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With the efficient and intelligent development of computer-based big data processing, applying machine
learning methods to the processing and interpretation of logging data in the field of geophysical well
logging has broad potential for improving production efficiency. Currently, the Jiyuan Oilfield in the
Ordos Basin relies mainly on manual reprocessing and interpretation of old well logging data to identify
different fluid types in low-contrast reservoirs, guiding subsequent production work. This study uses well

Keywords: ) logging data from the Chang 1 reservoir, partitioning the dataset based on individual wells for model
IF“EX;C[;’]’;::S‘ reservorrs training and testing. A deep learning model for intelligent reservoir fluid identification was constructed by

incorporating the focal loss function. Comparative validations with five other models, including logistic
regression (LR), naive Bayes (NB), gradient boosting decision trees (GBDT), random forest (RF), and
support vector machine (SVM), show that this model demonstrates superior identification performance
and significantly improves the accuracy of identifying oil-bearing fluids. Mutual information analysis
reveals the model’s differential dependency on various logging parameters for reservoir fluid
identification. This model provides important references and a basis for conducting regional studies and
revisiting old wells, demonstrating practical value that can be widely applied.
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1. Introduction layers, making it difficult to meet production requirements.
Currently, data-driven machine learning methods, owing to
their excellent ability to explore nonlinear relationships

between well logging responses, represent a promising

In oil exploration and development, one of the

fundamental tasks of geophysical logging is the accurate

identification of fluid types within the reservoir profile (Peng
Z et al., 2016). Traditional reservoir identification methods
primarily include rock physics templates and cross-plot
techniques based on core or log responses (Li X et al., 2013;
Luo SL et al., 2015; Wang DX, 2016; Das B and Chatterjee
R, 2018). However, these methods rely on manual
interpretation and are heavily influenced by human factors.
They have low identification rates, especially in complex low-
porosity, low-permeability reservoirs and low-resistivity oil
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breakthrough in addressing this issue and have gained favor
among many scholars. Cheng C et al. (2022) compared the
fluid property identification results of decision trees, neural
networks, eXtreme Gradient Boosting (XGBoost), and other
machine learning algorithms with those of traditional
identification methods for low-resistivity oil reservoirs. The
machine learning algorithm results outperformed those of the
graphical methods, with EXtreme Gradient Boosting showing
the best performance. Bai Z et al. (2022) constructed support
vector machine (SVM) classification models for reservoir
fluid identification and support vector regression (SVR)
models for reservoir parameter prediction. They demonstrated
the feasibility of wusing SVM methods for logging
interpretation and evaluation of low-contrast oil reservoirs,
providing important references for old well reviews. Zhou
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XM et al. (2023) used an SVM for fluid identification in thin
reservoirs, achieving an identification accuracy of 85.7% by
introducing kernel functions and establishing a thin reservoir
prediction model. These traditional machine learning methods
have strong interpretability and fast training speed but
relatively simple model structures and few parameters,
limiting their ability to characterize complex and
heterogeneous subsurface environments.

Unlike traditional neural networks or other machine
learning methods, deep learning methods exhibit stronger
learning capabilities and more stable performance
(Mohaghegh S et al., 1995, 1996; Huang ZH et al., 1996;
Bhatt A and Helle HB, 1999; Helle HB et al., 2002; EI-M
Shokir EM, 2006; Maiti S et al., 2007; Karimpouli S et al.,
2010; Nooruddin HA and Hossain ME, 2011; Alizadeh B et
al., 2012; Tahmasebi P and Hezarkhani A, 2012; Anifowose
FA et al., 2013; Bagheripour P, 2014; Baziar S et al., 2014).
By using networks with complex structures or multiple
nonlinear transformations to fit nonlinear —mapping
relationships from higher dimensions between multiple
variables, deep learning is more suitable for exploring the
relationship between multisource well logging data and
reservoir fluid information in complex and heterogeneous
subsurface environments. Jaikla C et al. (2019) combined
bidirectional recurrent neural networks with a convolutional
autoencoder to propose a FaciesNet model for reservoir and
nonreservoir partitioning, achieving satisfactory results. Tan
MIJ et al. (2020) built a classification committee machine
composed of a backpropagation neural network, a
probabilistic neural network, and a decision tree classifier.
The model achieved fluid identification within dense
sandstone reservoirs through a voting-based classification
result. He M et al. (2020) emphasized the importance of
addressing the issue of imbalanced samples in predictive
models. They wused a combination of MAHAKIL
(oversampling based on the theory of inheritance and the
Mahalanobis distance) and deep learning to model well
logging data for lithology and fluid identification in tight
sandstone gas reservoirs. Zhou XQ et al. (2021), considering
the high cost of imaging well logging and the significant
influence of adjacent strata on conventional well logging
curve information, constructed a bidirectional long short-term
memory (Bi-LSTM) neural network, which achieved good
predictive results for three types of reservoirs. Yang WB et al.
(2023) developed a three-fusion algorithm that outperformed
long short-term memory (LSTM) in capturing long-term
dependencies in sequence data, ultimately classifying two
labels: Oil reservoirs and nonoil reservoirs. However, in these
studies, the training and validation datasets were mostly not
divided by individual wells to ensure the ideal classification
performance of the model.

Based on the limitations of previous studies, this paper
constructs a deep neural network to represent the correlations
between reservoir fluid types and multiple logging curves.
The dataset is divided by individual wells for training the
model, and the focal loss function is employed to address

class imbalance issues in real-world applications. The
effectiveness of the proposed reservoir fluid type recognition
model is validated using real logging data from oil fields. The
aim is to explore a feasible intelligent reservoir fluid type
recognition model that addresses the shortcomings of manual
logging interpretation and provides valuable reference results
for the interpretation of geophysical data.

2. Regional geological setting

The Ordos Basin, located in the central part of China,
stands as the country’s second-largest inland sedimentary
basin, spanning the provinces of Shaanxi, Gansu, Ningxia,
Inner Mongolia, and Shanxi. This rectangular depression
basin covers an area of approximately 250000 km? and is
oriented in a north—south direction. Positioned at the western
margin of the North China Block in terms of tectonic setting,
the overall structural morphology of the basin exhibits a large,
asymmetric  north—south-trending rectangular  synclinal
structure characterized by a broad and gentle eastern flank and
a steep and narrow western flank. Further structural division
identifies six primary tectonic units within the basin,
including the Yimeng uplift, Weibei uplift, Western thrust
belt, Jinxi fault-fold belt, Tianhuan depression, and Yishan
slope. Among these, the Yishan slope serves as the primary
structural unit for the accumulation of oil and gas, with over
90% of the discovered reserves distributed in this unit.
Despite undergoing multiple tectonic movements, the basin
has predominantly experienced overall uplift and subsidence.
Over geological time, the basin has accumulated multiple sets
of stratigraphic sequences, dating back to the Paleozoic era,
harboring abundant oil and gas resources. The Jiyuan Oilfield
is located in the central-western part of the Ordos Basin (Fig. 1).
The primary oil and gas zones are located in the vast and
harsh wilderness, far from urban centers, with limited
transportation access. This area is considered remote and
economically disadvantaged, with challenging conditions for
both production and living. The oil and gas reservoirs in this
region exhibit the typical "three lows" characteristics, namely,
low permeability, low pressure, and low abundance. Wells in
the area generally have low or no natural productivity. In
recent years, during the process of regional studies and
reevaluations of old wells, several challenges have emerged.
These include the strong concealment of reservoirs, making
them difficult to identify, unclear patterns of reservoir
enrichment, and low efficiency in the secondary interpretation
of well logging data. Resolutions to these challenges are
urgently needed.

The study area in the Triassic Yanchang Formation of the
Mesozoic era is composed of alternating layers of dark gray,
medium- to fine-grained sandstone and dark mudstone.
Occasionally, thin coal layers and tuffaceous mudstone layers
are interbedded. Based on sedimentary cycles, lithological
compositions, properties, beds, and

electrical marker
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Fig. 1. a-Location of the Ordos Basin; b—substructural units and location map of the Jiyuan area in the Ordos Basin; c—comprehensive strati-

graphic column (modified from He TP et al., 2024).

Chang 3, Chang 2, and Chang 1. Chang 1 is further
subdivided into Chang 1, Chang 1°, Chang 17, and Chang 1'
(Table 1). The well logging data studied in this paper are

thickness methods, the Triassic Yanchang Formation is
vertically divided into the following units from bottom to top:
Chang 10, Chang 9, Chang 8, Chang 7, Chang 6, Chang 4+5,
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Table 1. Chang 1 stratigraphic table of the Yanchang Formation in the Jiyuan area (after Feng Q, 2018).

Stratum Thickness/m Lithological characteristics Key Bed Evolution history
System Formation =~ Member Bed of the lake basin
Triassic Yanchang Tayes Chang 1! 15-30 Sets of mudstone and siltstone with different K9 Gentle

Chang 12 20-35 thicknesses are interbedded. The lithology is black dark depression, lake

3 mudstone, argillaceous siltstone and silty fine disappearance
Chang 1 25-40 . .
sandstone. The interlayer is carbonaceous mudstone
Chang 1* 15-30 and coal line.

derived from the Chang 1% and Chang 1° intervals.
3. Basic principle and method
3.1. Deep neural network

Deep learning has various network architectures, with the
deep (feedforward) neural network being the most
fundamental one, serving as the primary model for
establishing reservoir fluid prediction models. A deep neural
network refers to a standard feedforward neural network with
two or more fully connected layers as hidden layers, often
referred to as deep learning. A classical single-layer neural
network typically has only one hidden layer and is termed
shallow learning. Both the hidden layer and the output layer
consist of functional neurons. Fully connected implies that
neurons are connected to all neurons in the adjacent layer but
not to neurons in the same layer or nonadjacent layers. The
output of the previous layer serves as the input for the next
layer, which can be represented by Eq. | and Eq. 2 (Zhang
GY, 2019).

y = f(Wx+b') (1

y=f(Wy " +b'),1=2,--- L-1 )

where x represents the input feature vector, W' and 4’ denote
the weight matrix and bias vector for layer /, respectively, f
represents the activation function, y' represents the output of
layer /, and L indicates the total number of layers.

For the hidden layers, a rectified linear unit (ReLU) is
used as the activation function. The ReLU is a commonly
used nonlinear activation function in neural networks that can
mitigate the vanishing gradient problem and enhance training
efficiency (Nair V and Hinton GE, 2010). The main
expression is depicted as Eq. 3.

f(x) =max(0,x) 3)

where x represents the input and where f(x) represents the
output of the ReLU activation function. In other words, when
the input x is greater than zero, the ReLU activation function
outputs x; when the input x is less than or equal to zero, the
ReLU activation function outputs zero.

Dropout is a regularization technique used after each
hidden layer to improve the generalization ability of the
model. The core idea is to randomly delete a certain
proportion of hidden layer neurons during the training
process; the weights and deviations of the removed neurons

are retained but not updated, and they can work again in the
next training iteration (Srivastava N et al., 2014; Wu XM et
al.,2018).

3.2. Loss Function

In traditional classification tasks, model optimization is
achieved by minimizing the cross-entropy loss function (L),
enhancing the accuracy of model predictions (Andreieva V
and Shvai N, 2021). The main expression is depicted as Eq. 4.

N M

L, = f% Z Zy,,,log ()’f,,) 4)

i=1 m=1

where the total number of samples in the training set and the
number of categories in the oil and gas reservoir formations
are represented by M and N, respectively. The actual value
for a category and the value predicted by the model for that
category are denoted as y,, and y’ , respectively.

The traditional cross-entropy loss treats all samples
equally. However, in classification tasks where class difficulty
and class imbalance exist, the model tends to be dominated by
easy-to-classify and majority classes. In real stratigraphic
formations, different lithological layers often appear in
groups, which leads to ambiguous class boundaries and
increased classification difficulty.

Focal loss addresses this issue through its core design
concept—adaptive balancing between easy and hard samples.
It dynamically adjusts the model’s focus to "hard samples"
(those difficult to classify correctly) and "easy samples”
(those easy to classify correctly), thereby mitigating the
impact of class imbalance and improving model performance.
By introducing a modulating factor (y) and class weight (a),
focal loss reduces the loss contribution of easily classified
samples (mudstone layers), compelling the model to pay
greater attention to hard-to-classify samples (oil-bearing
layers).

Therefore, this paper employs focal loss as the loss
function to address the challenges posed by extreme class
imbalance in traditional cross-entropy loss (Lin TY et
al.,2020). Mathematically, this can be expressed as Eq. 5.

FL(p,) =—a,(1-p)log(p,) 5)

wherein,

* p, denotes the predicted probability for the true class of a
sample. For a given true class label y, if y =1, then p, = p; if
y=0, then p,=1-p.

* 1y is the focusing parameter (where vy >0), which
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controls the weighting between easy and hard samples. A
higher value of y downweights the loss contribution from
easy examples more strongly. According to previous studies
and parameter tuning, setting y>1 increases the focus on hard
examples. In this study, the authors adopt the default value
y=2.

* g, is the class weighting factor that dynamically adjusts
the weight based on the true class of the sample. This helps
mitigate class imbalance by assigning higher importance to
underrepresented classes during training.

By adjusting the two hyperparameters, a, and 7y, the
attention level of focal loss to samples of different categories
and difficulty levels can be controlled. In this way, the model
focuses more on learning challenging-to-classify samples,
improving training effectiveness in the presence of class
imbalance. This enhances the model’s robustness and
generalization ability, preventing it from being dominated by
the loss of many easily classifiable samples. This mechanism
makes focal loss more effective than the traditional cross-
entropy loss function when dealing with class imbalance and
challenging-to-classify samples.

3.3. Optimization algorithm

The stochastic gradient descent (SGD) optimization
algorithm is utilized to adjust the parameters of various layers
in a neural network, aiming to minimize the value of the loss
function (Pan Y et al., 2022). Its core idea involves iteratively
updating parameters along the direction of the gradient of the
loss function to gradually converge the loss function toward
its minimum. First, the backpropagation algorithm is
employed to calculate the gradient of each parameter with
respect to the loss function. The parameters are subsequently
updated in the negative direction of the gradient and
multiplied by a factor known as the learning rate, which
controls the step size of each update. Finally, these steps are
repeated until a stopping condition is met.

Cosine annealing is a method for dynamically adjusting
the learning rate during training (Jouhari H et al., 2019),
allowing the learning rate to vary systematically throughout
the training process to increase model performance. The main
expression is depicted as Eq. 6.

1 T..
Nt = Nin + E (7]77111,\7’]””/1) l +cos Tiﬂ: (6)

As T, increases, the learning rate linearly decreases from
the initial value to the minimum value and then gradually
increases back to the maximum value. This learning rate
adjustment method aids the model in faster convergence
during the initial stages of training while also allowing for
more fine-tuned parameter adjustments later on, thereby
improving overall model performance.

4. Proposed method
4.1. Dataset generation and feature selection

The research dataset originates from a genuine well

logging dataset of the Chang 1 oil layer group in the Triassic
Yanchang Formation (T;y) within the Jiyuan area of the
Ordos Basin (Fig. 2).

In contrast to unstructured image data, structured vector
data present several advantages during the deep learning
modeling process:

(i) The data possess clear and explicit features with high
interpretability. Each feature typically corresponds to a
dimension of the data, making the meaning and importance of
features relatively easy to understand.

(i) The dataset has relatively low data dimensionality,
making it simpler to process. These data can often be directly
input into deep neural networks for handling.

(iii) Handling missing data and noise is usually relatively
straightforward and can be addressed using methods such as
imputation and smoothing.

Therefore, in this study, structured data from well logging
curves in ".wis" format are extracted to construct the dataset.

Considering that there are differences in the well logging
data of different wells caused by different well logging teams,
the well logging parameters common to all wells need to be
selected. In addition, to eliminate interference from the
physical model, well logging parameters that have not been
secondarily interpreted should also be chosen. Therefore, the
characteristics of the dataset selected for the model in this
paper include acoustic (AC), caliper (CAL), natural gamma
ray (GR), true formation resistivity (RT), spontaneous
potential (SP), and spontaneous potential amplitude (SPC)
data. This dataset comprises data from 9 wells, encompassing
a total of 2716 samples with a sampling interval of 0.125 m.
Figs. 3—8 show boxplots of the data distributions for different
well logging response parameters. Table 2 presents the
statistical characteristics of the different well logging response
parameters.

The model outputs include three reservoir types: An oil-
water layer, a water layer, and a mudstone layer. The dataset
labels are derived from detailed manual interpretations.
Importantly, in this regional dataset, the mudstone layer
accounts for 63%, the water layer accounts for 20%, and the
oil-water layer accounts for 17%. Thus, the data distribution is
imbalanced (Fig. 9).

In this study, the dataset was of moderate size, and a small
number of outliers were manually removed through a
denoising process. When dealing with multiple features with
different units, to ensure that the scale differences of various
adversely affect the model, feature
normalization was applied to the selected well logging
response parameters (Eq. 7).

features do not

Xi = Xpin
Xi=—— (7
X

max — Xmin

where X, represents the standardized data, x;, denotes the
actual well logging data, x,,, represents the minimum value of
the actual well logging curve data, and x,, represents the
maximum value of the actual well logging curve data.
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Table 2. Statistical characteristics of logging response
parameters.
Statistic  Input parameter

AC/(us/m) CAL/cm GR/API RT/Q'm SP/mV SPC
Count 2716 2716 2716 2716 2716 2716
Mean 255.1 23.0 100.5 9.4 61.0 -12.3
Std 28.6 1.8 27.3 3.2 34.0 39.1
Min 202.4 20.1 439 2.3 =132 -99.2
25% 239.6 22.2 77.9 7.3 36.6 -33.7
50% 2494 23.0 100.4 9.3 62.9 -14.5
75% 262.6 23.7 120.7 11.3 87.6 -3.2
Max 4535 36.3 194.7 27.8 1242 988
1800
£ 1600
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}g 1000
2 800
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400
200
0 Mudstone layer, Water layer |Oil-water layer
Total 1723 539 454

Fig. 9. Reservoir fluid type sample statistics.

4.2. Dataset splitting

To establish a predictive model with strong generalization

capabilities, it is common practice to partition the dataset into
training and validation data. Various methods can be
employed for dataset partitioning, including random splitting
based on proportions or grouping by data characteristics. In
the research task of this paper, if the dataset is randomly
divided in proportion, it can improve the generalization
performance and recognition accuracy of the model.
However, this approach may lead to the model ignoring the
stratigraphic discontinuity between different wells during
training, failing to fully demonstrate the model’s
generalization performance. When the research scope changes
or expands, overfitting of the model may become more
severe.

Therefore, this study chooses a single well as the unit to
divide the training and validation datasets: The total data
roughly follow a 7 I 3 ratio, with 5 wells selected as the
training set, containing a total of 1772 samples, and 4 wells
selected as the validation set, containing a total of 944
samples, to train and validate the multiclass reservoir fluid
type recognition model.

4.3. Model performance evaluation methods

The confusion matrix is a critical tool for evaluating the
performance of classification models, particularly in binary
and multiclass tasks. It presents the alignment between the
predicted and actual outcomes in a matrix format, providing a
comprehensive representation of the model’s classification
performance and its behavior across different categories.
Typically, the confusion matrix is an nxn matrix, where n
denotes the number of classes. In this study, there are three
categories: The oil-water layer, the water layer, and the
mudstone layer.

For multiclass classification problems, each row of the
confusion matrix represents the distribution of samples for a
specific actual class, whereas each column corresponds to the
number of samples predicted as a particular class by the
model. The diagonal eclements indicate the number of
correctly predicted samples, whereas the off-diagonal
elements reflect the degree of misclassification between
different categories. The core metrics include the following.

True positive (TP): Refers to the number of samples
correctly classified as belonging to a specific class. For a
given class, this corresponds to the diagonal element of the
confusion matrix, which represents the actual samples of that
class that were correctly identified.

False positive (FP): Refers to the number of samples from
other classes that were incorrectly predicted as belonging to a
specific class. For a given class i, FP is the sum of the off-
diagonal elements in column i of the matrix.

False negative (FN): Refers to the number of samples
from a specific class that were incorrectly predicted as
belonging to other classes. For a given class i, FN is the sum
of the off-diagonal elements in row i of the matrix.

Based on the core metrics mentioned above, several
performance indicators can be calculated to evaluate the
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classification model:

Precision: Measures the proportion of samples predicted
as a specific class that actually belong to that class. The main
expression is depicted as Eq. 8.

. TP
Precision, = ————— ®)
TP, +FP,

This indicates the accuracy of the model’s positive
predictions for a given class.

Accuracy: Measures the proportion of correctly predicted
samples to the total number of samples in a classification
model. The main expression is depicted as Eq. 9.

S TP,
S Y. TP+ FP+FN,

Accuracy =

(€]

This reflects the overall prediction accuracy of the model
across all classes.

Recall: Measures the proportion of actual samples of a
specific class that are correctly predicted by the model. The
main expression is depicted as Eq. 10.

TP,
Recall, = ———— (10)
TP, +FN,

This reflects the model’s ability to identify positive
samples for a given class.

F1 score: The harmonic mean of Precision and Recall,
providing a balanced measure that considers both false
positives and false negatives. It is particularly useful when the
class distribution is imbalanced. The main expression is
depicted as Eq. 11.

Precision; X Recall,

Fl;,=2x 11
' Precision; + Recall, b

The F1 score offers a comprehensive reflection of the
model’s performance for a given class.

In this study, Precision, Recall, and F1 score were
computed based on the confusion matrix. Importantly, in this
regional dataset, the mudstone layer accounts for 63%, the
water layer accounts for 20%, and the oil-water layer accounts
for 17%. Thus, the data distribution is imbalanced. In tasks
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with extremely imbalanced data, such as this one, high Recall
is more meaningful than high Precision. This is because, in
the present study, the class with fewer samples (oil-bearing
formations) has a higher value, and predicting more instances
of the minority class is crucial. In scenarios with extreme data
imbalances, missing the minority class (oil-bearing formations
in this case) often results in significant losses compared with
misclassifying other reservoir types as oil-bearing formations.
Therefore, in this study, Recall is the primary evaluation
metric.

4.4. Model architecture

Faced with diverse problems and methodologies,
constructing the most suitable network model forms the
foundation of effective deep learning applications. A critical
step in building a deep neural network lies in the
determination of network  hyperparameters,  which
significantly influence the model’s performance. In this study,
five major hyperparameters were considered: (1) The learning
rate; (2) the number of network layers; (3) the number of
neurons per hidden layer; (4) the dropout regularization
parameter, and (5) the batch size.

To optimize the learning rate, dropout rate, and batch size,
the authors fixed a random seed and conducted a grid search
across predefined ranges within a set number of training steps.
The learning rate was explored within the range [0.001-0.1],
the dropout rate was varied from 0-0.9, and batch sizes of 8,
32, 64, and 96 were tested. Table 3 summarizes the tested
hyperparameter configurations.

Based on the results shown in Figs. 10—11, a learning rate
of 0.01 and a batch size of 32 provided the best trade-off
between convergence speed and model stability on the
validation set, achieving superior accuracy and lower loss. As
illustrated in Fig. 12, the model’s performance was positively
correlated with the dropout rate in terms of accuracy and

Table 3. Network training parameters.

Values
0.001, 0.005, 0.01, 0.05, 0.1

Parameter

Learning rate

Dropout 0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9
Batch size 8,32, 64, 96
0.20
— Lr=0.1 (b)
Lr=0.05
— Lr=0.01
— Lr=0.005
015k Lr=0.001
2
a
0.10 f
0405 1 1 1 1 1
0 50 100 150 200 250 300

Iteration times

Fig. 10. Optimal learning rate simulation results. a—Variation in accuracy with the number of iterations for different Ir values in the validation
sets. b—variation in loss with the number of iterations for different Ir values in validation sets.
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Fig. 11. Optimal batch size simulation results. a—variation in accuracy with the number of iterations for different batch sizes in the validation
sets. b—variation in loss with the number of iterations for different batch sizes in validation sets.
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Fig. 12. Optimal dropout simulation results. a—Variation in accuracy with the number of iterations for different dropouts in the validation sets.
b—variation in loss with the number of iterations for different dropouts in the validation sets.

negatively correlated with respect to the loss value. However,
excessively high dropout values disrupt the learning process,
resulting in significant accuracy degradation and increased
loss. Therefore, after careful evaluation, a moderate dropout
value of 0.5 was selected as the optimal setting, balancing
regularization effectiveness and training performance.

To determine the optimal number of hidden layers and
neurons per layer, the authors fixed a random seed and
designed 12 ablation experiments across different network
configurations in terms of width, depth, and combined width-
depth structures. All other variables and parameters were held
constant to isolate the impact of these architectural choices.
The objective was to identify the most effective network
structure by comprehensively evaluating model accuracy on
the validation set, as well as the Recall specifically for the oil-
water layer, which is of particular importance in this study.

The experimental results are summarized in Table 4.
Among the tested configurations, the network architecture
with three hidden layers and neuron sizes of 100-100-50
(denoted as 6-100-100-50-3) demonstrated the best
performance. It not only maintained a high overall
classification accuracy but also achieved the highest Recall
for the oil-water layer, validating it as the optimal structure
for this task.

After the optimal network parameters are determined, the
neural network model adopts the structure (6—100—100—50-3)
shown in Fig. 13, which consists of four fully connected

Table 4. Statistics of the ablation experiment results.

Model Accuracy Parameters Recall (Oil-water
layer)

Proposed model 0.715 16.0 K 0.5798

(6-100-100-50-3)

Depth Ablation

2 hidden layers (6-100-100-3) 0.7648 I11.1K 0.5378

1 hidden layer (6-100-3) 0.7606 1.0OK 0.5042

Width Ablation

First layer halved 0.6737 10.7K 0.2185

(6-50-100-50-3)

Second layer halved 0.7468 85K 0.2605

(6-100-50-50-3)

Third layer halved 0.7828 134K 0.4958

(6-100-100-25-3)

First layer doubled 0.7161 26.7K 0.3782

(6-200-100-50-3)

Second layer doubled 0.6886 31.1K 0.4958

(6-100-200-50-3)

Third layer doubled 0.7765 212K 0.458

(6-100-100-100-3)

All layers halved 0.6186 43K 0.1471

(6-50-50-25-3)

All layers doubled 0.7479 62.0K 0.458

(6-200-200-100-3)

Mixed Architecture Ablation (Depth + Width)

Reduced depth and modified 0.75 59K 0.437

width (6-100-50-3)

Increased depth 0.6981 172K 0.4538

(6-100-100-50-25-3)
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Fig. 13. Deep neural network model for reservoir fluid identification.

layers. ReLU activation functions are applied after the first
three fully connected layers, and dropout is applied after the
third fully connected layer. The last layer is the output layer.
To increase the training efficiency of the neural network,
mini-batch training was employed with a batch size set to 32,
indicating that 32 sets of training data were randomly selected
for each training iteration. Focal loss was used as the loss
function to address the issue of class imbalance. The
stochastic gradient descent (SGD) optimizer was chosen to
update the model parameters, and a cosine annealing decay
strategy was applied to adjust the learning rate, with the initial
learning rate set to 0.01.

5. Results

5.1. Identification performance of different machine learning
models

To assess the accuracy of the deep learning model, the
authors conducted validation on the constructed dataset using
our network architecture. the authors compared the predictive
performance of the model with those of five machine learning
methods, namely, linear regression (LR), naive Bayes (NB),
gradient boosting decision tree (GBDT), random forest (RF),
and support vector machine (SVM).

The confusion matrices of different models on the
validation set after training are shown in Fig. 14.

Based on the confusion matrix, the remaining evaluation
metrics are calculated for all the models (Tables 5-8).

The results shown in the table indicate that, compared
with all the other machine learning models, the deep neural
network-based reservoir fluid prediction model achieves the
highest Recall and the best prediction results for the oil-water

layer.
5.2. Performance of models using different loss functions

The confusion matrices for the deep learning model with
different loss functions on the validation set are shown in Fig. 15.

Based on the confusion matrices, the remaining evaluation
metrics for all the models were calculated (Tables 9—11).

The table shows that the deep neural network model for
reservoir fluid type identification, which uses the focal loss
function, achieves the highest recall and the best prediction
results for the oil-water layer.

5.3. Dependence of model classification results on different
features

To identify key logging parameters, we calculated mutual
information scores between each feature and the target (fluid
type), and the calculation results are shown in Fig. 16.

6. Discussion
6.1. Comparison with traditional machine learning models

This study utilizes real logging data from the Jiyuan
oilfield in the Ordos Basin to develop an intelligent
identification model aimed at assisting in the interpretation of
logging information. By comparing the Recall of the deep
learning model built in this study on the validation set with
those of the identification models constructed using classic
machine learning methods such as RF, SVM, LR, NB, and
GBDT, the results reveal that the deep learning identification
model achieves the highest Recall for the oil-water layer.
This indicates that the deep learning model has the highest
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Fig. 14. Model validation confusion matrices. a—Deep neural network (DNN); b—random forest (RF); c—support vector machine (SVM); d—lo-
gistic regression (LR); e—naive Bayes (NB); f—gradient boosting decision trees (GBDT).

probability of capturing the oil-water layer, which is of
greater concern in this study, effectively reducing economic
losses from missing oil-bearing layers in the strata. This
demonstrates that deep learning models can more fully
explore the intrinsic relationships between heterogeneous oil-
water layers and various logging attributes, achieving accurate
and intelligent extraction of key logging features and fulfilling
the objectives of this study.

6.2. Impact of loss function design

When applying different loss functions to the deep
learning model, the results show that using the traditional
cross-entropy loss function yields better prediction
performance for the mudstone layer, which has relatively high
Recall. However, the prediction performance for the oil-water
layer and water layer methods is poorer. This discrepancy is
due to the overrepresentation of the mudstone layer in the
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Table 5. Support for each class label.

Oil-water Layer Water Layer Mudstone Layer

Support 238 272 434

Table 6. Precision of different models.

RF SVM LR NB GBDT Method in this study

Oil-water Layer 0.53 0.28 0.68 0.56 0.42 0.66
Water Layer 0.54 0.50 0.52 047 043 0.79
Mudstone Layer 0.83 0.67 0.73 0.78 0.86 0.77
Macro avg 0.63 048 0.64 0.60 0.57 0.74
Weighted avg 0.67 0.52 0.66 0.64 0.62 0.75

Table 7. Recall of different models.

RF SVM LR NB GBDT Method in this study
Oil-water Layer 0.47 0.05 0.42 0.28 0.45 0.80
Water Layer 0.48 0.50 039 0.51 0.39 0.31
Mudstone Layer 0.94 0.96 0.99 0.95 0.87 0.98
Macro avg 0.63 0.51 0.60 0.58 0.57 0.70
Weighted avg 0.69 0.60 0.68 0.66 0.63 0.74

Table 8. F1-Scores of different models.

RF SVM LR NB GBDT Method in this study
Oil-water Layer 0.50 0.09 0.52 0.37 0.43 0.73
Water Layer 0.51 0.50 045 049 041 0.45
Mudstone Layer 0.88 0.79 0.84 0.86 0.87 0.86
Macro avg 0.63 046 0.60 0.57 0.57 0.68
Weighted avg 0.67 0.53 0.65 0.63 0.63 0.71

training samples, where sample imbalance significantly
impacts the model’s ability to focus on and learn from
minority class features. To address sample imbalance, the
authors introduced a class-weighted cross-entropy loss
function, which improved the Recall for the water layer by
9%. However, it did not significantly enhance the Recall for
the oil-water layer, which is the primary focus. By adopting
the focal loss function, the recognition performance for the
water layer showed only marginal improvement, but the
Recall for the oil-water layer increased significantly to 80%.
These results demonstrate that improving the model’s loss
function can effectively overcome the issue of class
imbalance in reservoir fluid identification tasks, further
enhancing the recognition performance of oil-bearing layers.

6.3. Dependence of fluid identification on key logging
parameters

Mutual information analysis reveals the importance
ranking of logging parameters in fluid identification within
low-permeability reservoirs: SPC, SP, and GR are core
parameters, whereas RT, CAL, and AC serve as auxiliary
parameters.

SP typically reflects differences in formation water
salinity, whereas SPC may further capture dynamic variations
in fluid mobility (Rider MH, 2018). In low-permeability
reservoirs, the distribution of formation water and
hydrocarbons is often controlled by micropore structures, and

the high sensitivity of SPC and SP makes them key indicators
for distinguishing oil-bearing layers. GR effectively identifies
mudstone layers, which serve as boundaries between reservoir
and nonreservoir formations. The mudstone content directly
affects the effective porosity. In low-permeability reservoirs,
even slight variations in clay content can significantly impact
reservoir quality; thus, GR plays an important role in
eliminating nonreservoir interference. RT is a key indicator of
hydrocarbon saturation in conventional reservoirs; however,
in low-permeability reservoirs, its response may be influenced
by multiple factors (e.g., complex pore structures and clay
cementation), reducing its direct ability to indicate fluid type.
CAL mainly reflects borehole stability, and AC is related to
the elastic modulus of the rock. These parameters are less
directly associated with fluid types but may indirectly indicate
fracture development or rock mechanical properties in certain
scenarios and can be interpreted in conjunction with other
parameters.

6.4. Practical implications of misclassification

Considering the economic significance of oil-bearing
layers, the evaluation metrics were designed to prioritize the
Recall for oil-water layers, thereby minimizing the risk of
undetected hydrocarbon-bearing zones. However, this
prioritization may lead to misclassification errors in other
categories, such as increased false positives for water layers.
Nevertheless, such errors are operationally manageable
through multistage validation workflows:

(i) Failure to detect oil-bearing layers may result in
irreversible production loss. Undetected hydrocarbon zones
could lead to long-term declines in productivity, directly
impacting the economic efficiency of oilfields. In contrast,
false-positive predictions for water layers (misclassified as
oil-bearing layers) can be rectified through secondary logging
or production testing, with subsequent verification costs
remaining operationally manageable.

(i) In practical field operations, model predictions are
typically integrated with manual verification and fluid
sampling analysis. This workflow ensures enhanced decision-
making confidence through cross-validation with multisource
data prior to high-cost operations (e.g., hydraulic fracturing,
well completion), thereby preventing resource misallocation
caused by single-model errors.

6.5. Model application

Based on the model trained in this study, a secondary
interpretation was conducted on selected old wells in the
Chang 1 layer of this area. In 2024, well Di246-84 in the
northeastern part of the block was selected for perforation
adjustment and recompletion in the Chang 17 layer. The well
was completed on September 27, and its current productivity
was 3.0 t/day, with a water cut of 14.9%. The new layer has
shown good oil production performance, providing a positive
indication for regional reservoir evaluation. Further well
deployment is needed to expand exploration. Given the low
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Fig. 15. Model validation confusion matrices. a—Class-weighted cross-entropy loss function; b—traditional cross-entropy loss function; c—focal

loss function.

Table 9. Precision of models with different loss functions.

Table 10. Recall of models with different loss functions.

Traditional cross- Class-weighted cross-  Focal loss Traditional cross- Class-weighted cross-  Focal loss
entropy loss function entropy loss function  function entropy loss function entropy loss function  function
Oil-water  0.40 0.43 0.66 Oil-water  0.36 0.37 0.80
Layer Layer
Water 0.29 0.38 0.79 Water 0.18 0.27 0.31
Layer Layer
Mudstone 0.75 0.76 0.77 Mudstone 0.97 0.96 0.98
Layer Layer
Macro 0.48 0.52 0.74 Macro 0.50 0.53 0.70
avg avg
Weighted 0.53 0.57 0.75 Weighted  0.59 0.61 0.74
avg avg

degree of well control in the southern part of the region, one
appraisal well has already been deployed to further delineate
the reservoir extent.

Owing to the heterogeneity of the strata in the study area
and the confidentiality of oilfield geophysical data, the
training and validation datasets for the identification model
constructed in this study are limited. In the future, the authors’
goal is to actively expand data access to increase the volume
and diversity of data, addressing these issues while exploring
the potential of leveraging more advanced neural network
architectures and solving this task under more complex

tectonic conditions, thereby enhancing the comprehensiveness
and depth of our research.

7. Conclusions

This study utilized real well-logging data from the Jiyuan
area in the Ordos Basin to construct a deep neural network
model for reservoir fluid type prediction. The model takes
multiple well-logging response data from the strata as inputs
and predicts the reservoir fluid type as the output. Through
experimentation, it has been demonstrated that:

(i) Compared with traditional machine learning models,
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Table 11. F1-Scores of models with different loss functions.

Traditional cross- Class-weighted cross-  Focal loss

entropy loss function entropy loss function  function
Oil-water  0.38 0.40 0.73
Layer
Water 0.22 0.31 0.45
Layer
Mudstone  0.85 0.85 0.86
Layer
Macro 0.48 0.52 0.68
avg
Weighted 0.55 0.58 0.71
avg

SPC |0.41988
sp |0.36297
GR |0.35536
RT |0.20889
CAL 0.14045
AC 0.04894
1 1 1 1
0 0.1 0.2 0.3 0.4 0.5
Information gain (nats)

Fig. 16. Mutual information ranking for logging parameters.

AC—Acoustic; CAL—Caliper; GR—Natural gamma ray; RT-True
formation resistivity; SP—Spontaneous potential; SPC—Spontaneous
potential amplitude.

reservoir type prediction models built on deep neural
networks are more effective at revealing the inherent
connections between oil-bearing reservoirs and various raw
well-logging responses, resulting in an ideal predictive
performance. Addressing the issue of sample imbalance
during modeling, the introduction of focal loss, along with an
increased emphasis on minority class weights during model
training, significantly enhances the model’s ability to predict
oil-bearing reservoir categories.

(il)) The deep learning prediction model, trained with
single-well unit data division, performs well in predicting the
oil-bearing layers in the Chang 1 Formation of the Jiyuan area
in the Ordos Basin. This validates the feasibility of the
proposed method and expands the application scenarios of
using artificial intelligence for well-logging data to predict
oil-bearing reservoirs intelligently. In the future, continuous
optimization of the model can increase its efficiency and
accuracy in recognizing all labels through the interpretation of
massive amounts of well-logging data.

(iii) Among all the features influencing the fluid
identification model, SPC, SP, and GR are core features,
whereas RT, CAL, and AC serve as auxiliary features. This
reflects that, in low-permeability reservoirs, the microscopic
control mechanisms of fluid distribution—such as pore
structure and clay content-have a dominant influence on well
logging responses. By prioritizing high mutual information
parameters and validating with multisource data, the
practicality and reliability of the fluid identification model can

be enhanced.

In subsequent research, the authors will consider
expanding the scope and depth of the research, collecting
more types of sample data to optimize the model and further
improving the accuracy and applicability of the machine
learning model for reservoir fluid identification.
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