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A fluid identification method for
buried hill reservoirs based on a
BP neural network model using
NMR

Meng Wang, Quan Zhou, Lu Yin* and Huizhuo Xie

China Oilfield Services Limited Co. Ltd, Sanhe, Hebei, China

The geological structure of buried hill reservoirs is highly complex. This study
aims to develop a new reservoir fluid identification method for buried hill
reservoirs by integrating nuclear magnetic resonance (NMR) logging techniques
with a backpropagation (BP) neural network model. NMR logging data were
used as input features, including parameters such as T2g (geometric mean of the
transverse relaxation time), A (amplitude of the last peak in the T2 spectrum),
S3/S1, and S2/S1. A BP neural network model was constructed with a single
hidden layer consisting of eight neurons. The ReLU activation function was
employed to accelerate the learning process, and the Softmax function was
selected as the output layer activation function to accommodate multi-class
classification requirements. Results show that the BP neural network model
achieves superior performance in terms of precision, recall, and F1-score across
four fluid types: oil zones, oil-water bearing zones, oil-bearing water zones,
and water zones, outperforming other similar models. In Well HZ26-6-1 located
in the ancient buried hill area, the model’s predictions are largely consistent
with the results from well testing. This study demonstrates that the BP neural
network-based approach not only significantly enhances the accuracy of fluid
identification in reservoirs but also provides a scientifically sound and effective
solution for fluid discrimination under complex geological conditions. Notably,
the model exhibits strong classification capability in distinguishing between oil-
water bearing zones and oil-bearing water zones, which are typically difficult to
differentiate.

KEYWORDS

buried hill reservoirs, fluid identification, nuclear magnetic resonance, machine
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1 Introduction

As an important type of hydrocarbon reservoir, ancient buried-hill reservoirs possess
significant advantages in terms of resource abundance. These reservoirs typically develop
within ancient geological structures and have undergone prolonged geological evolution,
leading to the formation of unique storage spaces.They are primarily characterized by high-
permeability features such as fractures and dissolution cavities. Their primary advantage
lies in excellent reservoir properties. Although porosity and permeability vary significantly
across different regions, well-developed fracture zones can significantly enhance fluid
mobility, enabling efficient hydrocarbon recovery. Accurately identifying fluid types and
their distribution within the reservoir can further improve oil and gas recovery efficiency.
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However, ancient buried-hill reservoirs primarily consist of
metamorphic and volcanic rocks, which have highly variable
physical properties, making fluid identification more challenging.
Additionally, the reservoir space is primarily controlled by fractures,
resulting in highly variable fluid storage and flow characteristics.
These complexities pose challenges for traditional logging methods
in accurately identifying reservoir fluids. To address this issue,
this study proposes a reservoir fluid identification method that
selects optimal NMR parameters and employs a BP neural network.
This method aims to address the limitations of conventional
techniques, offering amore precise and reliable solution for reservoir
fluid identification. Currently, the latest global methods for fluid
identification using nuclear magnetic resonance (NMR) include
the relaxation-diffusion two-dimensional NMR technique, which
extends the representation of hydrogen nucleus distribution in pore
fluids from a one-dimensional single T2 relaxation variable to a
two-dimensional space incorporating both transverse relaxation
time and diffusion coefficient. This approach enables effective
differentiation between various fluid types such as oil, gas, andwater.
Another emerging method leverages T2 spectral morphological
parameters through a deep learning architecture known as the
Transformer model. By analyzing these morphological features
extracted from NMR logging data and constructing labeled sample
datasets, this approach trains robust fluid identification models
with high accuracy. Additionally, an integrated fluid identification
method combines NMR with acoustic (sonic) logging technologies,
utilizing specially designed sonic-sensitive parameters to distinguish
different fluid types—for example, identifying gas zones versus
water zones—thereby enhancing the reliability of fluid typing under
complex reservoir conditions.

Extensive research has been conducted on reservoir fluid
identification using NMR technology. Kozlowski et al. (2021)
have developed an integrated petrophysical workflow for the
characterization of fluids and identification of contacts using
both continuous and stationary NMR measurements in a high-
porosity sandstone formation offshore Norway. Morshedy and
Hossein (2018) have developed a three-dimensional modeling
approach for reservoir fluid typing by integrating NMR data with
thermophysical parameters. Li et al. (2024) have proposed a joint
inversion technique that integrates multi-wait time and multi-
echo time NMR logging data for improved fluid identification in
reservoir characterization. Yang et al. (2023) developed amethod for
reconstructing LWD-NMR T2 water spectra and performing fluid
recognition by incorporating constraints from microscopic pore
structures. However, existing reservoir fluid identification methods
have limitations, including sensitivity to mineral composition and
difficulty in distinguishing bound water from freely flowing oil-
water mixtures (Archie, 1952). To overcome these challenges, this
study proposes a backpropagation neural network model based on
NMR data for fluid identification.

Compared to conventional logging data, NMR logging is
unaffected by lithology, enables real-time monitoring, and delivers
more accurate and detailed reservoir fluid parameters.This makes it
particularly suitable for complex geological conditions or reservoirs
that are challenging to evaluate using traditional methods. Lin
et al. used clay mineral analysis, scanning electron microscopy
and nuclear magnetic resonance (NMR) techniques to reveal the
pore types and fluid states of the Upper Cretaceous oil shale

(Lin et al., 2021). Although there have been no new studies on
the interpretation of nuclear magnetic resonance in the petroleum
industry in recent years, the application of nuclear magnetic
resonance and deep learning technologies in other industries
is relatively mature. For example, Jungeun et al. used liquid
nuclear magnetic resonance (NMR) technology to discover that
the decrease in the fluidity of the head group molecules of
surfactants and the change in the octadecane overcooling degree
during the thermal cycling process are the key factors leading
to the instability of emulsions (Park et al., 2024). Asma et al.
provided new insights into the mechanism of metal toxicity by
combining proton nuclear magnetic resonance (1H NMR) and
high-resolution mass spectrometry (HRMS) in a non-targeted
metabolomics approach (Farjallah et al., 2024).

The BP neural network model, widely used in machine
learning, offers several advantages for reservoir fluid identification,
particularly in managing complex nonlinear relationships. First, the
model’s multilayer architecture and nonlinear activation functions
enable it to adapt to complex geological conditions, effectively
capturing intricate patterns and enhancing prediction accuracy.
Second, its strong self-learning capability allows it to automatically
establish mapping relationships between input features and output
labels from large training datasets, eliminating the need formanually
designed algorithms or case-specific rules. Additionally, the BP
neural networkmodel offers high flexibility, enabling the integration
of diverse data types and effectively leveraging multiple information
sources to improve fluid identification accuracy. Therefore, based
on relevant NMR logging data, this study develops a novel fluid
identification method centered on the BP neural network model.

In this study, the BP neural network used for fluid identification
differs from traditional machine learning methods in several key
aspects. First, the input parameters selected are based on nuclear
magnetic resonance (NMR) data, which are directly related to
fluid properties, enabling the model to more accurately capture
the differences between various fluid types during the learning
process. Second, the method employs the ReLU activation function
in the hidden layer and utilizes the Softmax function to address
the multi-class classification problem.The ReLU activation function
helps mitigate the vanishing gradient problem in deep networks,
while Softmax ensures that the output probabilities sum to one,
providing a probabilistic interpretation of each sample’s class
membership. Finally, in terms of model architecture, a BP neural
network with a single hidden layer containing eight neurons
was constructed. The number of hidden neurons was determined
through empirical formulas and experimentally validated to achieve
optimal performance with eight nodes.This approach not only takes
into account computational efficiency and the risk of overfitting,
but also ensures that the model maintains strong generalization
capability.

2 Geological backgrounds

The study focuses on the ancient buried-hill reservoir of
the Huizhou Oilfield, situated in the eastern South China Sea
within the Pearl River Mouth Basin, approximately 199 km
southeast of Shenzhen, at an average water depth of about 113 m.
The oilfield has proven geological reserves of 50 million cubic
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FIGURE 1
Location map of the study area.

meters of oil equivalent, highlighting its significant production
potential (Figure 1).The oilfield primarily contains reservoirs within
the Paleogene and Neogene formations, with a particular emphasis
on the ancient buried-hill reservoir in this study.

The reservoirs in the study area are primarily controlled by
fractures and exhibit strong heterogeneity (Figure 1). Hydrocarbon
accumulation is influenced by multiple factors, including lithology
and structural characteristics, leading to uneven reservoir
distribution and complex fluid properties. Without accurate fluid
identification prior to formation testing, potential high-yield zones
may remain underutilized or improperly developed, resulting in
increased production costs and possible resource wastage. Effective
reservoir fluid identification can optimize the production process,
enhance recovery efficiency and economic returns, and improve
the understanding of fluid distribution within the reservoir. This,
in turn, facilitates the selection of optimal extraction strategies and
technologies.

3 Methods

3.1 Theoretical basis for reservoir
classification and evaluation based on NMR
logging data

For the study area, this paper uses the BP neural network
algorithm to build a reservoir fluid property identification model,
with the process identification principle (Figure 2). Neural network-
based methods are developed by studying the structure of the
human brain, creating units similar to biological neurons that
are interconnected to approximate nonlinear relationships, thereby
constructing nonlinear models. The flow diagram of the neural
network method is shown below, consisting of three components:
the input layer, hidden layer, and output layer. Different types of
neural network methods, with varying propagation directions, have
similar structures. Among them, the hidden layer is relatively more
complex. In a BP neural network, errors are propagated backward,
and this type of model can theoretically simulate various nonlinear
mappings. However, different levels of complexity may lead to

variations in training difficulty. Additionally, factors such as sample
size and data distribution trends need to be considered.

For the BP neural network, its computational process
is as follows:

yk =
n2
∑
j=1

wki · f(
n1
∑
i=2

wijxi + bi)

In the above equation, xi represents the input value, where
xi denotes the node number; wi is the weight corresponding to
the connected nodes, with the subscript indicating the number of
connected nodes; bi is the bias value; n1 and n2 correspond to the
number of neurons in the input layer and output layer, respectively;

f(
n1
∑
i=2

WijXi + bi) is the activation function; yk on the left side of the
equation represents the output value, where k is the node number.

E = − 1
N

N

∑
i
[yi log(yk) + (1− yi) log (1− yk)]

The equation above represents the error objective function E
(cross-entropy loss), where yi is the true value, yk is the predicted
value, and N is the number of samples. The success of the BP
neural network lies in its ability to approximate complex nonlinear
relationships by iteratively adjusting the weights. This adjustment
process relies on an effective loss function and optimization strategy.
Therefore, in this study, BP neural networks are employed for fluid
identification, leading to enhanced fluid recognition performance.

3.2 Construction of the BP neural network
input layer

Identifying reservoir fluids using neural networks involves
establishing a mapping relationship between reservoir fluid
properties and relevant parameters, making sample selection critical
to the accuracy of the neural network model. In this study, NMR
logging data is chosen as the primary dataset. The fundamental
principle of NMR logging technology is based on the resonance
behavior of hydrogen nuclei in formation fluids when exposed to an
external magnetic field and radio frequency (RF) pulses (Krivdin,
2025; Eslami et al., 2013). When a strong magnetic field is applied,
hydrogen nuclei in formation fluids align with the field according to
their spin properties. Upon exposure to an RF pulse, these hydrogen
nuclei deviate from their equilibrium alignment and enter an
excited state. Once the RF pulse is removed, the nuclei gradually
return to equilibrium, emitting signals during this relaxation
process. By analyzing the decay of these signals, key fluid property
parameters can be determined (Elsayed et al., 2022). Compared to
conventional logging methods, NMR logging offers a more accurate
and detailed characterization of reservoir fluids by directly detecting
hydrogen nuclei. In contrast, traditional logging techniques often
rely on multiple datasets and complex transformations to indirectly
infer similar information. Thus, NMR logging provides higher-
quality data support and deeper geological insights for petroleum
exploration. It primarily measures the transverse relaxation time of
pore fluids in the rock,which comprises bulk relaxation time, surface
relaxation time, and diffusion relaxation time. These components
are related as follows:

1
T2
= 1
T2B
+ 1
T2S
+ 1
T2D
= 1
T2B
+ ρ2

S
V
+
D(γGTE)2

12
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FIGURE 2
Fluid identification principle diagram.

The bulk relaxation time is an intrinsic property of fluids,
governed by their physical characteristics and influenced by factors
such as temperature and viscosity (James et al., 2023; Davydov,
2016). Surface relaxation occurs at the solid-liquid interface,
specifically on the surface of rock grains, and is controlled by the
surface relaxation rate and pore size (Hooper Thomas et al., 2025). In
a gradient magnetic field, fluids exhibit distinct diffusion relaxation
characteristics when subjected to longer echo spacing. Crude
oil with varying water content and formation water in different
occurrence states display unique NMR relaxation signatures.
Therefore, in this study, NMR logging data is utilized as the sample
dataset, serving as the foundation for constructing the input layer of
the BP neural network.

Constructing the input layer is a critical step in developing the
BP neural network model, particularly in the selection of relevant
features. Features that exhibit strong correlation with the target
variable are chosen as inputs, either through statistical techniques
or domain expertise (Guerrero and Carlos, 2024). The input layer
must satisfy the following requirements: First, the input variables
should have a significant impact on the output and be readily
accessible. Second, the correlation between the variables should be
minimized (Adediwura et al., 2024).

In this study, to enhance the accuracy of reservoir fluid
identification, several parameters reflecting fluid characteristics are
proposed based on NMR analysis, including T2g (the geometric
mean of transverse relaxation times between 10 and 300 m on the
T2 spectrum), the percentage of three pore components, and the
amplitude of the last peak in the T2 spectrum (Jin et al., 2022;
Lucas-Oliveira and Ferreira, 2020). These parameters reflect the
characteristics of pore fluids. The percentage of the three pore
components refers to the ratio of the amplitude of the T2 spectrum
for transverse relaxation times less than 10 m, between 10 and
100 m, and greater than 100 m, relative to the total amplitude
of the T2 spectrum. This represents the proportion of small
pores, medium pores, and large pores. The amplitude of the last
peak of the T2 spectrum represents the longitudinal amplitude
component corresponding to the final peak of the T2 spectrum. It
reflects the proportion of large pores in rocks exhibiting bimodal
characteristics (Figure 3).

In the study area of this paper, the proportions of various fluid
types in the reservoir exhibit significant variation across different
regions of the NMR T2 spectrum. Typically, reservoirs with well-
developed pore structures have higher oil content, characterized
by a larger proportion of large pores and a smaller proportion
of small pores. In contrast, rocks with poorly developed pore

FIGURE 3
Illustration of T2 spectrum in NMR logging.

structures typically have lower oil content or may be devoid of
oil, characterized by a smaller proportion of large pores and a
larger proportion of small pores. The amplitude of the last peak
in the T2 spectrum also effectively reflects the reservoir’s internal
structure, indicating the proportion of large pores in rocks exhibiting
a bimodal characteristic (Blümich et al., 2004). Therefore, for this
study, the selected input layer includes parameters such as T2g (the
geometric mean of the transverse relaxation time between 10 and
300 m on the T2 spectrum), A (the amplitude of the last peak of the
T2 spectrum), S3/S1, and S2/S1.

For a specific machine learning algorithm, different features
contribute differently to its performance. An excessive number
of features can easily lead to the “curse of dimensionality,”
increasing computational complexity and potentially degrading
model performance. Selecting relevant features that significantly
benefit the learning algorithm from the full feature set can
greatly reduce computation time while improving both the model’s
performance and interpretability.In this study, apart from the
four aforementioned feature parameters, several conventional well
logging parameters were also considered, including gamma ray
(GR), compensated neutron log(CNL), bulk density (DEN), and
spontaneous potential (SP).Due to the large number of feature types,
a feature selection method was employed to reduce dimensionality
and identify those featuresmost sensitive to lithofacies classification.
This not only helps improve model accuracy but also reduces
computational cost and enhances the model’s generalization
capability on new data. In this work, the decision tree method was
selected as the feature selection approach. The decision tree-based
feature selectionmethod evaluates feature importance by calculating
the Gini impurity, which serves as an indicator of each feature’s
contribution to the classification task, thereby enabling effective
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TABLE 1 Feature importance scores from decision tree-based feature
selection.

Feature Attributes T2g S3/S1 S2/S1 A SP

Importance Score 0.174 0.128 0.13 0.09 0.046

Feature Attributes DEN GR CNL AC CAL

Importance Score 0.082 0.01 0.039 0.071 0.005

FIGURE 4
T2g-S2/S1 intersection diagram.

feature reduction. Using decision tree-based feature selection, the
importance scores of all well logging curve features were obtained,
as summarized in Table 1. Based on these scores, four features with
relatively high importance—T2g, A, S3/S1, and S2/S1—were selected,
indicating their high sensitivity to fluid typing. Six features with
lower importance scores—namely GR, CNL, DEN, and SP—were
excluded from further analysis (Table 1).

The variations in NMR parameters after the inclusion of
different fluids in the study area’s reservoirs are illustrated in the
intersection diagrams:T2g-S2/S1 intersection diagram (Figure 4), A-
S3/S1 intersection diagram (Figure 5).

As T2g and A increase, there is a corresponding increase in oil
content.As S3/S1 and S2/S1 increase, oil content also rises. These
variations can be used for reservoir fluid identification, and by
comparing these parameters, the reservoir evaluation process can be
further optimized. However, relying solely on parameter evaluation
still poses several challenges. As shown in the figures, the fluid
parameter boundaries are quite vague and difficult to define. In
the T2g-S2/S1 diagram, it is evident that the data for oil-water
coexisting layers and oil-bearing water Layers overlap significantly,
making it challenging to distinguish between them. Similarly, in
the A-S3/S1 intersection diagram, the boundaries between water
layers and oil-bearing water layer, as well as between oil layers
and oil-water coexisting layers, are unclear. Given these challenges,
the BP neural network, known for its strong nonlinear mapping
ability and adaptability, is employed in this study to tackle the fluid
identification problem. The input layer consists of the following
parameters: T2g, A, S2/S1 and S3/S1.

FIGURE 5
A-S3/S1 intersection diagram.

To verify the feasibility and importance of the aforementioned
parameters as input features and to evaluate their sensitivity,
a univariate sensitivity analysis was performed on the input
parameters.Themain objective of this analysis is to assess the impact
of each individual input feature on the model output, providing
a basis for feature selection and optimization. By observing how
changes in each input feature affect the model’s predictions, it
is possible to identify which features are most influential in
determining the output. The procedure involves systematically
varying each input feature while keeping others constant, and
quantifying its effect on the output of the BP neural network.
The results of the univariate sensitivity analysis are presented in
the figures.

The overall trend of the T2g sensitivity analysis shows that as the
perturbation value increases (Figure 6), the change in model output
exhibits a decreasing tendency. Within the negative perturbation
range (e.g., from −0.5 to −0.3), the model output demonstrates
significant variation, whereas under positive perturbations (e.g.,
from 0 to 0.5), the changes in output are relatively small. The
relationship is generally nonlinear, although it can be approximated
as linear within certain intervals, such as from −0.5 to −0.3. In the
negative perturbation range, the feature T2g has a substantial impact
on the model output, while its influence is weaker under positive
perturbations.

The overall trend of the sensitivity analysis for feature A
shows that as the perturbation value increases (Figure 7), the
change in model output exhibits a decreasing pattern. Within
the negative perturbation range (e.g., from −0.5 to −0.3), the
model output undergoes significant changes, whereas under positive
perturbations (e.g., from 0 to 0.5), the variations in output are
relatively minor. Although the overall relationship is nonlinear, it
can be approximated as linear within certain intervals, such as from
−0.5 to −0.3. In the negative perturbation range, feature A has a
considerable influence on the model output, while its impact is less
pronounced under positive perturbations.

The overall trend of the sensitivity analysis for S3/S1 shows
that as the perturbation value increases (Figure 8), the change
in model output exhibits a fluctuating pattern. Within the
negative perturbation range (e.g., from −0.5 to −0.3), the model
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FIGURE 6
Sensitivity analysis for feature: T2g.

FIGURE 7
Sensitivity analysis for feature: A.

output undergoes significant variation, whereas under positive
perturbations (e.g., from0 to 0.5), the changes in output are relatively
minor. The relationship is predominantly nonlinear, although it can
be approximated as linear within certain intervals, such as from
−0.5 to −0.3. In the negative perturbation range, feature B has a
substantial influence on themodel output, while its impact is weaker
under positive perturbations.

The overall trend of the sensitivity analysis for S2/S1 shows
that as the perturbation value increases, the change in model
output exhibits a decreasing pattern (Figure 9). Within the
negative perturbation range (e.g., from −0.5 to −0.3), the model
output undergoes significant variation, whereas under positive
perturbations (e.g., from0 to 0.5), the changes in output are relatively
minor. The relationship is predominantly nonlinear, although it can
be approximated as linear within certain intervals, such as from−0.5

FIGURE 8
Sensitivity analysis for feature: S3/S1.

FIGURE 9
Sensitivity analysis for feature: S2/S1.

to −0.3. In the negative perturbation range, the feature T2g has a
substantial influence on themodel output, while its impact is weaker
under positive perturbations.

Based on the above analysis, it can be concluded that the
features T2g, A, S2/S1, and S3/S1 all have a significant impact on
the model output. Considering their sensitivity and degree of linear
relationship comprehensively, these features can be selected as input
layers for the BP neural network.

3.3 Data normalization and construction of
the BP neural network output layer

This study uses 400 core sample data from four wells in the
research area, with a depth range of 3000m–4000m, as the training
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TABLE 2 Original fluid NMR logging dataset.

Well Depth (m) T2g A S3/S1 S2/S1 Fluid type

HZ26-6-1 3063 27.5 0.258 0.197 0.227 Water Layer

HZ26-6-1 3065.5 27.3 0.288 0.202 0.297 Water Layer

HZ26-6-1 3075.5 24.8 0.236 0.237 0.178 Water Layer

HZ26-6-1 3158.5 46.1 0.502 0.381 0.861 Oil Layer

HZ26-6-1 3166.5 34.4 0.343 0.364 0.485 Oil-Water Coexisting Layer

… … … … … … …

HZ27-1-3 3991.5 24 0.244 0.233 0.265 Water Layer

TABLE 3 Statistical table of normalized extremes for BP Neural Network
model input parameters.

Input Minimum value Maximum value

T2g 15.6 67.1

A 0.122 0.651

S3/S1 0.101 0.839

S2/S1 0.09 1.17

TABLE 4 Model output results.

Learning model Single hidden layer
model

CNN LSTM

Accuracy 95% 82% 81%

FIGURE 10
Accuracy analysis with different numbers of hidden layer nodes.

and testing dataset for the BP neural network model. Of these, 70%
are allocated to the training set, 15% to the testing set, and 15%
to the validation set. To ensure consistency in the measurement
units of all input data and mitigate the effects of large disparities,
the input parameters of the neural network are normalized to a

TABLE 5 Output distribution table.

Fluid
type

Oil
Layer

Oil-
water

coexisting
Layer

Oil-
bearing
water
Layer

Water
Layer

Predicted
Probability

0.1 0.6 0.2 0.1

FIGURE 11
Schematic diagram of the fluid identification model structure.

range of 0–1 (Strahinja et al., 2024). Normalization plays a crucial
role in the model’s training efficiency and performance, facilitating
faster convergence, improving model stability, and enhancing its
generalization capabilities.The input data for the BP neural network
fluid identification are all processed through normalization:

X =
Xi −Xmin

Xmax −Xmin

In the equation: Xi represents the NMR parameter value;
Xmin and Xmax denote the minimum and maximum values of
the corresponding NMR parameter. The raw data for each NMR
parameter is shown in Table 2, and the normalized extreme values
are shown in Table 3.
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FIGURE 12
Confusion matrix.

3.4 The determination of the number of
hidden layers and nodes per layer

In BP neural networks, the number of hidden layers and the
number of nodes per layer play a critical role in determining
model performance. However, there is no fixed standard for
selecting these parameters, as they depend heavily on the specific
data characteristics, the problem’s complexity, and the desired
performance of the model. For the model discussed in this study,
a single hidden layer is sufficient. Adding more hidden layers would
not only increase training time and computational costs but could
also lead to overfitting issues (Chen and Wang, 2024). Therefore, a
single hidden layer is used in this study.

The BP neural network utilized has a single hidden layer instead
of more complex structures such as Convolutional Neural Networks
(CNNs) or hybrid Long Short-Term Memory (LSTM) models. The
primary reason for this choice is that increasing model complexity
could lead to overfitting, where the model learns the details of
the training set too thoroughly, including noise, resulting in poor
performance on test sets or in practical applications. Moreover,
compared to CNNs or LSTM models, the BP neural network’s
internalmechanisms aremore straightforward and intuitive,making
it easier to trace back from the output to the influencing factors of

the input. To verify the superiority of the single hidden layer in the
BP neural network model in addressing this problem, comparisons
were conducted with other learning models such as CNN and
LSTM. Preliminary experiments were carried out for performance
evaluation, and the results are summarized in Table 4. As shown in
the table, the single hidden layer model significantly outperforms
both CNN and LSTM (Table 4).

The number of hidden nodes is determined using the
empirical formula:

Nh =
N s

(a∗ (N i +No))

The formula is as follows: In this, Nh represents the number of
hidden layer nodes, N i is the number of input layer nodes, No is the
number of output layer nodes,N s is the number of training samples,
and a is a constant, ranging from 1 to 10.

In this study, N s = 400, N i = 4, and No = 4. The constant a is
assigned different values, and the number of hidden layer nodes is
initially determined to range between 4 and 10. By keeping other
node parameters constant and analyzing the accuracy of the final
results, a subset of data was selected for accuracy analysis. The
accuracy analysis chart for different numbers of hidden layer nodes
indicates that the highest accuracy is achieved when the number of
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FIGURE 13
ROC curve of BPNN.

FIGURE 14
Fitness curve of BPNN.

hidden nodes reaches 8 (Figure 10). If the number of nodes exceeds
10, the risk of overfitting increases, and the computational cost rises.
Therefore, in this study, the selected number of hidden nodes is 8.

3.5 Selection of activation function

The activation function plays a critical role in BP neural
networks, as it governs how the output of each neuron is

FIGURE 15
Network classification error chart.

transformed and directly affects the model’s learning ability and
performance (Irani and Nasimi, 2011). For the application scenario
described in this paper, which involves reservoir fluid identification
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FIGURE 16
Network prediction result chart.

based on NMR and a BP neural network model, the appropriate
activation function has been selected.

For the output layer, the Softmax function is chosen
as the activation function, as it is suitable for multi-class
classification problems. The basic formula for the Softmax
function is:

f i(x) =
exi

∑n
j=1

exj

In the equation, i represents the class index, and n is the
total number of classes. In reservoir fluid identification, the goal
is typically to differentiate between mutually exclusive fluid types
(such as oil, oil-water coexisting layers, oil-bearing water layers,
and water). The Softmax function is ideal for this scenario because
it ensures that the sum of all predicted probabilities equals 1.
Additionally, the Softmax function converts the scores for each class
into a probability distribution, providing a probability estimate for
the sample’s membership in each category. The results processed
by the BP neural network and Softmax function for a given output
sample are shown in the following Table 5.

From Table 5, it can be observed that the sample is most
likely to belong to the oil-water coexisting layer (with the highest
probability), followed by the oil-bearing water layer, oil layer,
and water layer. Therefore, the output result is classified as the
oil-water coexisting layer. As training progresses, the network’s
weights are continuously adjusted through the backpropagation
algorithm, causing the probability distribution output by the
Softmax function to gradually become more focused. This process
ultimately converges towards the correct classification. Ideally, for
a given sample type, the Softmax output will assign the highest
probability to that type, while the probabilities for other types
will be lower.

For the hidden layer, the selected activation function is ReLU,
and its basic calculation formula is as follows:

f (x) =max(0,x)

The ReLU function helps mitigate the vanishing gradient
problem in deep networks. Given that reservoir fluid identification
may involve complex geological conditions and nonlinear
relationships, using ReLU can accelerate the model’s learning
speed and enhance its expressive capacity. Additionally, ReLU’s
computation is simpler and more direct, which helps speed up the
training process. However, using ReLU as the activation function for
the hidden layer may cause some neurons to output zero during the
initial stages of training, leading to sparsity. Despite this, ReLU can
still accelerate the training process and enhance the model’s ability
to capture complex relationships. As training progresses, the model
will gradually optimize the weights, improving its ability to identify
different fluid types.

4 Results

4.1 BP neural network training and learning
evaluation

The BP neural network training dataset comprises 400
samples, with 70% allocated for training, 15% for testing, and
15% for validation. The input layer consists of four parameters:
T2g, A, S3/S1, and S2/S1, while the output layer corresponds
to four fluid types: oil layer, oil-water transition zone, oil-
bearing water layer, and water layer. The network architecture
includes four input neurons, 1 hidden layer with eight neurons,
and four output neurons. A BP neural network model was
developed using MATLAB, and its schematic diagram is
presented (Figure 11).

The BP neural network training results are shown in the
figure (Figure 12). In the figure, Class 1 represents the oil-
bearing water layer, Class 2 represents the water layer, Class
3 represents the oil layer, and Class 4 represents the oil-water
coexisting layer. The confusion matrix demonstrates that the BP
neural network model exhibits strong classification performance
across all datasets, with particularly high accuracy in the training
and validation sets. The classification accuracy on the test set
is also satisfactory, though some misclassifications are present.
Overall, the model effectively distinguishes between oil-bearing
water layers, water layers, oil layers, and oil-water coexisting layers,
with no single category exhibiting significantly poor classification
performance (Figure 12).

Additionally, the ROC (Receiver operating characteristic) curve
was plotted to evaluate the performance of the BP neural network
model. The ROC curve is a graphical tool used to assess the
effectiveness of classification models by illustrating the trade-off
between the true positive rate and the false positive rate across
different threshold settings. This curve provides valuable insight
into the model’s discrimination ability and overall classification
performance.

The ROC curve results for the BP neural network model
are shown in the figure (Figure 13). The results indicate that the
model demonstrates excellent classification performance across
all datasets. The ROC curves for all fluid categories are close
to the upper-left corner, suggesting that the model has strong
distinguishing capability with high accuracy and a low false
positive rate.
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TABLE 6 Comparison of neural network identification results and well test results.

Well Depth (m) Fluid recognition results Well testing conclusions Matching condition

HZ26-6-1

3063.1–3077.6 Water Layer Water Layer Match

3157.2–3160.4 Oil Layer Oil Layer Match

3227.5–3233.1 Oil-Bearing Water Layer Oil-Bearing Water Layer Match

HZ26-6-3

3452.2–3460.9 Oil-Water Coexisting Layer Oil-Water Coexisting Layer Match

3762.3–3767.2 Oil Layer Oil Layer Match

3767.7–3775.8 Oil-Bearing Water Layer Oil-Bearing Water Layer Match

HZ26-6-7

3348.1–3352.1 Oil-Bearing Water Layer Oil-Water Coexisting Layer Mismatch

3576.3–3580.4 Water Layer Water Layer Match

3632.7–3635.9 Oil Layer Oil Layer Match

HZ27-1-3

3650.8–3653.3 Oil Layer Oil Layer Match

3984.7–3988.2 Oil-Water Coexisting Layer Oil-Water Coexisting Layer Match

3988.5–3991.7 Water Layer Water Layer Match

FIGURE 17
Oil layer parameter comparison chart.

FIGURE 18
Oil-water coexisting layer parameter comparison chart.

To further assess the performance of the BP neural network
model, a fitness curve was generated. In machine learning, a
fitness curve typically illustrates the evolution of the model’s
performance metrics over time, such as during training epochs

FIGURE 19
Water layer parameter comparison chart.

FIGURE 20
Oil-Bearing water layer parameter comparison chart.

or iterations. This curve helps monitor the model’s convergence,
identify potential overfitting or underfitting, determine the
appropriate stopping criteria, and gain insights into the model’s
learning rate.
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FIGURE 21
Classification error chart. (A) BP Neural Network classification error; (B) DT classification error; (C) SVM classification error; (D) KNN classification error.

The fitness curve is shown in the figure (Figure 14). From this
curve, it can be observed that while the training error is very low
in the later stages, the validation and test errors exhibit a slight
increase, which may suggest a mild overfitting tendency. Overall,
the model continues to perform well on the validation and test
sets. Additionally, all error curves stabilize after approximately the
fifth epoch, indicating that the model has essentially converged.
This suggests that the model exhibits strong learning capability
and generalization ability during training. The training, validation,
and test errors decrease rapidly in the early stages and stabilize
in the later epochs, reflecting consistent performance across the
training, validation, and test datasets.

Based on the results above, the BP neural network model
was used to generate the BP network classification error chart
and the network prediction result chart, as shown in the figures.
The BP network classification error chart shows that the model
performs excellently on most samples (Figure 15), with errors
close to zero, although a few misclassifications can be observed
in some samples (Figure 16). From the network prediction result
chart, it is evident that the model performs excellently on most
samples, with the predicted fluid types being highly consistent
with the true fluid types. However, a few samples exhibit
larger prediction errors, which may suggest potential issues or
anomalies in these specific samples.
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FIGURE 22
Prediction result chart. (A) BP Neural Network classification error; (B) DT classification error; (C) SVM classification error; (D) KNN classification error.

TABLE 7 Output results for dual-porosity systems.

Precision Recall F1

Oil Layer 0.67 0.88 0.76

Oil-Bearing Water Layer 0.86 0.52 0.65

Oil-Water Coexisting Layer 0.5 0.6 0.55

Water Layer 0.69 0.82 0.75

The selected prediction results presented in Table 6 show 11
matching cases, indicating themodel’s effectiveness in reservoir fluid
identification within the study area and its potential for practical
application.

TABLE 8 Output results for matrix porosity system.

Precision Recall F1

Oil Layer 0.94 0.97 0.95

Oil-Bearing Water Layer 0.86 0.96 0.91

Oil-Water Coexisting Layer 0.93 0.89 0.91

Water Layer 1 0.92 0.96

4.2 Validation of BP neural network model
prediction results

To validate the prediction performance of the BP neural network
model, other relevant classification models were selected to retrain
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TABLE 9 Output results for fracture porosity system.

Precision Recall F1

Oil Layer 0.97 0.97 0.97

Oil-Bearing Water Layer 0.93 0.89 0.91

Oil-Water Coexisting Layer 0.89 0.89 0.89

Water Layer 0.92 0.94 0.93

the data and validate the model using test set data. The comparison
models chosen includeDecisionTree (DT), SupportVectorMachine
(SVM), and K-Nearest Neighbors (KNN). The DT model is capable
of revealing the structured information within the data, extracting
hidden knowledge rules, and automatically selecting the optimal
boundary between classes based on the differences between data.
The SVM model performs non-linear mapping, transforming
the data from a lower-dimensional input space to a higher-
dimensional feature space, allowing better identification, extraction,
and classification in this higher-dimensional space. By constructing
a new classification function in feature space based on certain
criteria, SVM makes the data linearly separable. The KNN model
classifies a sample by finding the nearest neighbors and assigning
the sample to themajority class among these neighbors (Arafat et al.,
2024; Sylwester, 2024; Goodarzi et al., 2025; Federica et al., 2025).

To validate the performance of the four models, the parameters
used are precision, recall, and F1 score (Zhu et al., 2015;
Maoucha et al., 2025; Wolpert, 1992; Kraipat et al., 2025). These
three parameters all require the introduction of the basic concepts
of true positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN) (Sun et al., 2025). TP refers to when the
model correctly predicts an instance as positive, FP refers to when
the model incorrectly predicts an instance as positive, TN refers to
when the model correctly predicts an instance as negative, and FN
refers to when themodel incorrectly predicts an instance as negative
(Kottayat et al., 2023; Lingampally Sai et al., 2023). The formula for
precision is

Precision = TP
TP + FP

The formula for recall is:

Recall = TP
TP + FN

This is example 1 of an equation:

F1 =
2∗ (Precision∗Recall)
(Precision+Recall)

The training data was used to train the three alternative models,
and then the performance of each model was evaluated using the
test set data.

For the data of each fluid layer, as shown in the figures
(Figures 17–20).

A comprehensive analysis of the figures indicates that the BP
neural network exhibits superior performance compared to other
models in identifying different reservoir fluid types, including oil-
water coexisting layers, oil layers, water layers, and oil-bearing water
layers. The key reasons are as follows:

Precision: The BP neural network exhibits high precision across
all fluid types, with exceptional performance in identifying oil-water
coexisting layers and oil-bearing water layers, where its precision
notably exceeds that of other models.

Recall: Although the recall of the BP neural network is
slightly lower than that of the decision tree (DT) model for
oil layers, it consistently maintains a high recall rate across
most instances.

F1 Score: F1 Score: The F1 score, as the harmonic mean of
precision and recall, reflects the balance between these two metrics.
The BP neural network achieves high F1 scores across all fluid types,
demonstrating its strong ability tomaintain both precision and recall
effectively.

Considering precision, recall, and F1 score collectively, the BP
neural network shows the best overall performance across these
datasets. It effectively captures complex data patterns and offers
stable reservoir fluid identification. In contrast, other models show
significant performance degradation, especially in oil-water-bearing
and oil-water coexisting layers.

To further validate this conclusion, classification error charts
and prediction result charts are shown in the figures (Figures 21, 22).

Through the classification error chart and prediction results,
all four models exhibit strong performance in identifying
reservoir fluids based on NMR logging data, achieving high
prediction success rates. However, the KNN, DT, and SVM
models have significantly higher classification errors than the
BP neural network, with notably lower prediction accuracy. This
demonstrates the BP neural network’s significant advantage in fluid
identification, effectively overcoming the limitations of traditional
fluid identification methods.

This model has been well validated within a single-porosity
system; however, further validation is still required in a typical dual-
porosity system. To this end, themodel is validated separately within
the matrix porosity system and the fracture porosity system. The
results obtained are summarized in Table 7.

The model performs poorly in the dual-porosity system, with
significantly lower scores (Table 7). To address this issue, the outputs
of the dual-porosity system were separated and trained individually.
The results are presented in Tables 8, 9.

As shown in Tables 8, 9, the model achieves better performance
after separate training for each pore system. If this model is to be
applied in a typical dual-porosity system, it is necessary to first
classify the system into its two constituent pore types, and then apply
the model separately to each for validation (Tables 8, 9).

5 Discussion

Using the previously discussed models, the reservoir fluid
properties of well HZ26-6-1 in the study area were analyzed. The
depth interval from 3680 m to 3720 m was selected for prediction,
and the results are presented in the figure (Figure 23).

The reservoir fluid identification results show that the BP
neural network model, developed using NMR data, provides
predictions that are generally consistent with the oil testing results.
Only a small portion of oil layers were misclassified as oil-
water coexisting or oil-bearing water layers, demonstrating a high
accuracy rate. This consistency between the BP neural network’s
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FIGURE 23
BP Neural Network-Based fluid identification for reservoir HZ26-6-1.

predictions and the actual oil testing results underscores the model’s
effectiveness in overcoming the challenges of complex reservoir
fluid identification.

6 Conclusion

This study integrates nuclear magnetic resonance (NMR)
logging technology with a backpropagation (BP) neural network
model to propose a new method for reservoir fluid identification,
and validates its effectiveness.

(1) Innovatively selected NMR parameters as input feature
variables: T2g, A (the amplitude of the last peak in the
T2 spectrum), S3/S1, and S2/S1 were chosen as input
features, significantly improving the accuracy of reservoir fluid
identification.

(2) The BP neural network model was optimized: a BP neural
network with a single hidden layer containing eight neurons
was constructed. The ReLU activation function was employed
to accelerate the learning process, and the Softmax function
was used to handle the multi-class classification problem.
The model outperformed other comparative models in terms
of precision, recall, and F1-score across four fluid types: oil

zones, oil-water bearing zones, oil-bearing water zones, and
water zones.

(3) Through a case study on Well HZ26-6-1, the model’s
predictions were found to be highly consistent with the
results from well testing, demonstrating high accuracy. This
indicates that the BP neural network not only effectively
identifies reservoir fluid properties, but also provides solutions
to challenges commonly encountered in traditional fluid
identification methods.
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