundant information from
the FMI images. The LID module includes an additional hyperparameter,
r. Initially, we conducted an empirical analysis of the FMI image, which
revealed that the blank band in the FMI image approximately occupied
50% of the total image area. Hence, we conducted experiments around
the suggested value of r = 0.5. The test results, presented in Table 4,
demonstrated that the model achieved optimal performance atr = 0.6.
Furthermore, an ablation experiment on the LID module was performed,
which showed that the LID module achieved the best performance of
90.81%, outperforming the performance without the LID module
(89.31%). In addition, LID uses different head weights to rescale the
extracted information and optimize the algorithm in SPViT to maintain
the interaction information within each token. Additionally, we verified
the improvement in accuracy (90.81%) compared to the original SPViT,
which achieved an accuracy of only 88.94%. Fig. 6 depicts the visualized
processing effect of the LID module. Fig. 6 illustrates the significant
reduction of blank band information achieved by the LID module.
Additionally, it was observed that small portion of non-blank band re-
gions were also eliminated. It may indicate that these regions corre-
spond to background information within the current layer. This
observation is particularly evident in Fig. 6(a) and (b), where crucial
details such as flocculent structures and prominent features are retained
while less significant information, which would have a minor impact on
lithology identification, is selectively discarded by the LID module. The
visualization demonstrates that DDVIT can perform lithology identifi-
cation by focusing on the informative regions within the image, without
relying on blank bands of information. This approach emphasizes the
utilization of the image’s relevant regions for identification, enhancing
the interpretability of DDViT, similar to human actions of observation
for FMI images.

Given that features along the wellbore may be autocorrelated, this
work also explored the use of stratified sampling for dataset construc-
tion. The cleaned set of 1125 units served as the full dataset, with each
unit designated as a stratum. The training, validation, and testing

Table 4
The results of the model for different values of r.
r accuracy
DDVIiT 0.4 90.44
0.5 90.31
0.6 90.81
0.7 89.81
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datasets were subsequently divided within each stratum according to the
stratified sampling method, following a 7:3:1 ratio. The performance of
DDVIiT was assessed on this newly constructed dataset under the same
experimental conditions. The findings are detailed in Table 5. From the
presented results, the accuracy achieved through random sampling is
marginally superior to that of stratified sampling. However, the minor
difference in accuracy is not the primary reason for preferring random
sampling. Owing to the stratified nature of logging FMI images, there is a
frequent observation that FMI images from the same or neighboring
strata exhibit significant similarity. Consequently, if both training and
testing datasets are formed using stratified sampling, their data distri-
butions might be strikingly similar, leading to only minimal distinctions
between them. Under such scenarios, the testing dataset might not be
adequate to accurately assess the model’s performance. On further ex-
amination of the random sampling method employed in this study, it
becomes apparent that this method diverges from traditional stratified
sampling primarily during the construction of the testing dataset. In this
paper’s method, a certain number of strata (units) are randomly chosen
from all available strata to comprise the testing dataset. This contrasts
with stratified sampling, which randomly extracts a portion from each
stratum for the testing dataset. This approach offers an advantage over
stratified sampling, as it provides better control over the differences
between the testing and training datasets.

Overall, this work has achieved promising results in lithology iden-
tification by incorporating the imaging characteristics and properties of
the FMI images into our model. Furthermore, the visualization of the LID
module demonstrates the robustness of DDViT and strengthens confi-
dence in its ability to accurately identify lithology based on the FMI
images. This is because the model effectively filters out distribution
information in the FMI images. These findings highlight the significant
potential and promise of integrating geological a priori knowledge into
DL. However, DDVIT exhibited incorrect predictions for certain litho-
logical identifications, as depicted in Fig. 7. For example, the model
misidentifies a small portion of mudstone as algal limestone, possibly
due to the presence of minimal continuous porosity in an incorrect
location (Fig. 7(a)). Fig. 7(b) demonstrates the model’s failure in accu-
rately delineating the boundary between algal limestone and non-algal
limestone, primarily attributed to the challenge of precisely identi-
fying the flocculent structure boundary within the algal limestone.
Prediction errors in Fig. 7(c) and (d) occur within regions characterized
by feature disarray. Furthermore, Fig. 7(d), predominantly composed of
sandstone, presents challenges in model learning due to the limited
representation of sandstone samples in the source dataset. Additionally,
the characteristics of sandstone distribution in the formation (mainly
located below, thin, and little) and the higher geothermal temperature
during sandstone sample collection contribute to lower image quality
compared to the other three lithologies.

However, we acknowledge that our work has limitations; although
this study demonstrates the effectiveness of the method for identifying
lithology in FMI imaging logs, the energy picture output from different
FMI imaging logs exhibits variations, requiring appropriate model tun-
ing. Furthermore, this work is only experimenting with FMI images from
a single area and needs to use more data to train and test our model in
future work. In addition, this work only discusses and uses FMI images
for lithology identification, while many other data are also essential for
lithology identification, such as GR (Gamma Ray Logging), DEN (Den-
sity Logging), and AC (Acoustic Logging). In the future, we will use as
much relevant data as possible to combine them and make a

Table 5
Assess the performance of DDVIT under both stratified and random sampling
methodologies.

accuracy precision recall F1-score

stratified sampling 90.75 90.30 89.90 90.09
random sampling 90.81 90.22 90.06 90.14




L. Hou et al.

Geoenergy Science and Engineering 234 (2024) 212662

Label Predict

Fig. 7. Here are a few examples of incorrect predictions.

comprehensive identification of lithology based on their respective
geological characteristics.

6. Conclusion

This paper introduces DDVIT, a lithology identification model that
utilizes information from FMI images during logging to interpret li-
thology. DDVIT is built upon the image and imaging characteristics of
the FMI. DDVIT achieves a lithology identification accuracy of 90.81%
on data from the Fengxi Well A of the western Qaidam Basin in Qinghai
Province, China. DDVIT utilizes a dual-modal architecture, simulta-
neously processing the FMI_ DYN and FMI_STAT images to extract their
respective features for lithology interpretation. To address the presence
of unavoidable blank bands in FMI images, DDViT implemented a less-
information dropping module that reduces the influence of blank bands
on lithology identification. This module automatically learns the loca-
tion of blank bands and excludes them during model training and pre-
diction. DDVIT utilization of a dual-modal architecture and less-
information dropping module has yielded promising results in terms
of model accuracy and rationality, highlighting the potential of DDViT
for lithology identification in FMI images. DDVIT is specifically designed
to utilize FMI images alone for accurate lithology identification and it
offers an alternative solution for future DL applications in the field of
lithology identification. The design concept of DDVIT is rooted in the
inherent characteristics of geological data, and it offers valuable insights
to other geoscientists exploring the applications of DL in their research.
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