
Original Paper

Genesis of lamina combinations and intelligent well-logging 
interpretation in the upper Xiaganchaigou Formation, Yingxi area, 
Qaidam Basin, China

Jia-Lin Fu a,b,c , Da-Li Yue a,b,c,* , Wu-Rong Wang a, b,c, ** , Kun-Yu Wu d,e , Han Wang b,c,f ,
Ying-Hai Jiang d,e , Shu-Qi Zhang a,b,c , Zi-Mo Xu a,b,c , Wei Li a,b,c

a Hainan Institute of China University of Petroleum (Beijing), Sanya, 572025, Hainan, China
b College of Geosciences, China University of Petroleum (Beijing), Beijing, 102249, China
c State Key Laboratory of Petroleum Resources and Engineering, China University of Petroleum (Beijing), Beijing, 102249, China
d Qinghai Provincial Key Laboratory of Plateau Saline-Lacustrine Basinal Oil&Gas Geology, Dunhuang, 736202, Gansu, China
e Research Institute of Exploration and Development, PetroChina Qinghai Oilfield Company, Dunhuang, 736202, Gansu, China
f Chengdu Exploration and Development Research Institute of PetroChina Daqing Oilfield Company Ltd., Chengdu, 610051, Sichuan, China

a r t i c l e i n f o

Article history:
Received 11 July 2025 
Received in revised form 

13 January 2026 
Accepted 10 April 2026 
Available online xxx

Edited by Xiu-Fang Hu

Keywords:
Lamina combination identification 
Transformer intelligent recognition 
Sedimentary origin
E 3 2 segment
Qaidam Basin

a b s t r a c t

The laminar sedimentary structures of saline lacustrine mixed rocks affect both organic matter 
enrichment and reservoir storage performance. However, due to the small-scale nature of laminae, 
large-scale identification using well-logging data during reservoir exploration and development re-
mains challenging. It is necessary to introduce a research method to identify and characterize the 
development of different types of laminae. Based on analyses of typical cores, XRD data, and well-
logging curves from the upper member of the Xiaganchaigou Formation in the Yingxi area, five main 
types of laminae and six lamina combinations were classified. A Transformer-based intelligent recog-
nition method was then applied to identify these lamina combinations from well-log data, with the 
Random Forest algorithm used as a comparative benchmark. Verification results show that the Trans-
former model achieves a higher total accuracy of 84% in lamina combination recognition. This study 
proposes a new approach for the conventional well-log characterization of laminae, in which the 
classification is established from the perspective of laminae genesis. It reflects the development patterns 
of lamina combinations driven by paleoenvironmental changes, and selects an appropriate intelligent 
recognition method to address the challenges in well-log characterization of such reservoirs. In terms of 
engineering applications, this study can accurately indicate the positions of high-quality reservoirs 
within sedimentary cycles during field development. It provides a sedimentary facies-controlled basis 
for the three-dimensional characterization of reservoir quality, thereby offering a valuable reference for 
the exploration and development of reservoirs formed under similar sedimentary conditions.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Laminae in lacustrine mixed lithologies have become a key 
focus in the exploration and development of unconventional

hydrocarbon reservoirs (Feng et al., 2011; Song et al., 2024). Similar 
to shale reservoirs, laminae are generally regarded as favorable 
targets (Xin et al., 2022) and play a significant guiding role in 
evaluating reservoir properties such as storage capacity and 
compressibility (Pollastro, 2007; Zhao et al., 2020). Laminae 
represent a common microscopic structural feature in sedimen-
tary rocks, typically formed through the slow deposition of fine-
grained sediments under stratified water conditions. These 
structures typically occur as millimeter-scale layers and only 
rarely reach the centimeter scale, and they may consist of a single 
lithology or alternating lithologies. The interfaces between 
laminae are often well-defined and may appear planar, wavy, or
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lenticular in form (Jiang et al., 2013; Mingram, 1998; Wang et al., 
2019). As the smallest observable stratification units, lamina 
combinations reflect short-term fluctuations in depositional en-
vironments, whereas stratification (bedding) typically consists of 
multiple lamina combinations and indicates longer-term sedi-
mentary processes and environmental changes (Anderson and 
Dean, 1988; Bai et al., 2018; He et al., 2025a). Some researchers 
have proposed that laminae exhibit a multi-scale structural na-
ture, encompassing a wide range of scales from macroscopic to 
microscopic. These multi-scale structures are present across 
stratigraphic intervals and within individual rock units, 
comprising various lithologies and superimposed mineralogical 
cycles. Together, these structures form a hierarchical framework 
linking laminae, lithologic units, and sedimentary facies (Chen et 
al., 2017; Shi et al., 2018; Wang et al., 2019). The structural ele-
ments within this system are often interrelated, with millimeter-
scale laminae frequently reflecting geological information about 
decimeter-to meter-scale facies (Li et al., 2018, Li et al., 2019). 
Compared to their marine counterparts, lacustrine laminae are 
less affected by oceanic circulation and other external distur-
bances, and therefore more directly record depositional environ-
ments and sedimentary mechanisms (Sun and Wang, 2005; Wang 
and Zhong, 2004). Some scholars have employed astronomical 
tuning methods to establish high-resolution chronostratigraphic 
frameworks of lacustrine deposits, revealing the Milankovitch 
cyclicity of lacustrine sedimentary sequences and indicating the 
controlling effect of climate change on lithological variations (Shi 
et al., 2019). Lacustrine sedimentation is typically more localized 
and is often influenced by a variety of terrestrial clastic sources. 
Along basin margins, depositional processes are affected by distal 
supplies from alluvial fan termini and deltaic systems. Addition-
ally, structural uplifts on the basin margins frequently lead to the 
incorporation of gypsum clasts derived from platform-scale 
evaporative settings. In the above situation, lacustrine mixed 
rock reservoirs are usually formed (Moreira-Lima and De-Ros, 
2019; Olivito and Souza, 2020). Within these reservoirs, laminae 
exhibit diverse mineral compositions, including carbonates, 
quartz, gypsum, and clay minerals. The morphology, stacking re-
lationships, and distribution of the laminae vary significantly, 
resulting in strong vertical heterogeneity and the presence of 
multiple lamina combinations (Peng et al., 2022; Yang et al., 2020). 
The depositional processes of different lamina combinations are 
particularly sensitive to changes in external conditions such as 
temperature and salinity (Pan et al., 2021; Zeng et al., 2023), 
leading to diverse genetic mechanisms. However, current research 
on laminae in lacustrine mixed lithologies has primarily focused 
on the formation mechanisms of individual mineral laminae and 
their relationship with paleoclimate indicators (Guo et al., 2018; 
He et al., 2025b; Li et al., 2020; Park and Fürsich, 2001; Wang et 
al., 2014). Studies on more complex lamina combinations remain 
limited. The division scheme lacks genetic basis, and the paleo-
environmental evolution at the scale of lamina combination is not 
fully understood. However, the diagenetic variations of lacustrine 
organic-rich shales at the lamina scale exert a significant influence 
on pore structure and hydrocarbon generation potential. Such 
diagenetic heterogeneity at this scale is a key factor controlling 
reservoir quality, and accurately characterizing lamina combina-
tions is therefore of great significance for the development of these 
reservoirs (Liang et al., 2018).

In practical development and production research, laminae are 
a key focus in microscopic reservoir studies; however, large-scale 
characterization at the macroscopic level has progressed relatively 
slowly. Current research remains largely concentrated in the 
domain of analytical and testing techniques. At present, most 
laminae characterization relies on core description, thin-section

petrography, and a series of well-logging identification methods. 
Conventional logging tools, such as natural gamma ray, acoustic, 
and resistivity logs, are typically limited to identifying laminae 
structures at meter-scale resolution (Pang et al., 2023; Song et al., 
2023). LithoScanner logging techniques—commonly used in the 
development of mixed lithologic reservoirs—enable vertical 
analysis of mineral composition and allow for the interpretation of 
decimeter-scale lithological variations. New-generation logging 
tools, such as elemental capture spectroscopy (ECS), can identify 
the concentration of major rock-forming elements and their cor-
responding minerals with high vertical resolution, thereby facili-
tating decimeter-scale mineralogical discrimination (Fan et al., 
2024; Lai et al., 2022). Imaging logging provides comprehensive 
two-dimensional representations of rock physical features, mak-
ing it possible to identify sedimentary structures, including 
laminae, at millimeter to micrometer scales (Lai et al., 2018; Wang 
et al., 2013). These techniques enable the characterization of 
laminae development across multiple scales. However, their 
widespread application in actual field development is often 
limited by the high cost associated with specialized logging tools. 
Although tools like LithoScanner can be widely applied, their 
effectiveness is limited by the complex diagenetic mineral as-
semblages and strong heterogeneity of lacustrine mixed rock 
reservoirs. As a result, the responses of different lamina combi-
nations to various logging measurements are typically non-linear 
(Song et al., 2017; Tian et al., 2023; Zhang et al., 2018). Tradi-
tional interpretation techniques—such as rock physics modeling, 
cross-plotting, and multiple linear regression—often fail to ac-
count for such complexity and thus struggle to deliver accurate 
well-log interpretations (Ran et al., 2016).

With the advancement of machine learning, artificial intelli-
gence (AI)-based recognition methods have been widely applied to 
well-log interpretation. These methods offer high precision and 
efficiency, making them a current hotspot in lithofacies identifi-
cation and other interpretation tasks (Gama et al., 2025; Liu et al., 
2026; Wang et al., 2015, 2025; Zhang et al., 2024, 2025). A variety 
of mature machine learning algorithms have been integrated into 
geological workflows and are suitable for addressing various 
challenges in exploration and development. For instance, Con-
volutional Neural Networks (CNNs) excel at extracting local fea-
tures and are particularly effective in learning from high-
dimensional data such as images. They also support multi-source 
data integration, thereby significantly enhancing interpretation 
accuracy (Haritha et al., 2025; Li et al., 2024c; Yue et al., 2025; 
Zhang et al., 2021). For one-dimensional data types such as well 
logs, Random Forest (RF) algorithms are commonly used. These 
algorithms process data in parallel by constructing multiple de-
cision trees and aggregating their predictions, which substantially 
improve the model’s generalization ability and robustness while 
maintaining high computational efficiency (Fan et al., 2025; Feng 
et al., 2021; Song et al., 2023). However, the aforementioned ma-
chine learning algorithms still exhibit limitations when applied to 
the identification of lamina combinations in lacustrine mixed 
lithologic reservoirs. For example, CNNs are highly dependent on 
large volumes of multidimensional data. When applied solely to 
low-dimensional datasets such as conventional well logs, CNNs 
often fail to achieve satisfactory performance. RF, on the other 
hand, is an ensemble method that integrates multiple decision 
trees, but it is inherently a “black box” model. Given the 
complexity of laminae types in such reservoirs, the model can be 
easily misled by erroneous information during training, and lacks 
transparency for correction, thereby compromising interpretation 
reliability (Feng et al., 2021; Liu et al., 2025; Wang et al., 2023). 
Accurate lamina combination identification requires models that 
integrate multiple logs and capture long-range vertical
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dependencies. Attention mechanisms are therefore well suited for 
suppressing low-importance features and enhancing sequence 
modeling capability (Ren and Wang, 2021).

This study focuses on the upper member of the Xiaganchaigou 
Formation in the western Yingxiongling structural belt of the 
Qaidam Basin, northwestern China (Yingxi area), which represents 
a saline lacustrine mixed sedimentary reservoir. The objectives are 
to clarify the genetic mechanisms and classification of lamina 
combinations, infer the vertical development patterns and their 
correspondence with paleoenvironmental evolution, and to opti-
mize intelligent identification methods while evaluating their 
reliability and advantages. This research proposes a novel 
approach for characterizing laminae in saline lacustrine mixed 
rocks using conventional well logs. From a genetic perspective, the 
study establishes a classification scheme for lamina combinations, 
revealing the development patterns driven by paleoenvironmental 
controls. Furthermore, it endows intelligent algorithms with 
“geological reasoning”, yielding promising results in practical 
reservoir interpretation. The proposed method offers an effective 
solution to the challenge of characterizing complex lithological 
laminae and provides valuable insights for lamina characterization 
and logging interpretation in similar depositional environments.

2. Geological settings

The Qaidam Basin, situated in northwestern China on the 
northeastern margin of the Tibetan Plateau, is the largest Cenozoic 
basin in the region (Fig. 1(a)), covering an area of 258,000 km 2 with 
an average elevation of 2800 m (Li et al., 2021; Xiong et al., 2018). It 
represents a critical area for investigating tectonic evolution and 
hydrocarbon accumulation. The basin is bounded by the Altyn 
Tagh Fault to the northwest, the Qilian Mountains to the northeast, 
and the Kunlun Mountains to the south. The complex structure of 
the Qaidam Basin is primarily attributed to the Himalayan orogeny 
(Cenozoic, ca. 65 Ma to present) and earlier tectonic events during 
the Indosinian (Triassic, Mesozoic) and Yanshanian (Jurassic-
–Cretaceous, Mesozoic) orogenies. These successive orogenies, 
driven by plateau uplift and peripheral compression, shaped the 
basin’s distinctive intermontane features (Song et al., 2010; Zhang 
et al., 2018; Zhu et al., 2022).

The Yingxiongling structural belt, situated in the southwestern 
Qaidam Basin, exhibits a large arcuate anticline with steep 
southern and gentle northern limbs. Its internal structure is highly 
fragmented, showing intense fold deformation (Fu et al., 2015; 
Qiao et al., 2020). The Yingxi area, located in the western part of 
this structural belt, represents the most prolific oil-producing 
block in the basin. During the Cenozoic period, the sedimentary 
center of the Qaidam Basin underwent continuous migration. In 
the Paleogene, the main lake body shifted progressively north-
eastward along the Altyn Tagh Fault, while in the Neogene, the 
uplift of the Altyn Mountains caused the main lake body to migrate 
southward (Guo et al., 2018). Throughout the Paleogene–Neogene, 
the lacustrine basin experienced predominantly semi-saline to 
saline conditions. In the Oligocene, the uplift of the Himalayas 
blocked the inflow of marine moisture, leading to an increasingly 
arid environment within the basin (Sun and Wang, 2005). During 
the early Oligocene, the depositional environment transitioned 
from lacustrine to salt lake settings. In the middle to late Oligo-
cene, semi-saline lakes were developed, with fan delta deposits 
forming in structurally uplifted areas along the basin margins (Li et 
al., 2021). Yingxi area, adjacent to the Altyn Mountain structural 
uplift and located along the basin margin, is primarily character-
ized by the development of fan delta, littoral–shallow lake, and 
semi-deep lake deposits (Zhang et al., 2018). As a result, the Yingxi 
area encompasses sedimentary facies belts ranging from shallow-

to deep-lake environments, as well as distal parts of deltas, 
resulting in complex sedimentary compositions (Fig. 1(b)).

The stratigraphy of this area includes two major sequences: the 
Paleogene and Neogene. The Paleogene sequence comprises, from 

bottom to top, the Lulehe Formation (E 1+2 ) and the Xiaganchaigou 
Formation (E 3 ), while the Neogene sequence includes the Shang-
ganchaigou Formation (N 1 ), the Xiayoushashan Formation (N2

1),
and the Shangyoushashan Formation (N2

2) (additional Neogene
strata overlie these units but are omitted here). Among them, the
upper member of the Xiaganchaigou Formation (E3

2) represents the
principal reservoir in this area. It mainly consists of carbonates and 
mudstone, interbedded with fine-grained clastic rocks, and a 
gypsum layer is present at the top (Wang et al., 2020) (Fig. 1(c)). 
The reservoir types in the study area are typical carbonate-rich 
lacustrine mixed rocks, exhibiting certain features associated 
with saline lacustrine basins.

3. Methods and data

3.1. Data sets

The samples used in this study were provided by the Research 
Institute of Exploration and Development, PetroChina Qinghai 
Oilfield Company. They were collected from 13 vertical cored wells 
from the Yingxi area. The dataset includes thin-section petro-
graphic observations, X-ray diffraction (XRD), X-ray fluorescence 
(XRF), and petrophysical analyses of 311 samples (including 215 
with XRD results). In addition, multiple well-log datasets are 
available for each well. Based on these data, the types of laminae 
and lamina combinations were classified, their corresponding 
well-log response characteristics were identified, and an intelli-
gent interpretation model was trained. The model’s reliability was 
evaluated using blind wells. Geochemical parameters were further 
used to clarify the genesis and developmental patterns of each 
lamina combination, thereby validating the classification scheme 
and analyzing the strengths of the intelligent interpretation 
model.

The well-logging experimental data consist of well-log curves
and lamina combination interpretation results from the E3

2 interval
of 13 cored wells in the Yingxi area. Five types of conventional well 
logs were included: gamma ray (GR), acoustic (AC), shallow lateral 
resistivity (LLS), deep lateral resistivity (LLD), and density (DEN), 
as well as LithoScanner data. A total of 4,368 well-log data points 
were selected from 13 wells (well-log data points were derived 
from the discretization of logging data from the lamina combi-
nations development section), with 3,276 data points from 10 
wells used as the training set, and 1,092 data points from 3 wells 
used as the testing set. The sampling interval for both training and 
testing sets was 0.125 m. Given the imbalance in the number of 
samples between lamina combinations and non-laminated in-
tervals, which could lead to overfitting, the Synthetic Minority 
Over-sampling Technique (SMOTE) algorithm was employed to 
generate synthetic samples for underrepresented classes, thus 
balancing the distribution (Verbiest et al., 2014). As a result, the 
final training set included 13,759 samples.

3.2. Lamina combinations intelligent recognition model

3.2.1. Intelligent model principle and modules
Given the lithological complexity and strong heterogeneity of 

the lacustrine mixed lithologic reservoir in the study area, it is 
essential to address challenges such as diverse mineral composi-
tions, strong interlayer heterogeneity, and significant variation in 
interpretation scales. Moreover, the interpretation needs to inte-
grate multiple logging curves, including both conventional logs
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and LithoScanner data. Therefore, the new method must be 
capable of handling multi-source data fusion and long-sequence 
data modeling. In this study, the Transformer algorithm is 
applied for intelligent well log interpretation (Sun et al., 2024; 
Vaswani, 2017), while the widely used Random Forest algorithm 

is employed as a benchmark for comparison (Feng, 2021; 
Vijayakumar et al., 2025).

The Transformer model consists of two main components: the 
encoder and the decoder (Fig. 2(a)). The encoder converts the 
input sequence into context-aware embeddings, mapping each 
data point into a vector space that captures its relationship within 
the sequence. The decoder then establishes connections between 
the right-shifted input sequence (Shift Right) or class-labeled 
time-series data and the encoded features to generate the final 
prediction. Typically, multiple encoder–decoder pairs are 
employed in a complete Transformer framework (Fig. 2(b)). Before 
being fed into the encoder and decoder, both the input and output 
data require positional encoding. This is because the Transformer 
algorithm relies on parallel computation, and positional encoding 
is necessary to provide the model with information about the 
sequence order of the data in time (or depth), enabling the model 
to capture positional dependencies (Li et al., 2023, 2024a). The

encoder comprises a Multi-Head Attention layer, a Feed Forward 
layer, and Residual Connection and Layer Normalization (Add & 
Norm). The decoder includes a Masked Multi-Head Attention layer, 
an Encoder–Decoder Multi-Head Attention layer, and a Feed For-
ward layer (Fig. 2(c)).

It should be noted that the Multi-Head Attention mechanism 

in the decoder differs from that in the encoder. One type of Self-
Attention in the decoder masks future information to ensure that 
the generation of the current output depends only on the current 
and previous outputs, and not on any future outputs. This 
mechanism is therefore referred to as Masked Multi-Head 
Attention. Another type is known as Encoder–Decoder Multi-
Head Attention, which, in addition to performing self-attention 
within the decoder, also interacts with the encoder’s outputs. 
This forms encoder–decoder attention, also called cross-
attention, and is responsible for aligning the features extracted 
by the encoder with the target labels from the decoder. 
Furthermore, each Multi-Head Attention layer is followed by a 
Feed Forward layer, which performs a nonlinear transformation 
on the output at each position. The computation is defined in 
Equation (1), where W 1 and W 2 are weight matrices, b 1 and b 2 
are bias terms.

Fig. 1. Overview of the study area (modified from Qiao et al., 2020; Wang et al., 2020; Zhang et al., 2018). (a) Structural unit map of Qaidam Basin; (b) paleoenvironmental map of 
the study area during the Xiaganchaigou Formation period; (c) schematic stratigraphic column of the study area.
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FFN(x) = max(0; xW 1 + b 1 )W 2 + b 2 (1)

A Residual Connection and Layer Normalization is applied after 
each sub-layer—either a Multi-Head Attention layer or a Feed 
Forward layer. This design facilitates gradient propagation and 
prevents model degradation, thereby accelerating the training 
process. The computation is defined in Equation (2), where 
Sublayer(x) denotes the output of the corresponding sub-layer.

LayerNorm(x + Sublayer(x)) (2)

It is important to note that the core of the Transformer model is 
the Self-Attention Mechanism, which is used to compute the de-
pendencies between all positions in the input sequence. This al-
lows the model to capture relationships between any two 
positions. The computation process is shown in Equation (3), 
where Q (Query), K (Key), and V (Value) are matrices obtained 
through linear transformations of the input sequence, and d k 
represents the dimension of the Key vector. This equation calcu-
lates the similarity between Q and K, and then uses the resulting 
similarity scores to perform a weighted sum over V, thus gener-
ating the final output, where the superscript T denotes matrix 
transposition.

Attention(Q ; K; V) = Softmax 

(
QK T
̅̅̅̅̅  
d k

√ 

) 

V (3)

Building upon this, the Multi-Head Attention Mechanism is 
introduced. It consists of a set of h independent Self-Attention 
modules, where each independent Self-Attention operation is 
referred to as a head. Each head applies different linear trans-
formations to the Query, Key, and Value matrices. The outputs 
from these h attention heads are then concatenated and passed 
through a final linear transformation. The entire computation

process is shown in Equations (4) and (5), where W 
Q
i ;W

K
i ;W

V
i ;W O

denote trainable weight matrices. W O is the output projection 
matrix.

MultiHead(Q ; K; V) = Concat(head 1 ; :::; head h )W o (4)

head i = Attention 
( 
QWQ

i ; KW
K
i ; VW

V
i

) 
(5)

3.2.2. Intelligent recognition process
Based on the Multi-Head Self-Attention mechanism and the 

principles of the Transformer model, the training workflow of the 
intelligent recognition model proposed in this study is illustrated 
in Fig. 3. First, the standardized logging response data are fed into 
the encoder, where positional encoding is applied to inform the 
model of the sequential order of each logging data point. Upon 
entering the encoder, the multi-head self-attention mechanism 

establishes relationships between well logging segments with 
similar features but located at different depths. The output at 
each position is then processed through a Feed Forward neural 
network for nonlinear transformation. Each Multi-Head Attention 
and Feed-Forward sublayer undergoes residual connection and 
layer normalization before passing to the next encoder layer. 
After passing through multiple encoder layers, the original log-
ging inputs are transformed into position-wise multidimensional 
feature embeddings that retain depth correspondence while 
incorporating global contextual information. These encoder out-
puts are directly passed to the decoder as the Key and Value in-
puts of the encoder–decoder Multi-Head Attention layer, forming 
the information bridge between the encoder and decoder 
modules.

In the decoder, the output data generated by the model (i.e., 
inputs with lamina combination classification labels) are likewise 
positionally encoded. A Masked Multi-Head Attention layer ex-
tracts temporally enhanced features representing contextual

Fig. 2. Transformer model architecture and schematic diagram. (a) Single set of encoder and decoder; (b) multiple sets of corresponding encoders and decoders; (c) schematic 
diagram of the transformer architecture.
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information, such as dependencies and transition patterns be-
tween lithologies, suitable for characterizing vertically varying 
stratigraphic features (Han et al., 2024). Subsequently, the multi-
dimensional logging features generated by the encoder are inte-
grated with lamina combination predictions through the 
Encoder–Decoder Multi-Head Attention mechanism and further 
processed by a Feed-Forward with residual connections and layer 
normalization. The decoder outputs are then linearly transformed 
and passed through a Softmax function to produce the final 
probability distribution of lamina combination types.

This architecture enables end-to-end mapping from multidi-
mensional logging data to lamina combination sequences with 
improved accuracy and robustness compared with conventional 
classification approaches.

4. Results

4.1. Identification of lamina combinations

4.1.1. Single lamina types and characteristics
The upper member of the Xiaganchaigou Formation in the 

Yingxi area represents a typical lacustrine mixed lithologic reser-
voir, characterized by complex and diverse mineral compositions. 
The reservoir rocks are primarily composed of carbonate minerals, 
terrigenous clastic minerals, clay minerals, minor evaporite min-
erals, and trace amounts of other components (Fig. 4(a)). Among 
them, dolomite and calcite exhibit the highest average content, 
collectively accounting for 49.2% of the total mineralogical 
composition. Clay minerals constitute approximately 22.6%, while 
terrigenous clastic minerals—mainly quartz and feld-
spar—contribute relatively less, with a combined proportion of no 
more than 20%.

In this study, a lithological classification ternary diagram was 
established based on the relative mineral content distribution in 
the study area and previous lithological classification schemes 
(Chen et al., 2015; Liu et al., 2021; Sun et al., 2023; Zhang, 
2000). A total of 215 sample points were statistically analyzed 
for the content of carbonate minerals, clay minerals, and 
terrigenous clastic minerals (Fig. 4(b)). The majority of the 
samples fall within the carbonate- and clay-dominated regions 
of the ternary diagram, with only a few samples classified as 
clastic rocks.

(1) Characteristics of lamina mineral components

In sedimentological terminology, laminae are the most funda-
mental units of stratification and are internally structureless at the 
macroscopic scale. They form through the contemporaneous 
deposition of sediments with broadly similar lithologic properties 
under relatively uniform depositional conditions, and their thick-
ness is typically on the order of a few millimeters. Beds (or bedded 
structures) are sedimentary units thicker than individual laminae, 
commonly at the centimeter scale or above, and may consist of 
multiple laminae or internally homogeneous material (Zhu, 2008). 
In contrast, non-laminated intervals lack identifiable lamination at 
the observation scale and therefore do not preserve diagnostic 
lamina-scale architecture; consequently, they are excluded from 

lamina combination classification and genetic analysis in this 
study. In most cases, the development of laminae at different 
scales can be clearly observed in core samples. Moreover, micro-
scopic examination of casting thin sections allows for the classi-
fication of individual laminae according to their mineral 
compositions. In the upper member of the Xiaganchaigou For-
mation in the Yingxi area, five major types of laminae are

Fig. 3. Training process of lamina combination intelligent recognition based on Transformer model.
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recognized in the study interval, consisting of carbonate laminae, 
felsic laminae, clay laminae, and two mixed laminae types (Fig. 5). 

Carbonate laminae are primarily composed of calcite and 
dolomite, with some displaying micritic textures. These laminae 
are generally thin and often interbedded with clay minerals. At the 
microscopic scale, clear interlamination between carbonate and 
clay minerals can be observed due to the significant difference in 
grain size. Additionally, small amounts of pyrite are commonly 
present in carbonate laminae samples.

Felsic laminae mainly consist of feldspar, quartz, and minor 
detrital grains, with grain sizes generally below 0.03 mm, typically

forming siltstone. Gradational lamination may develop with ver-
tical variations in felsic content. Well-sorted laminae exhibit sharp 
boundaries, whereas poorly-sorted ones show diffuse interfaces 
with dispersed clay minerals. Pyrite commonly occurs along silt-
enriched bands.

Clay laminae are predominantly composed of clay minerals, 
appearing dark brown under the microscope. These laminae are usu-
ally thicker and more compact, occasionally containing micritic car-
bonate minerals and felsic detritus. Black organic matter particles are 
also observed. The lamina boundaries vary depending on the contact 
mineralogy, exhibiting straight, continuous, or wavy interfaces.

Fig. 4. Petrological characteristics of E3
2 in the Yingxi area. (a) Proportion of average rock mineral content; (b) lithological classification triangle.

Fig. 5. Single lamina types in the study area. (a)–(c) Carbonate laminae, well B43, 3915.88 m; (d)–(f) felsic laminae, well B41-2, 4083.51 m; (g) (h) clay laminae, well B49-1, 
3790.69 m; (i)–(k) gypsiferous dolomite laminae, well B41-6-1, 3865.58 m; (l) (m) sandy dolomite laminae, well B41-6-1, 3854.31 m. (a), (d), (g), (i), (l) Core image; (b), (e), 
(j) microscopic photograph, plain-polarized light (PPL); (c), (f), (h), (k), (m) microscopic photograph, cross-polarized light (XPL).
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Mixed laminae exhibit diverse diagenetic mineral composi-
tions, including quartz, feldspar, calcite, and gypsum, with no 
single dominant mineral. Based on mineral assemblages, mixed 
laminae can be further divided into gypsiferous dolomite laminae 
and sandy dolomite laminae. The gypsiferous dolomite laminae 
have complex mineral compositions, with micritic calcite and 
dolomite distributed in banded patterns. Gypsum crystals are 
interbedded within the laminae composed of these two minerals, 
with highly variable development. The lamina boundaries are 
generally distinct, making their morphology easily observable 
under the microscope. The sandy dolomite laminae are composed 
of micritic calcite mixed with siltstone, where the silt content 
commonly exceeds 30%. These laminae exhibit diverse morphol-
ogies, with irregular internal arrangements of various minerals. 
Clay minerals often appear as flaky aggregates, and the lamina 
boundaries are typically indistinct.

(2) Characteristics of lamina structural pattern

As a sedimentary structure, laminae record depositional envi-
ronments and hydrodynamic conditions, with their morphology 
controlled by variations in paleogeomorphology and paleohy-
drology. Core observations and borehole imaging logs (FMI_DYN) 
show that laminae in the upper Xiaganchaigou Formation are well 
developed, mainly at the centimeter to decimeter scale, and occur 
predominantly as horizontal layers with locally wavy geometries 
and scour features.

In terms of sedimentary morphology, the structural patterns of 
laminae in the study area can be classified into two types based on 
their density and individual thickness per unit length: laminated 
layer and bedded layer. Morphologically, laminated layers are 
relatively thin and display densely packed, regular alternating 
light and dark banding on borehole imaging logging. These bands 
represent the interbedding of high-resistivity carbonate rocks (or 
sandstone) with low-resistivity mudstone layers in thin, closely 
spaced successions. Individual laminae within this type are typi-
cally less than 10 mm thick, with a density generally exceeding 100 
laminae per meter.

In contrast, bedded layers are thicker, more variable in form, 
and often lack clear lithological boundaries. On borehole imaging 
logging, they appear as abrupt changes in brightness or darkness 
on a relatively uniform background color, accompanied by 
noticeable transitional zones. These patterns indicate less distinct 
interbedding between lithologies with contrasting resistivities. 
Individual laminae in this category typically range 10–100 mm in 
thickness, with a lamina density of approximately 10–100 laminae 
per meter (Fig. 6).

Based on previous studies on the genesis of lacustrine laminae 
(Guo et al., 2018; He et al., 2025a; Jackson, 1985; Li et al., 2022) and 
observation of core samples in the study area, the depositional 
characteristics of the aforementioned two types of laminae can be 
summarized (Table 1). Under conditions of similar diagenetic 
mineral compositions, laminated layer is typically associated with 
periodic high-frequency depositional events, such as seasonal 
wet–dry alternations and episodic climatic fluctuations in tem-
perature and humidity. The hydrodynamic conditions are gener-
ally of moderate to low energy with distinct cyclicity. These 
laminae are typically deposited in environments such as shallow 

evaporative platforms or high-salinity settings. In contrast, bedded 
layer are deposited more continuously, primarily controlled by 
low-frequency events on centennial to millennial scales. Some 
turbiditic processes induced by flood events are also observed. The 
overall hydrodynamic conditions are persistently low-energy. 
Typical depositional environments include semi-deep to deep 
lacustrine settings with low salinity or distal turbidite systems.

Each single lamina type may correspond to two structural pat-
terns, reflecting differences in genesis under varying depositional 
environments. Therefore, intervals characterized by multiple sin-
gle laminae forming distinct lamina combinations often indicate a 
specific type of depositional environment.

4.1.2. Lamina combination types and characteristics
As an integrated response of sedimentation and diagenesis, 

laminae exhibit significant differences in reservoir proper-
ties—such as petrophysical characteristics and hydrocarbon-
bearing capacity—due to variations in mineral composition and 
subsequent diagenetic alterations. These differences are further 
manifested in the production performance of different lamina 
combination intervals during reservoir development (Gao et al., 
2013; Liang et al., 2018; Song et al., 2020; Wilhelms et al., 1989). 
Therefore, the classification and identification of lamina combi-
nation types are essential in reservoir studies.

Based on core and thin section observations of the vertical 
stacking relationships of laminae, combined with macroscopic 
differences in laminae structural patterns, six lamina combina-
tions were identified (Fig. 7): laminated clay–carbonate rock 
combination (LCC); bedded clay–carbonate rock combination 
(BCC); laminated clay–felsic rock combination (LCF); bedded 
clay–felsic rock combination (BCF); laminated clay–gypsiferous 
dolomitic rock combination (LCGC); and bedded clay–sandy 
dolomitic rock combination (BCSC).

Laminated clay–carbonate rock combination (LCC) (Fig. 7(a)): 
The core exhibits densely spaced, horizontally laminated struc-
tures with noticeable color contrasts, indicative of laminated 
laminae. Under the microscope, distinct interbedding of dark 
yellow carbonate laminae and deep brown clay laminae is 
observed, with sharp and continuous boundaries. Carbonate 
laminae are generally thicker than the clay-rich ones. Bedded 
clay–carbonate rock combination (BCC) (Fig. 7(b)): The core shows 
poorly developed horizontal bedding, with varying thickness and 
muted color contrasts, typical of bedded laminae. Under the mi-
croscope, the boundaries between carbonate and clay laminae are 
indistinct, and carbonate laminae appear discontinuous. Lami-
nated clay–felsic rock combination (LCF) (Fig. 7(c)): This type ex-
hibits distinct, fine, and uniform laminae in the core, showing 
typical strong layering. Under the microscope, felsic mineral 
laminae (mainly quartz and feldspar) appear in well-developed, 
banded forms with clear and stable boundaries against clay min-
erals. Bedded clay–felsic rock combination (BCF) (Fig. 7(d)): The 
core reveals scoured surfaces and wedge-shaped cross-lamina-
tions, with irregular laminae arrangements lacking clear inter-
bedding patterns, representing bedded features. Microscopically, 
felsic laminae are discontinuously developed and often inter-
bedded with clay minerals. Lenticular fine-grained sandstone 
structures are visible, interpreted as the result of high-energy 
depositional processes. Laminated clay–gypsiferous dolomitic 
rock combination (LCGC) (Fig. 7(e)): The core displays densely 
spaced fine horizontal stripes, typical of laminated structures. 
Microscopically, multiple minerals are arranged in banded distri-
butions. Despite the mineralogical complexity within the gypsif-
erous dolomitic laminae, the boundaries with adjacent clay-rich 
laminae are clear, and overall laminae continuity is high. Bedded 
clay–sandy dolomitic rock combination (BCSC) (Fig. 7(f)): The core 
shows thick, irregular, light-gray bands without consistent pat-
terns. Under the microscope, the sandy dolomitic laminae appear 
weakly banded and discontinuous, with dispersed mineral grains 
and indistinct boundaries with adjacent clay minerals, often 
forming transitional contacts.

To reduce interpretational subjectivity in lamina combination 
classification, Table 2 incorporates quantifiable mineralogical
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parameters, including the relative abundance of carbonate, fel-
sic, clay, evaporite-related, and sandy dolomitic components. 
The reservoir development parameters also vary systematically 
among the six types of lamina combination intervals, as re-
flected by the distributions of porosity, mineral brittleness

index (Huo et al., 2018; Jarvie et al., 2007), and TOC content 
summarized in Table 2 (Zhang et al., 2026). LCC and LCF exhibit 
relatively high brittleness (0.80–0.97) and moderate to high TOC 
contents (0.75%–1.60%), indicating favorable fracturing potential 
and hydrocarbon generation capacity. BCC and BCF show 

comparatively higher porosity but lower organic matter 
enrichment. In contrast, LCGC displays the lowest porosity, 
brittleness, and hydrocarbon generation capacity, reflecting poor 
reservoir quality under intense evaporation and diagenetic 
compaction. The classification from a sedimentary-genetic 
perspective demonstrates the controlling influence of deposi-
tional origin on reservoir evaluation and development potential, 
thereby supporting the rationality of the proposed lamina 
combination scheme.

In lacustrine mixed rocks, laminae commonly exhibit com-
plex vertical stacking patterns, ranging from simple binary al-
ternations to compositionally mixed assemblages. In this study, 
lamina combinations are classified based on the dominant as-
sociation between two lamina types under specific lamina 
structural patterns (laminated or bedded). Mixed lamina types, 
such as gypsiferous dolomite laminae and sandy dolomite 
laminae, inherently incorporate multiple mineral components 
and thus partially capture higher-order compositional 
complexity. At the resolution of well logs, intervals with complex 
alternations are therefore represented by their dominant lamina 
combination, with subordinate components treated as internal 
variations.

Fig. 6. Classification of lamina structural patterns at different scales. (a) Well B53-1, 4046.19–4046.27 m, core image (surface rolling scan); (b) well B53-1, same position, 
FMI_DYN; (c) well B41-2, 4077.89–4077.97 m, core image; (d) well B41-2, same position, FMI_DYN.

Table 1
Comparison of laminated structures under identical diagenetic mineral 
assemblages.

Structural type Laminated layer Bedded layer

Thickness Millimeter–centimeter 
scale

Centimeter–decimeter 
scale

Lamina boundaries Sharp and distinct, 
marked by abrupt 
changes in grain size or 
mineralogy 

Gradational and 
diffuse, with gradual 
grain size transitions

Depositional
frequency

High-frequency 
(seasonal to 
interannual scale)

Low-frequency 
(centennial to 
millennial scale) or 
flood events 

Hydrodynamic
conditions

Moderate to low 

energy, periodic 
Persistently low energy

Typical
environment

Shallow-water 
(evaporative) platform, 
high-salinity settings

Semi-deep to deep 
lacustrine 
environments, low 

salinity, distal 
turbidites
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4.2. Response characteristics of lamina combination logging

Based on the classification of lamina combinations, the logging 
characteristics of intervals with different lamina combinations 
were statistically analyzed and summarized. It should be noted 
that individual laminae are typically only a few millimeters to 
centimeters thick, making them difficult to characterize using 
conventional logging data. However, the thickness of lamina 
combination intervals generally ranges 0.4–1.5 m, a scale that can 
be effectively captured by both conventional well-logging and 
LithoScanner measurements. The logging dataset includes both 
conventional well logs and core scanning log data. In the domain of 
conventional logging, five types of logs were utilized: GR, AC, LLD, 
LLS and DEN. The core scanning log data provide the percentage 
variations of five mineral components: gypsum, dolomite, calcite, 
quartz, and clay. Through statistical analysis, the logging response 
characteristics are shown in the boxplot below (Fig. 8).

The figure presents the distribution characteristics of both 
conventional well-logging data and LithoScanner data, with each

subplot displaying the values for different lamina combinations 
along the x-axis. In the conventional well logs, for the GR curve, 
the LCGC type is mainly distributed within the range of 65–98 API, 
which is significantly lower than other lamina combinations due 
to its high gypsum content. LCC and BCC, both carbonate-
dominated lamina combinations, exhibit slightly lower GR values 
than LCF and BCF, whereas BCSC falls between the two groups. In 
the AC curve, the LCC and BCC types show a similar distribution, 
primarily within the range of 185–208 μs/m. LCF and BCF range 
slightly higher, 190–218 μs/m. LCGC and BCSC are distributed in the 
ranges 188–200 μs/m and 185–210 μs/m, respectively. Both ranges 
fall largely within the intervals of the other four types, indicating 
poor differentiation. For the DEN curve, there are noticeable dif-
ferences between laminated and bedded combinations. The three 
laminated combinations—LCC, LCF, and LCGC—have density 
values range of 2.32–2.54 g/cm 3 , whereas the other three bedded
types are generally lower, ranging from 2.24 g/cm 3 to 2.32 g/cm 3. 
In terms of resistivity (LLS and LLD), BCC, LCF, and BCF exhibit 
broader ranges, typically 5–40 Ω m. The remaining three types fall 
within a narrower range of 5–22 Ω m. Moreover, for all lamina 
combinations, LLD values are generally higher than LLS values. 

For the LithoScanner data: In the clay component, LCGC shows 
a lower clay content (approximately 15%–30%), while the other five 
types are relatively similar, ranging 20%–42%. In the Quartz 
component, LCF and BCF show significantly higher contents 
(23%–35%), followed by BCSC (19%–28%). LCC, BCC, and LCGC 
exhibit lower quartz contents, generally ranging 9%–21%. In the 
calcite component, BCC stands out with a higher content range of 
17%–31%, while the remaining five types range 4%–24% with 
smaller differences. In the dolomite component, LCC exhibits a 
clearly higher content (30%–47%), whereas the other five types 
range between 15% and 35%. In the gypsum component, LCGC 
shows a notably higher content of 18%–32%, with distinct separa-
bility. The remaining five combinations have relatively low gyp-
sum contents, ranging 3%–12%.

The above analysis demonstrates that the well-log response 
values of different lamina combinations vary significantly. More-
over, the degree of differentiation between lamina combinations

Fig. 7. Lamina combination types of the study area. (a) LCC, well B41-2, 4192.45 m, XPL; (b) BCC, well B41-2, 4068.80 m, PPL; (c) LCF, well B41-2, 4083.51 m, PPL; (d) BCF, well B49-
1, 3870.47 m, PPL; (e) LCGC, well B41-6-1, 3866.16 m, XPL; (f) BCSC, well B38-2, 3508.41 m, XPL. Note: CL: clay laminae; FL: felsic mineral laminae; CAL: carbonate laminae; MIX-
CG: gypsiferous dolomitic laminae; MIX-FC: sandy dolomitic laminae.

Table 2
Mineralogical and reservoir properties of different lamina combination types.

Type Mineralogical
characteristics,
vol%

Porosity, % Mineral
brittleness,
dimensionless

TOC, %

LCC Dolomite ≥ 25; calcite ≥ 

10; gypsum ≤ 10
8.5–12.0 0.80–0.95 1.10–1.60

BCC Clay ≥ 25; carbonate 
(dolomite + calcite) ≥ 35 

8.0–15.0 0.60–0.75 0.50–0.77

LCF Quartz ≥ 20; clay ≥ 25; 
gypsum ≤5

5.0–8.5 0.80–0.97 0.75–0.85

BCF Quartz ≥ 18; clay ≥ 28; 
carbonate
(dolomite + calcite) ≤ 40 

6.5–10.0 0.60–0.80 0.30–0.50

LCGC Gypsum ≥ 20; carbonate 
(dolomite + calcite) ≥ 25; 
quartz ≤20

2.0–5.0 0.40–0.60 0.15–0.30

BCSC Dolomite ≥ 18; quartz ≥ 

18; gypsum ≤ 10
5.5–8.0 0.55–0.75 0.35–0.75

J.-L. Fu, D.-L. Yue, W.-R. Wang et al. Petroleum Science xxx (xxxx) xxx

10



depends on the type of logging data, with most logs only reflecting 
part of the variability among the combinations. This highlights the 
limitations of traditional interpretation methods, such as cross-
plot classification, in accurately distinguishing between lamina 
types. These findings further underscore the necessity of 
employing multi-parameter fusion-based intelligent algorithms 
for effective well-log interpretation in this study.

To quantitatively verify the discriminability of the logging re-
sponses, the mean, standard deviation, and separation index (D-
value, defined as the ratio of inter-class mean difference to stan-
dard deviation) were calculated for each parameter. As shown in 
Table 3, the D-values of GR, clay, and gypsum parameters all 
exceed 2.7, indicating that they are the most sensitive curves and 
can serve as key indicators for lamina combination identification. 
The D-values of AC, DEN, LLS, LLD, and carbonate components 
(calcite and dolomite) range between 2.3 and 2.6, suggesting 
moderate sensitivity. Overall, the dataset exhibits good separa-
bility and is suitable for intelligent identification.

4.3. Intelligent interpretation of lamina combination

After training the Random Forest and Transformer algorithms 
using the training dataset, to further evaluate the cross-well 
generalization stability of the proposed model, the trained algo-
rithms were applied to two representative cored wells for inde-
pendent validation. Their performance was evaluated on the

testing dataset for comparison. In the process of Transformer al-
gorithm recognition, a grid search with 500 iterations was con-
ducted to automatically optimize the hyperparameters. The search 
space included learning rate (0.01–0.0001), batch size (16, 32, 64), 
dropout rate (0.1, 0.2, 0.3, 0.5), and weight decay (0, 0.01, 0.1). The 
objective was to maximize the F1 score on the test dataset. The 
optimal hyperparameters obtained were as follows: learning 
rate = 0.001, batch size = 32, dropout rate = 0.5, weight 
decay = 0.01, with 500 training epochs. The Random Forest algo-
rithm was implemented using its default parameter settings. Due 
to the presence of non-laminated intervals within the strata of the 
study area, it was first necessary to distinguish between laminated 
and non-laminated intervals. The recognition accuracies for this 
task differed between the two models: the Random Forest ach-
ieved an accuracy of 84%, while the Transformer model achieved 
89%, indicating that the latter was more effective in identifying 
laminated intervals.

Regarding the overall classification accuracy of lamina combi-
nations, the Random Forest achieved 76%, whereas the Trans-
former reached 84%, once again demonstrating the superior 
performance of the Transformer model in identifying all types of 
lamina combinations. The recognition results for two cored wells 
from the test dataset are illustrated in Fig. 9 (in Fig. 9 and the 
subsequent single-well identification results, blank intervals in the 
lamina interpretation track represent extremely weakly laminated 
or massive intervals in which lamina combinations are not

Fig. 8. Boxplots of various logging responses for different lamina combination types. I–LCC; II–BCC; III–LCF; IV–BCF; V–LCGC; VI–BCSC.

Table 3
D-value and sensitivity assessment of logging parameters.

Parameter Unit The mean Standard
deviation

Range of 
variation

D-value Sensitivity
evaluation

GR API 100.58 11.64 33 2.84 High
AC μs/m 198.33 5.12 12.5 2.44 Medium
DEN g/cm 3 2.36 0.09 0.23 2.43 Medium
LLS Ω⋅m 9.83 2.34 5.5 2.35 Medium
LLD Ω⋅m 11.22 2.6 6.5 2.5 Medium
Clay % 28.17 3.46 10 2.89 High
Quartz % 21.4 5.99 13.5 2.25 Medium
Calcite % 13.87 5.87 15.2 2.59 Medium
Dolomite % 27.02 6.26 16 2.56 Medium
Gypsum % 9.58 7.59 20.5 2.7 High
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developed. As this study focuses on the development character-
istics and intelligent recognition of lamina combinations, these 
intervals are outside the scope of the present work). The consistent 
recognition performance observed across different wells indicates 
that the Transformer model maintains stable performance across 
different wells rather than overfitting to a single test case. 

Overall, the Transformer model exhibits markedly superior 
interlayer continuity and boundary-matching accuracy compared 
with the Random Forest algorithm, particularly in intervals with 
fine-scale and highly variable laminae. It demonstrates greater 
stability and consistency, while the Random Forest shows evident 
discontinuities and misclassifications, especially in the middle to 
lower sections with recurrent lamina combinations. These results 
confirm that the Transformer provides higher recognition accu-
racy and robustness in handling heterogeneous and rapidly vary-
ing laminae within lacustrine mixed sedimentary reservoirs.

To further assess cross-well generalization, we additionally 
evaluated the model under different well training–testing config-
urations, where each well was held out in turn as an independent 
test set. Performance was summarized by the range of accuracy 
and macro-F1 across these configurations (Table 4). The accuracy 
and macro-F1 ranges indicate that, regardless of which well is used 
as the blind well, the performance variations remain within an

acceptable range, suggesting that both algorithms exhibit a certain 
degree of generalization capability for this task.

5. Discussion

5.1. The genesis and vertical evolution of laminated combination

Following extensive analysis of lamina combinations from 

numerous cored wells in the study area, it became possible to 
investigate the relationship between different lamina combina-
tions and their corresponding depositional environments on a 
single-well scale. Maximum Entropy Spectral Analysis (MESA) was

Fig. 9. Comparison of lamina combinations identified by different models and actual lamina combinations with logging curves in two representative cored wells from the testing 
dataset. (a) Well B41-6-1, 3848.45–3867.56 m; (b) well B43, 3903.10–3922.20 m.

Table 4 
Cross-well generalization performance based on leave-one-well-out cross-
validation.

Model Accuracy range Macro-F1 range

Random Forest 0.73–0.78 0.57–0.61
Transformer 0.81–0.86 0.60–0.66

Note: Accuracy and macro-F1 ranges reflect performance variability observed 
across independent cored wells under different well training–testing configura-
tions. These ranges are summarized to illustrate cross-well generalization stability.
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applied to the GR logging curve to generate the INEPFA-GR curve, a 
reconstructed signal that enables the identification of sedimentary 
cycles through the segmentation of trend intervals and inflection 
points (Liu et al., 2024; Lu et al., 2007).

In the saline lacustrine setting of the study area, the types of 
mixed sediments are primarily controlled by water salinity, and 
are less influenced by other environmental factors such as tem-
perature (Jiang et al., 2019). The commonly used paleosalinity 
proxy, the Sr/Ba ratio, has certain limitations. Strontium can 
originate not only from evaporative concentration in saline or 
brackish environments but also from terrigenous input (e.g., 
feldspars and clay minerals). Moreover, the enrichment of car-
bonate minerals may increase Sr concentrations while simulta-
neously decreasing Ba levels (Wei et al., 2025; Zhu et al., 2023). 
Additionally, this ratio lacks a linear scale response to salinity, 
making it ineffective for distinguishing subtle variations between 
mildly and highly saline conditions (Li et al., 2024b). Therefore, 
relying solely on the Sr/Ba ratio for salinity reconstruction is not 
accurate in this context. Given the stronger correlation between 
redox conditions and salinity in this region (Jiang et al., 2017, 2019; 
Tribovillard et al., 2006), the ratios of redox-sensitive ele-
ments—V/(V + Ni) and Th/U—were used to infer depositional 
environments. Lower values of these two ratios indicate oxic 
conditions, while higher values suggest anoxic or reducing envi-
ronments. Combined with sedimentary cycle division derived 
from the INEPFA-GR curve, this proxy enables the interpretation of 
paleowater depth and paleosalinity conditions. By integrating 
well-log characteristics and lamina combination classifications, 
the relationships between different lamina combinations and 
depositional environments were established (Fig. 10). The vertical 
alternation of these lamina combinations closely corresponds to 
the intermittent humid intervals within the overall aridification 
process that occurred in the western Qaidam Basin during the late 
Oligocene. Such climatic fluctuations led to the periodic expansion 
and contraction of the lake, thereby forming the cyclic sequences 
of carbonate, siliciclastic, and gypsiferous laminae within the 
Xiaganchaigou Formation.

At the tops of progradational (normal) cycles or the bases of 
retrogradational (reverse) cycles, samples generally exhibit higher 
redox-sensitive parameter values, indicating more reducing con-
ditions typically associated with deeper lakewater and wetter 
climatic settings. In contrast, at the tops of retrogradational cycles 
or the bases of progradational cycles, the redox parameter values 
are lower, suggesting more oxidizing environments linked to 
shallower lakewater and drier climatic conditions. From the 
perspective of lamina combination types, LCF and BCF—both 
characterized by higher clastic content—are more commonly 
developed under humid conditions. In such settings, increased 
external detrital input supplies clastic particles into the lake sys-
tem. LCC and BCC, which are rich in carbonate content, are typi-
cally formed in semi-humid to semi-arid transitional zones. In 
some downward (retrogradational) cycle segments, there is a clear 
stratigraphic succession from BCC to LCC. Additionally, LCGC tends 
to develop under strongly arid conditions, where intense evapo-
ration facilitates its formation. In contrast, BCSC usually forms in 
environments representing a transitional overlap between humid 
and arid conditions.

By integrating lamina distribution patterns within single-well 
sedimentary cycles with previous studies on carbonate-
dominated lacustrine mixed rocks (Li et al., 2022; Wang et al., 
2020), the genesis of each lamina combination type can be 
reasonably interpreted. The genetic models of the six lamina 
combination types in the study area are illustrated in Fig. 11.

Fig. 11(a) represents the depositional environment of LCGC, 
characterized by the shallowest water depth and arid climatic

conditions. There is no clastic input, and the water is highly sus-
ceptible to seasonal salinity stratification. High salinity causes 
gypsum precipitation and the formation of gypsiferous dolomitic 
laminae, whereas clay-rich laminae accumulate during cooler or 
lower-salinity periods.

Fig. 11(b) illustrates the environment of LCC. The water depth is 
shallow and the climate semi-arid, with negligible external clastic 
input. Similar to LCGC, seasonal salinity stratification is prevalent, 
though the overall salinity is lower. Carbonate minerals dominate 
the precipitation under high-salinity conditions, while clay min-
erals accumulate during more balanced periods.

Fig. 11(c) depicts the BCC environment, where the water is 
relatively deeper and the climate transitions from semi-arid to 
semi-humid. Clastic input remains minimal. Due to the greater 
water depth, seasonal salinity stratification is less pronounced. 
Instead, extended periods of either dry or humid conditions 
dominate. During drier periods, high salinity promotes carbonate 
precipitation; during wetter intervals, lower salinity favors clay 
deposition. Longer, more gradual climatic transitions produce 
bedded layer.

Fig. 11(d) corresponds to the depositional environment of BCSC. 
The water is relatively deep, and the climate is semi-humid, with 
minor clastic input. In such deep settings, seasonal salinity strat-
ification is again unlikely. During phases of stronger clastic influx, 
fine-grained siliciclastic minerals dominate deposition; during 
weaker influx stages, clay minerals are predominant. Minor car-
bonate precipitation occurs under varying salinity conditions, 
leading to a mixed clay–sandy carbonate lamina combination. 

Fig. 11(e) and (f) represent the depositional environments of 
LCF and BCF, respectively. Both are associated with deeper water, 
humid climates, and ample clastic supply. During the rainy season, 
abundant sediment influx results in deposition of fine-grained 
siliciclastic laminae, while the dry season is dominated by clay-
rich laminae. The consistently low salinity due to heavy precipi-
tation suppresses carbonate mineral precipitation. LCF reflects 
seasonal variations, characterized by thin, rapidly changing indi-
vidual laminae. In contrast, BCF reflects flood events, where lamina 
thickness varies greatly and contacts between laminae are more 
complex.

In summary, lamina development in hypersaline lacustrine 
basins is strongly controlled by depositional environment changes. 
Ideally, a full sequence of lamina combinations can be recognized 
within a short-term cycle, allowing inference of their spatial dis-
tribution. This relationship not only supports the interpretability 
of the lamina combinations within a sedimentary framework but 
also indirectly demonstrates the rationality and geological signif-
icance of the proposed classification scheme. Moreover, the ver-
tical variation of lamina combination characteristics throughout 
the Xiaganchaigou Formation, from bottom to top, reflects a 
continuous evolutionary process of the lake—from an open 
freshwater stage to a closed evaporative stage—predominantly 
controlled by the progressive aridification during the Oligocene.

5.2. Advantages of transformer method

5.2.1. Evaluation of intelligent recognition methods
In addition to overall accuracy, the classification performance 

of machine learning methods is commonly evaluated using pre-
cision, recall, and F1-score, which assess the classification accu-
racy for each individual label. Precision (Equation (6)) refers to the 
proportion of correctly predicted samples of a specific class out of 
all samples predicted to belong to that class in the test set, indi-
cating the accuracy of the prediction for that class. Recall (Equation 
(7)) refers to the proportion of correctly predicted samples of a 
specific class out of all actual samples of that class, where a higher
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value implies fewer misclassified instances. The F1-score (Equa-
tion (8)) represents the harmonic mean of precision and recall, and 
reflects the overall performance of the classifier in balancing both 
metrics. Where TP represents the number of samples in the test set 
that are correctly identified as the target class, TN denotes the 
number of samples that do not belong to the target class and are 
correctly classified as such, FP represents the number of samples 
that are incorrectly identified as the target class, and FN denotes 
the number of samples belonging to a given class that are incor-
rectly predicted.

P =
TP

(TP + FP)
(6)

R =
TP

(TP + FN)
(7)

F1 = 2 × 
(P × R)
(P + R)

(8)

Fig. 12 illustrates the performance of different lamina combi-
nation types in terms of precision, recall, and F1-score using two 
intelligent algorithms. In terms of precision, the Transformer al-
gorithm achieved values above 80% for all lamina combination 
types. Except for LCC, the Transformer significantly outperformed 
the Random Forest in the precision of the remaining five types,

Fig. 10. The relationship between vertical distribution, sedimentary cycle, and paleoenvironment of single-well lamina combinations (taking well B41-2 as an example, 
4066–4090.15 m). Lithology abbreviations for non-laminated intervals are as follows: D–dolomite; L–limestone; DL–dolomitic limestone; AD–argillaceous dolomite; SD–sandy 
dolomite; SL–sandy limestone; GD–gypsiferous dolomite. These lithologic labels are shown only to ensure the completeness of sedimentary cycle representation and are not 
included in lamina combination classification.
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with LCF showing a remarkable improvement of 21 percentage 
points. This may be attributed to the relatively larger number of 
LCC samples, while the other types had limited data. Although data 
augmentation was applied, it could not fully mitigate the issue of 
data scarcity. Nevertheless, the Transformer exhibited a strong 
ability to extract information from limited samples, resulting in 
better training performance and higher classification accuracy.

With regard to recall, the Transformer achieved values between 
86% and 92% for most lamina combinations, except for BCSC, 
which had a relatively low recall of 69%. This may be due to the 
indistinct logging response characteristics and limited sample size 
of this combination type. Overall, the Transformer outperformed 
Random Forest in recall, with improvements exceeding 10 per-
centage points for some types. This indicates that the Transformer

Fig. 11. Depositional settings and vertical stacking patterns of the six lamina combination types. (a) Generation environment of LCGC; (b) generation environment of LCC; (c) 
generation environment of BCC; (d) generation environment of BCSC; (e) generation environment of LCF; (f) generation environment of BCF.

Fig. 12. Comprehensive evaluation of lamina combination identification under different models.
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missed fewer target labels, thereby offering broader coverage. In 
terms of the F1-score, all values except for BCSC (74%) exceeded 
82%, with a variation range of 74%–90%. In contrast, the F1-scores 
of Random Forest were mostly below 80% and showed a notable 
gap compared to the Transformer. These results suggest that the 
Transformer model produced fewer false positives and false neg-
atives, demonstrating superior recognition and classification ca-
pabilities for diverse and complex lamina combination types.

5.2.2. Analysis of algorithm advantages
Compared with traditional machine learning algorithms, the 

Transformer shows significant improvements in the quantitative 
analysis results on the test dataset. A key advantage of the 
Transformer is its ability to capture both short-term patterns and 
long-term trends in time-series data (Ahmed et al., 2023; Wen 
et al., 2023). This makes it well-suited for learning the variations 
in logging responses of the same lamina combination type at 
different depths, effectively addressing the mineralogical 
complexity inherent in lamina combinations. Moreover, the

Transformer demonstrates enhanced learning capability on 
limited-sample labeled data. The Transformer’s hierarchical 
attention mechanism adaptively focuses on key intervals across 
multiple scales, overcoming the Random Forest’s need for manual 
feature tuning. This leads to improved accuracy in identifying both 
variable-scale lamina combinations and high-frequency inter-
bedded sequences. Additionally, the study area is characterized by 
a large number of fault zones formed by intense tectonic activity. 
Strong geostress has led to the development of structural and low-
angle fractures in the reservoir. These interconnected fractures 
often act as conduits for surface acidic fluids, which infiltrate un-
derground during diagenesis and dissolve carbonate minerals to 
form caverns (Bastesen et al., 2009; Lyu et al., 2024; Wu et al., 
2017). In late-stage diagenesis, these fractures and cavities are 
often filled with gypsum or calcite (Cerva-Alves et al., 2017; Zhao 
et al., 2025), resulting in abnormally high log responses for gyp-
sum or calcite. However, these minerals likely postdate deposition, 
weakening the link between logging response and the original 
sedimentary environment.

Fig. 13. The advantages of intelligent recognition methods for cored wells (taking well B41-2 as an example).
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For instance, the LCGC often shows similar logging features to 
those segments filled with gypsum. In non-cored wells, this can 
easily lead to misinterpretation. Here, the Transformer’s advantage 
in context-enhanced modeling becomes apparent. Its ability to 
model long-sequence dependencies enables it to learn the vertical 
developmental patterns of lamina combinations associated with 
sedimentary cycles in the study area. The decoder component of 
the Transformer can uncover and apply such patterns to correct 
prediction results, effectively imparting a form of “geological 
reasoning” to the model. In blind well validation, the Transformer 
showed higher identification accuracy for these core segments 
than the Random Forest, minimizing misclassification caused by 
similar logging responses.

These advantages are further demonstrated in the recognition 
comparison shown in Fig. 13. In well B41-2, from 4191.22 m to 
4192.30 m, several lamina combination segments approximately 
0.5 m thick were identified, and a small-scale, high-frequency 
interbedding sequence was observed from 4192.41 m to 
4192.89 m. The Random Forest algorithm produced multiple 
misclassifications, particularly in scale prediction, whereas the 
Transformer accurately recognized both intervals in scale and 
type. In the fracture-filled interval at 4192.99–4193.10 m, which 
should correspond to BCF, the logging responses were distorted by 
calcite-filled fractures, causing Random Forest to misclassify the 
interval as BCC. However, the Transformer still correctly identified 
the primary lamina combination as BCF with only minor 
misclassification. Similarly, the interval at 4202.59–4205.51 m 

featured gypsum-filled fractures that led to anomalies in the log-
ging data, confusing the Random Forest but not affecting the 
Transformer’s prediction. At 4211.97–4212.06 m, where LCGC was 
developed, the Transformer once again accurately identified the 
segment and avoided the scale-related mispredictions made by 
Random Forest.

In conclusion, the Transformer algorithm demonstrates supe-
rior performance in scale prediction, anomaly handling caused by 
gypsum or calcite filling, and sequence context modeling. Its ac-
curacy and robustness clearly surpass those of traditional 
methods, further validating its advantages in complex lithological 
identification tasks.

6. Conclusions

(1) Based on the petrological characteristics of the upper 
member of the Xiaganchaigou Formation in the Yingxi area, 
five single lamina types were identified: carbonate laminae, 
felsic laminae, clay laminae, gypsiferous dolomite laminae, 
and sandy dolomite laminae. In addition, six lamina com-
bination types were classified, including laminated 
clay–carbonate rock combination, bedded clay–carbonate 
rock combination, laminated clay–felsic rock combination, 
bedded clay–felsic rock combination, laminated 
clay–gypsiferous dolomitic rock combination, and bedded 
clay–sandy dolomitic rock combination. These lamina 
combination types show significant differences in reservoir 
development parameters and well-logging responses, indi-
cating the practical relevance and operational feasibility of 
the classification scheme.

(2) The genesis of the six lamina combination types in the 
Yingxi area is closely linked to paleoenvironmental factors 
such as paleosalinity and paleowater depth. Under ideal 
conditions, a short-term sedimentary cycle can be summa-
rized, from top to bottom, as: LCF or BCF → BCSC → BCC → 

LCC → LCGC, providing a reference model for the lamina 
development patterns of saline lacustrine mixed 
siliciclastic–carbonate reservoirs.

(3) The Transformer-based intelligent recognition model dem-
onstrates significantly higher accuracy than the traditional 
Random Forest algorithm in identifying various lamina 
combinations, with an overall accuracy reaching 84%. This 
model effectively handles the nonlinear relationships 
among multiple parameters, making it particularly suitable 
for mixed lithological reservoirs with high interlayer het-
erogeneity. Its self-attention mechanism enhances the 
recognition accuracy of gypsum- and calcite-filled fracture 
and dissolution zones by learning vertical developmental 
patterns of lamina combinations. This method offers a novel 
approach for conventional well-log-based lamina charac-
terization and provides valuable insights for the identifica-
tion and interpretation of complex laminae in similar 
sedimentary environments.
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