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Abstract: Sand screenout is a critical challenge in hydraulic fracturing, affecting both the
construction process and operational safety. This paper proposes a sand screenout warning
model that integrates a combinatorial neural network and physical approaches to enhance
both the speed and accuracy of sand screenout warnings. Firstly, the combined neural
network uses a Transformer to capture key features during fracturing construction from
historical data, and the extracted features are input to the Gated Recurrent Unit (GRU)
for temporal prediction and the Crested Porcupine Optimizer (CPO) to further optimise
the GRU-Transformer hyperparameters of the model. Additionally, the physical model
improves the conventional inverse slope method by incorporating a threshold and sliding
module, which enhances slope calculation and warning accuracy. The results showed that
for fracturing pressure prediction, the proposed CPO-GRU-Transformer model obtained
an RMSE value of 0.842 MPa, MAE of 0.613 Mpa, and R2 of 0.971, a smaller RMSE and
MAE and a larger R2 than the three pressure prediction models, namely LSTM, GRU, and
CPO-GRU. The proposed sand screenout warning model has been applied in the field
construction of the U shale gas area in the Sichuan Basin. The warning points of the model
proposed in this study were advanced by 73.5 s on average compared with the manual
warning points in the three validated fracturing segments, with a successful warning rate
of 85.71%, which greatly avoids the possibility of sand screenout and provides a method
of fast calculation speed and high prediction accuracy, providing an early warning of
sand screenout.

Keywords: sand screenout; physical model; GRU; CPO; Transformer

1. Introduction
Hydraulic fracturing is a key technology for unconventional oil and gas extraction [1].

However, sand screenout leads to artificially induced crack-plugging [2], reducing ex-
traction efficiency or even causing production disengagement. This significantly hinders
the effective implementation of production-enhancing modifications. Some scholars have
evaluated the likelihood of sand screenout using both work experience and mathematical
models. For instance, in 1981, Nolte and Smith [3] discovered the double logarithmic
relationship between pressure and time at the fracture. This discovery introduced the
Nolte diagram, a valuable tool for fracking and the first model assessing sand screenout
likelihood. The Massaras Brothers developed the slope inversion method based on pressure
fluctuation patterns during fracturing operations [4]. While these two methods offer high
theoretical prediction accuracy, they fail to account for objective factors such as human
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operations and abnormal pressure fluctuations. They heavily rely on engineers’ subjective
judgment during operations, limiting their effectiveness in complex environments. In
this context, with advances in computing power, deep learning (DL) has emerged as an
effective approach for tackling complex problems and real-time computations [5,6]. DL
excels at handling large datasets and uncovering hidden data sequence relationships [7],
and it is increasingly being adopted in the oil industry. For instance, DL has been applied to
drilling speed prediction [8,9], wellbore stability analysis [10], lithology prediction [11,12],
and production forecasting [13,14]. These applications demonstrate DL’s effectiveness in
complex data analysis and offer novel insights and methodologies for sand screenout early
warning systems.

In the research on sand screenout in the last decade, the Nolte diagram and the slope
inversion method provide a theoretical basis for real-time warning of sand screenout,
and some scholars have applied a time series prediction model to the research related
to real-time warning of sand screenout, taking into account that sand screenout has the
characteristic of cyclic changes. For example, Madasu and Rangarajan [15] introduced a
wellhead pressure prediction model using Deep Recurrent Neural Networks (DRNN) to
predict wellhead pressure fluctuations during hydraulic fracturing in real time. This was
the first time that DL had been introduced to fracturing pressure prediction. Liang, et al. [16]
used a coupled autoregressive integral sliding average model (ARIMA) and a generalised
regression neural network (GRNN) for fracture pressure prediction. They then used slope
change combined with a double logarithmic curve model to achieve an early sand screenout
warning. Hu, et al. [17] predicted fracture pressure by the locally weighted linear regression
(LWLR) method, and they optimised it by combining the particle filter (PF) algorithm and
ARMA, which outperformed the reverse slope method. Yu, et al. [18] proposed a sand
screenout classification model based on Gaussian Hidden Markov Models (GHMMs),
which learnt to simulate the change of surface pressure signals for sand screenout early
warning, with 86% accuracy of sand screenout. However, all these models mentioned
above are single neural networks, which may make it difficult to predict the true value of
the fracturing pressure considering the large variations in the input parameters, and there
are some limitations in their application to complex situations. With a model integration
strategy, we can maximise the unique strengths of each model to achieve a stronger overall
performance [5]. Recent studies involve the integration of different models; for example,
Sun, et al. [19] proposed a real-time sand screenout warning model by combining the inverse
slope method with the CNN-LSTM neural network. Bin, et al. [20] used a combination of
Attention and Bidirectional Long Short-Term Memory (BiLSTM) networks to construct a
real-time prediction model for fracturing pressure in the fracturing process and to improve
the Unet++ network for the recognition of events in the category of ‘stage’, which includes
sand screenout.

In summary, deep learning models have been increasingly applied in sand screenout
early warning systems. By forecasting fracturing pressure and integrating conventional
warning methods, these models contribute to more reliable and proactive decision-making,
thereby significantly reducing construction costs and risks. However, two major chal-
lenges remain in current research on sand screenout prediction. First, the development of
deep learning models often relies on subjectively selected hyperparameters or empirical
comparisons across multiple architectures, which compromises model robustness and gen-
eralizability. Second, traditional sand screenout warning approaches tend to generate false
alarms under complex field conditions, limiting their practical effectiveness and failing
to provide accurate guidance for field engineers. These limitations underscore the need
for more intelligent, adaptive, and robust prediction frameworks tailored to real-world
hydraulic fracturing scenarios, which forms the core motivation of this study.
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Therefore, this paper proposes a new sand screenout early warning model, which
is mainly composed of two parts: a combinatorial neural network and a physical model.
In the combinatorial neural network part, Transformer is used to capture the long-term
fluctuation characteristics of hydraulic structure parameter data, the Gate Control Unit
(GRU) is numerically predicted, and the Crested Porcupine Optimizer (CPO) is used to
optimize the hyperparameters of the GRU-Transformer to better capture dependencies
between construction parameters. At the same time, the physical model is improved
by the traditional slope inversion method, and the difference between the maximum
and minimum pressure values is calculated to adapt to the complex structural situation.
Finally, the real-time predicted pressure is input into the physical model for sand screenout
judgement, which provides a faster and more accurate method for the sand screenout early
warning model.

2. Methodology
2.1. Data Description

The dataset in this paper is from the U shale gas block in the Sichuan Basin, which has
been in production since 2013 and has cumulatively produced 75 billion cubic metres of gas
by the end of 2024, with data collected from 1391 fracturing stages of the treatment curve.
To minimise the prediction error to a great extent, the training set used for prediction in this
paper is derived from well data from wells adjacent to the target well or from geologically
similar wells. The training set was processed, the missing values in the training set were
deleted and the abnormal values were eliminated based on the fracturing construction
design report.

Based on some scholars’ research on the influencing factors of pressure fluctuation,
this paper concluded that fluid viscosity, discharge size and sand ratio are the main factors
affecting the effectiveness of fracking [21,22]; these factors not only determine the extension
and support effect of cracks, but are also closely related to the occurrence of sand screenout
phenomenon. In this paper, natural language processing (NLP) techniques have been used
to extract the design documents of the fracturing construction parameters for the proppant
addition phase, and the detailed data required for the extraction are shown in Table 1.

Table 1. Fracturing Construction Parameters.

Parameter Name Unit

Time s
Wellhead pressure MPa

Pump rate m3/min
Sand ratio %

Fluid viscosity CP

In this paper, the fracturing construction data with data interval time of 1 s were
selected, which have good time series characteristics, and the analysis of time series can
reveal the cyclical changes, trends, etc. of the data. Due to the large unit differences
between the data, which will lead to the model analysis process ignoring its hidden
influence relationship, and to accelerate the model convergence speed and improve the
model stability and accuracy, this paper adopted maximum and minimum normalisation
to converge the fracturing construction data to the [0, 1] interval. The formula is shown in
Equation (1).

Xi =
xi − min(xi)

max(xi)− min(xi)
(1)

where xi represents the feature raw data and Xi represents the value after feature normalisation.
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2.2. Pressure Prediction Based on Combinatorial Neural Networks
2.2.1. GRU-Transformer Model

Current models used for time series prediction are based on variants of Recurrent
Neural Networks (RNN), such as the classic LSTM model, but due to its complex internal
structure, training LSTM networks usually takes a long time due to their complex internal
structure. Therefore, Chung, et al. [23] proposed an LSTM variant called Gated Recurrent
Unit (GRU) based on the LSTM network model, which constructs an update door and reset
door based on the three-gate structure of LSTM’s forget gate, input gate, and output gate,
which are also the keys to the efficient computation of GRU. The module structure of LSTM
and GRU is shown in Figure 1. The unoptimised GRU parameters are shown in Table 2.
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Table 2. Unoptimised GRU parameters.

Parameter Names Parameter Sizes

Batch size 256
Hidden size 64
Num layers 2

Dropout 0.2
Learning rate 0.01

Transformer is a neural network framework based on the self-attention mecha-
nism [24], proposed by the Google team in 2017. It has been successfully applied in
fields such as natural language processing [25], machine vision [26], and long-term se-
quence prediction [27]. The core mechanism of the Transformer model is the self-attention
mechanism (Self-Attention), which enables it to automatically learn the importance of
different variables in a sequence without being influenced by the temporal order, making it
an ideal choice for long sequence modelling [28]. The network structure of Transformer is
shown in Figure 2, where Add&Norm represents residual link and normalization.
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The self-attention mechanism first calculates the input sequence Query (Q), Key (K),
and Value (V), and the calculation formulas are shown in Equations (2)–(4). The calculation
process of Q, K, and V in the pressure prediction process is shown in Figure 3. During the
calculation process, the model performs a weighted average on the input of each position,
with weights determined by the input of other positions, to capture the relationships
between different positions.

Q = XWQ (2)

K = XWK (3)

V = XWV (4)

where WQ, WK and WV represent the weight matrix. Next, the model calculates attention
weights using Q, K, and V, with the specific formula shown in Equation (5).

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V (5)

where dk is the dimension of the key vector, softmax is the activation function used for
multiclassification, and 1√

dk
is a scaling factor used to prevent the dot product from being

too large.
GRU can capture parameter information and long-term dependencies on pressure

in fracturing pressure data, while Transformer can effectively capture the relationship
between any two positions in fracturing pressure data, thus dealing with long-distance
dependency problems and greatly avoiding the influence of noise in the original data on
pressure prediction. Therefore, this paper connected GRU and Transformer to establish a
GRU-Transformer model, mainly by inputting normalized fracturing construction data.
Transformer uses an encoder to perform a high-dimensional transformation on fractur-
ing construction, captures its data features, and transmits the data to GRU for pressure
prediction. The structure of the GRU-Transformer model is shown in Figure 4.
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2.2.2. Crested Porcupine Optimizer

CPO is a nature-inspired optimisation algorithm inspired by the defences of crested
porcupines against predators, using four different protection mechanisms. Its optimization
results are optimal compared to optimization algorithms such as gray wolf optimizer
(GWO), whale optimization algorithm (WOA) and salp swarm algorithm (SSA) [29]. Like
other population-based meta-heuristic algorithms, CPO initiates the search process by
initialising a set of individuals as shown in Equation (6).

→
Xi =

→
L +

→
r ×

( →
R −

→
L
)

, i = 1, 2 . . . , n (6)

where n is the population size,
→
Xi denotes the i candidate solution;

→
R and

→
L denote the

upper and lower bounds of the search range, respectively; and
→
r is a random number

between [0, 1].
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The overall after initialisation is shown in Equation (7).

X =



X1

X2
...

Xi
...

Xn


=



x1,1 x1,2 · · · x1,j · · · x1,m

x2,1 x2,1 · · · x2,j · · · x1,m
...

...
...

...
...

...
xi,1 xi,2 · · · xi,j · · · xi,m

...
...

...
...

...
...

xn,1 xn,2 · · · xn,j · · · xn,m


(7)

where xi,j denotes the i position of the j solution and n denotes the number of candidate solutions.
During the optimisation process, the CPO removes a number of CPs from the popula-

tion to speed up convergence and reintroduces them back into the population to improve
diversity and avoid falling into local minima, as shown in Equation (8).

N = Nmin + (N′ − Nmin)×
(

1 −
(

t% Tmax
T

Tmax
T

))
(8)

where T is the variable that determines the number of cycles; t is the current function
evaluation; Tmax is the maximum number of function evaluations, which is the maximum
number of times a single CP attacks the target; and Nmin is the minimum number of
individuals in the newly generated population, and the corresponding behaviour will occur
only when it reaches a certain value.

The global exploration phase applies when the predator is far away, in which case, the
CP has two defence strategies, i.e., visual defence strategy and acoustic defence strategy.
The local exploitation phase applies when the predator is close, in which case, the CP has
two defence strategies, i.e., odour attack strategy and physical attack strategy.

Visual defence strategy:

→
xt+1

i =
→
xt

i + τ1 ×
∣∣∣∣2 × τ2 ×

→
xt

CP −
→
yt

i

∣∣∣∣ (9)

Acoustic defence strategy:

→
xt+1

i =

(
1 −

→
U1

)
×

→
xt

i +
→
U1 ×

(
→
y + τ3 ×

( →
xt

r1 −
→
xt

r2

))
(10)

Odour attack strategy:

→
xt+1

i =

(
1 −

→
U1

)
×

→
xt

i +
→
U1 ×

( →
x′r1

+ S′
i ×
( →

x′r2
−

→
x′r3

)
− τ3 ×

→
δ × γt × S′

i

)
(11)

Physical attack strategy:

→
xt+1

i =
→

xt
CP + (α(1 − τ4) + τ4)×

(
δ ×

→
xt

CP −
→
xt

i

)
− τ5 × δ × γt ×

→
Ft

i (12)

where τ1 is a random number based on a normal distribution;τ2,τ3,τ4, and τ5 are random

numbers between [0, 1];
→

xt
CP is the optimal CP position;

→
yt

i =

→
xt

i+
→
xt

r
2 is the vector gen-

erated between the current CP and the random CP;
→
U1 is a randomly generated binary

vector of 0 or 1;
→
δ =

{
+1, i f

→
rand ≤ 0.5

−1, Else
is a parameter controlling the search direction;
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γt = 2 × rand ×
(

1 − t
tmax

) t
tmax is a defence factor; St = exp

(
f (xi

t)
∑N

k=1 f (xk
t )+ϵ

)
; is an odour

diffusion factor; and α is a convergence speed factor. The specific calculation process can be
found in [29].

CPO optimization of GRU models can avoid problems such as gradient vanishing or ex-
ploding, help GRU models find better parameter configurations, improve their performance
in predicting fracturing pressure, and enhance GRU’s robustness and generalization ability.

2.2.3. Combination Neural Network Prediction Process

The pressure prediction process adopts a sliding window mode along the time axis
to achieve data partitioning, and the data shape is a window at the end of the time when
the dataset is reached. The input variables are construction parameters such as pressure,
time, displacement, liquid viscosity, and sand ratio. A combined neural network model is
established through CPO, GRU, and Transformer to simulate the nonlinear relationship
between pressure and construction parameter data, and finally, output the predicted
pressure data. The implementation process of the composite neural network is shown in
Figure 5 and the model prediction process is described. The specific process from input
to output is as follows: (1) Divide the training set and the testing set; (2) Establish the
GRU-Transformer model; (3) Model training and CPO optimization of model parameters;
(4) Input the test set for prediction; (5) Output of pressure prediction results.
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2.3. Physical Model

The slope inversion method avoids the problem of calculating the net pressure and
has been applied with good results in some fields [30], the implementation of which is
shown in Figure 6. However, its prediction performance deteriorates in certain complex
scenarios. For instance, when there are continuous fluctuations in pressure, the model
tends to produce a higher rate of false alarms. This results in an ineffective warning system
that fails to provide reliable information for predicting sand screenout.
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To save computational efficiency and provide a more intuitive sand screenout warning,
the physical model proposed in this paper is improved based on the slope reversal method.
Based on the research of some scholars on sand screenout [31–33] and the analysis of oilfield
data, it is found that an important characteristic of fracturing pressure when sand screenout
is about to occur is the formation of an abnormal peak, which is also the basis of the slope
reversal method. However, it does not consider the relationship between the maximum and
minimum values of the peak, that is, the threshold, as shown in Figure 7. The maximum
and minimum difference H1 for one cycle under normal construction conditions will not
exceed this range for subsequent construction cycles. However, the last peak has reached
the difference range at Hn−1, but its difference continues to soar to Hn, indicating that sand
screenout may occur in this area and sand-stopping operations are needed to avoid sand
screenout. Based on this, this article has added evaluation criteria to avoid erroneous alarm
situations caused by slope reversal method warning and improve the accuracy of the sand
screenout warning model.
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The pressure curve uses a sliding window algorithm to move the sampling for the
calculation, and after calculating the slope of the model for classification, if the results are
normal, then skip the sliding region; if the results are not normal, then it is sliding in turn;
and if several consecutive sliding regions belong to the same type of superimposed display,
then the sliding algorithm mechanism is applied as shown in Figure 8.
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In this paper, through the extracted historical construction data of the block, the slider
size is set to 30 and the threshold value is 2 MPa, and the warning level mainly consists of
two kinds of normal and Class I as shown in Table 3. The physical model flow is shown in
Figure 9. Additionally, the slider size and threshold can be dynamically adjusted to suit
different operational environments, which enhances the stability and adaptability of the
warning model. This flexibility allows for real-time tuning of the model to accommodate
varying geological and operational conditions, ensuring more accurate and reliable sand
screenout warnings across diverse scenarios.

Table 3. Sand screenout warning level.

Warning Level Hidden Meaning Demonstrates

Normality Normal fracturing process Normal
Level I Sand screenout may occur Warning

2.4. Combinatorial Model

The model proposed in this article is mainly composed of two parts: a combinatorial
neural network and a physical model. The combined neural network is based on the three
models of GRU, Transformer, and CPO, and establishes the CPO-GRU-Transformer model.
The physical model is an improvement of the slope reversal method by adding a slider
algorithm and threshold to modify it, avoiding false alarms, improving the accuracy of
model warnings, and providing effective sand blocking warning information for operators.
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The implementation steps of a sand screenout warning model based on a combination
of combinatorial neural networks and physical models are as follows: (1) sliding window
extraction of time-series data sequence; (2) The Transformer model captures the nonlinear
relationships of sequences; (3) GRU model training and CPO optimization of the model
parameters; (4) Output the pressure prediction data; (5) The predicted results are input into
the sand screenout warning model for judgement; (6) Output the judgement result. The
specific implementation steps are shown in Figure 10.
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3. Results
3.1. Comparison of Pressure Prediction Models

Although traditional methods such as RSM and ANOVA are widely used in engineer-
ing modelling, they are less suitable for handling complex, nonlinear, and time-dependent
data [34]. Therefore, in this paper, the mean absolute error (MAE), coefficient of determi-
nation (R2), and root mean square error (RMSE) were selected as the evaluation indexes
for predicting the fracture pressure [35], and their calculation formulas are shown in
Equations (13)–(15).

MAE =
1
N

n

∑
i=1

|yi − ŷi| (13)

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(14)

RMSE =

√
1
N

n

∑
i=1

(yi − ŷi)
2 (15)

where yi and ŷi denote the true and predicted values of fracture pressure, respectively, and
N denotes the number of samples. The principle of the evaluation index is that the smaller
the value of both MAE and RMSE, the higher the prediction accuracy of the model. The
closer R2 is to 1, the higher the variance of the data explained by the model, and the better
the prediction.

The data used for the model comparison are from the fracturing construction data of a
section of well X in this shale gas block. They are used for the pressure prediction test of
the four models: LSTM model, GRU model, CPO-GRU model and CPO-GRU-Transformer
model. Hyperparameter optimisation of the GRU-Transformer model was performed using
CPO optimisation, and the optimised model hyperparameters are shown in Table 4.

Table 4. CPO hyperparameter optimisation results.

Hyperparameter Search Area Optimal Value

Batch size [64, 128, 256, 512, 1024] 512
Hidden size [64, 128, 256] 256
Num layers [2, 3, 4] 4

Dropout [0.2, 0.3, 0.5] 0.3
Learning rate [0.001, 0.005, 0.01, 0.05, 0.1] 0.001

The prediction result curves for each model are shown in Figure 11. From Figure 11, it
can be seen that the trend of the fracture pressure prediction results of the four models is
basically consistent with the trend of the actual fracture pressure. From the point of view of
prediction accuracy, the predicted fracture pressure curve of the CPO-GRU-Transformer
model is the closest to the actual fracture pressure curve.

As shown in Figure 11a–d, both the LSTM and GRU models align well with the
predicted trend in pressure prediction. However, the unoptimized GRU model exhibits a
rectangular-like behaviour under fluctuating conditions. This issue was addressed, and
the evaluation metrics were significantly improved after the GRU model parameters were
optimized using the CPO.

As observed in Figure 11c, although the data predicted by the CPO-GRU model fit
the prediction model, there are some limitations in its enhancement effect in some small
fluctuations. After introducing Transformer, the prediction results in Figure 11d show
that Transformer can accurately find the relationship between the individual eigenvalues
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on the fracturing pressure at each time step, and its results can accurately predict the
curve fluctuation condition. The proposed combined neural network model shows optimal
prediction performance compared to the other three models, especially for the time point
3000 s–4000 s, in which the trough after sand stopping is accurately predicted by the model,
and the pressure fluctuation can be accurately captured throughout the prediction process.
These results are highly consistent with the actual curves, which proves the superiority of
the model.

Figure 12 represents the curve of training loss with training number for LSTM, GRU,
CPO-GRU and CPO-GRU-Transformer, all with 100 training times. The results show that
under the same conditions, the combined neural network training loss proposed in this
paper decreases the fastest, indicating that it has the quickest convergence speed, which
effectively shortens the training time and improves learning efficiency. Figure 9 shows the
evaluation metrics for fracture pressure prediction by the four models.
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From Figure 13, it can be seen that the single neural network models LSTM and GRU
still have some defects in prediction, and their prediction results are not optimal. For
CPO-GRU compared with GRU, the MAE decreases by 36.24%, the RMSE decreases by
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36.97%, and R2 improves by 0.156, which means that the prediction results of this model
are closer to the actual values after CPO optimises the hyperparameters of GRU. Compared
with CPO-GRU, the MAE of CPO-GRU-Transformer decreases by 49.51%, RMSE decreases
by 46.54%, and R2 improves by 0.073, which indicates that Transformer greatly improves
the performance of GRU. Therefore, the combined neural network proposed in this paper
has the highest fracture pressure prediction accuracy and the fastest computational effi-
ciency among the four models. Therefore, the combined neural network proposed in this
paper drives the highest accuracy and fastest computational efficiency in fracture pressure
prediction among the four models.
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3.2. On-Site Warning Effect

At present, the sand screenout warning in Block U is mainly based on manual ob-
servation and the results of pressure changes in the historical fracturing section for early
warning, and the operator observes whether the pressure surge phenomenon occurs based
on the slope inversion method and double logarithmic curves, and then manually stops the
sand, which has limitations such as subjectivity and a slow reaction speed.

Therefore, the artificial sand stopping point and the sand screenout early warning
method proposed in this paper were compared and analysed. In this paper, a total of three
fracturing sections, namely, Section A of Well Y and Section B and Section C of Well Z were
selected for on-site application in this block. The pressure prediction results have a smaller
error value than the actual pressure results, which is close to the exact pressure curve, and
the results of the pressure prediction and evaluation indexes are shown in Table 5.

Table 5. Fracture pressure prediction results.

Fracturing Segment Name RMSE/MPa MAE/MPa R2

Y well a section 0.3385 0.5326 0.9755
Z well b section 0.3879 0.6372 0.9812
Z well b section 0.4085 0.6113 0.9708

To evaluate the effectiveness of the proposed model in practical applications, we com-
pared its early warning performance with manual judgement across three representative
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fracturing stages. As shown in Table 6 and Figure 14, the model issued a total of seven early
warnings, among which six were true positives, correctly indicating actual sand screenout
risks, and one was a false positive, where no actual screenout occurred. No false negatives
were observed during the testing process, indicating that the model successfully captured
all actual screenout events. These results yield a successful warning rate of 85.71% and
demonstrate the model’s strong reliability in detecting genuine risks while maintaining a
low false alarm rate.

Table 6. On-site warning intervals.

Fracturing Segment Name Warning Interval Model Identification Points Slope Artificial Stopping Point

Y well a section [5466 s, 5660 s] 5530 s 0.027 5537 s
Z well b section [3040 s, 3103 s] 3051 s 0.098 None
Z well b section [4130 s, 4553 s] 4207 s 0.022 4367 s
Z well b section [5310 s, 5603 s] 5403 s 0.011 5418 s
Z well c section [2610 s, 2860 s] 2650 s 0.018 2666 s
Z well c section [3900 s, 4095 s] 3943 s 0.019 4029 s

In terms of timeliness, the model demonstrated a clear advantage by triggering alarms
an average of 73.5 s earlier than the corresponding manual sand-stopping decisions. This
lead time is critical in field operations, as it provides engineers with additional time to
adjust the pumping parameters or stop the operation, effectively avoiding the onset of
sand screenout.

Furthermore, manual judgment often suffers from subjectivity and delay, especially un-
der fluctuating pressure signals or complex downhole conditions. In contrast, the model’s
ability to continuously monitor pressure trends and issue objective warnings improves
both the response speed and operational consistency. These results highlight the model’s
practical value as a reliable decision-support tool in hydraulic fracturing operations.
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4. Conclusions
The combined neural network pressure prediction model constructed in this paper,

CPO-GRU-Transformer, was compared with LSTM, GRU and CPO-GRU. It had the smallest
MAE and RMSE and the largest R2 , 0.613, 0.842 and 0.971, respectively, and it was the
prediction method that best fit the pressure curve. It was experimentally verified that this
model has the following advantages over LSTM, GRU and CPO-GRU in fracture pressure
prediction: compared with other neural network models, this model has higher prediction
accuracy, faster learning speed and faster convergence.

Three fracturing sections were verified in the field, with six successful alarms and one
false alarm, resulting in an early warning rate of 85.71%, and the alarm point was 73.5 s
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earlier than the artificial sand stopping point on average, which greatly avoided the possi-
bility of sand screenout. However, the study presented in this paper has limitations. Firstly,
the sliding window size and thresholds must be set for different geological environments,
which is too dependent on empirical judgement; secondly, the model requires a certain
amount of computational resources, which may not be available in working environments
where computational resources are scarce, which will limit the robustness of the model and
prevent it from reaching the optimal prediction state. The method proposed in this paper
provides a faster calculation and the most accurate warning method for sand blockage
warning, which greatly avoids the occurrence of false alarms and provides effective sand
screenout warning information for operators.
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Abbreviations
The following abbreviations are used in this manuscript:

GRU Gated Recurrent Unit
CPO Crested Porcupine Optimizer
LSTM Long Short-Term Memory
NLP natural language processing
xi raw data
Xi normalized data
Q query in Transformer input sequence
K key in Transformer input sequence
V value in Transformer input sequence
dk dimension of key vectors in Transformer

1√
dk

scale factor in Transformer

MAE mean absolute error
RMSE root mean square error
R2 coefficient of determination
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