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To address the challenges associated with predicting wellbore fluid flow behavior and gas kick rates in
deep, complex formations following gas kick events, this study develops a quantitative interpretation
method of gas kick driven by physics-informed neural network (PINN). The proposed method integrates
a physical model of gas-liquid two-phase flow in the wellbore into the neural network by formulating it
as a loss function, leveraging annulus temperature and pressure data obtained from downhole dual
measurement tools. The feasibility and effectiveness of this method are evaluated through comparative
analysis. The result indicates that during gas kick occurrences, this method achieves mean relative
errors of 8.49% and 9.07% for the predicted gas volume fraction and apparent
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Partial differential equation conditions. Integrating this method with downhole dual measurement tools can provide

valuable guidance for blowout risk assessment, well-control method selection, and well-killing

parameter design after a gas kick.

© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This

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

1. Introduction gas kicks. Failure to detect gas kicks promptly or control them

effectively can readily lead to serious drilling incidents, such as

Gas kick refers to the phenomenon in which formation gas
invades the wellbore due to the differential pressure when for-
mation pressure exceeds wellbore pressure (Mitchell and Miska,
2011). As oil and gas exploration advances toward deep, complex
formations, drilling operations increasingly encounter challenging
geological and environmental conditions, including complex for-
mation pressure systems, developed fracture-cavity systems, and
narrow safe density windows, resulting in frequent occurrences of
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blowouts (Karimi Vajargah et al., 2013; Bhandari et al., 2015; Li
et al., 2022b). Therefore, effectively mitigating the risk of gas
kicks has become a critical issue requiring urgent attention
(Galdino et al., 2019; Atchison, 2022; Wu et al., 2022).

Currently, in response to significant challenges to safe and
efficient drilling posed by gas kicks, extensive research has focused
primarily on early detection and quantitative interpretation of gas
kicks. Early detection techniques facilitate timely well control
measures to balance formation pressure and reduce gas content in
the wellbore. These techniques include inlet-outlet flow rate dif-
ference methods (Ali et al, 2013), mud pit level monitoring
methods (Blue et al., 2019; Lafond et al., 2019), acoustic detection
methods (Dashti and Riazi, 2014; Johnson et al., 2014; Toskey,
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2015; Wang et al., 2018), pressure wave detection methods (Stokka
et al., 1993; Li et al., 2022a), and downhole measurement-while-
drilling (MWD) detection methods (Nayeem et al., 2016; Samuel,
2018; Sule et al., 2019; Yang et al., 2019; Wang et al., 2020b).
Among these, the downhole MWD detection method demon-
strates high accuracy and timeliness, particularly following the
development of downhole dual measurement tools (Wang et al.,
2020a), effectively overcoming the high false-alarm rate issue
associated with relying solely on parameters measured at a single
downhole point.

This study focuses on the quantitative interpretation of gas
kicks, specifically how to accurately determine the gas-liquid two-
phase fluid distribution in the wellbore and the rate of gas invasion
following a gas kick. Accurate interpretation is critical for guiding
risk assessment, selection of well-killing methods, and design of
well-killing parameters (Liu et al., 2021). Traditionally, gas kick
rates are estimated based on the incremental volume increase in
the mud pit and the duration of the gas kick, providing a simple yet
low-accuracy approach. Some researchers have proposed quanti-
tative interpretation methods based on fluid properties. For
instance, Wang et al. (2022) experimentally analyzed the rela-
tionship between gas fraction and the velocity and attenuation
characteristics of low-frequency elastic waves, establishing a
mapping relationship between elastic wave responses and gas
fraction. Some researchers (Zhou et al., 2017; Yin et al., 2020; Gu
et al.,, 2021; Indimath et al., 2023) developed quantitative char-
acterization models of gas fraction based on features such as mean
amplitude and frequency domain signals of Doppler ultrasound.
Wang et al. (2017) established a relationship between gas frac-
tion and dimensionless logging-while-drilling resistivity,
achieving an average relative error of 5% in experimental data.
However, these methods are susceptible to interference from
bubble and cuttings distribution, drill string vibration, and high
temperature and pressure conditions. With advances in multi-
phase flow theory, numerical models now describe multiphase
fluid flow in the wellbore post-gas kick, framing predictions of gas
fraction and gas kick rate as inverse problems of the multiphase
flow model. Obi et al. (20223, 2022b) conducted experimental gas
kick simulations combined with numerical models, deriving
nonlinear expressions relating gas kick rate to gas fraction, riser
pressure, and casing pressure. Several researchers (Gravdal et al.,
2010; Zhou and Nygaard, 2011; Hauge et al.,, 2012; Nikoofard
et al., 2015; Jiang et al., 2019) integrated multiphase flow models
with unscented Kalman filter (UKF) and nonlinear observers, uti-
lizing multi-source measurements such as bottom-hole pressure,
riser pressure, and outlet flow rate for predictions. Another group
of researchers (Song et al., 2011; Xia et al., 2019; Wang et al,,
2023a; Yin et al., 2024) used particle swarm optimization (PSO)
and genetic algorithms (GA) to minimize errors between multi-
source measurements and computed values, determining gas
kick rate, fluid distribution in the wellbore, and formation pa-
rameters. These methods rely heavily on numerical model reli-
ability and have high requirements for numerical solution stability
and truncation error accuracy.

In recent years, machine learning has been widely used for the
intelligent detection of drilling anomalies because of its strong
nonlinear fitting capability. Researchers have developed early gas
kick detection models based on machine learning methods such as
random forest (Shi et al., 2020), K-nearest neighbor (Alouhali et al.,
2018), Bayesian networks (Bhandari et al., 2015; Nhat et al., 2020),
long short-term memory networks (Yin et al., 2021; Zhu et al,,
2023), and ensemble learning methods (Wang et al., 2023b). Yin
et al. (2022) established a real-time intelligent prediction model
for bottom-hole gas kick rates by combining ground logging and
downhole multi-source measurement-while-drilling data using
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an LSTM network. Although these intelligent models can auto-
matically capture complex mappings between feature parameters
and gas kick and achieve good results on tested datasets, their
robustness remains limited due to scarce data samples and sig-
nificant variability among different drilling blocks. Additionally,
purely data-driven intelligent models suffer from ambiguous in-
termediate computational processes and poor interpretability.
Physics-informed neural network (PINN), an emerging branch in
the field of deep learning (Dissanayake et al., 2001; Zhao et al,,
2024), incorporate physical knowledge into neural networks and
can learn highly generalized models from limited or even unla-
beled data. Currently, PINN has been successfully applied to a wide
range of problems, including solving fundamental equations (Pang
et al., 2019; Zhang et al., 2019, 2020; Lu et al., 2021), simulating
flow in porous media (Raissi et al., 2020; Wang et al., 2020; Yan
et al,, 2022), and parameter inversion (Amini et al., 2023; Kapoor
et al,, 2023). In the coupling research of the PINN method with
drilling engineering, Xu et al. (2023) combined a wellbore
gas-liquid two-phase flow model with neural networks to
construct an adaptive PINN model for annulus pressure prediction
in two-phase flow. Liu et al. (2025) developed a PINN-driven
approach for solving wellbore temperature fields, which signifi-
cantly improved computational speed while ensuring accuracy.
Some researchers (Jeong et al., 2020; Jan et al., 2022; Gkionis et al.,
2025) integrated physical knowledge with neural networks to
establish a PINN-based intelligent diagnosis approach for drill
string washout, markedly enhancing the recognition accuracy of
complex downhole conditions. However, most of these studies
have focused on modeling and simulating wellbore pressure and
temperature fields, with some addressing qualitative identifica-
tion of complex downhole conditions. Research on quantitative
interpretation methods for complex conditions such as gas kick
remains relatively limited.

Compared to traditional numerical methods such as finite dif-
ference and finite volume methods, PINN significantly improves
computational accuracy through parallel computations and global
optimization strategies without requiring mesh discretization or
explicitly defined initial conditions. This advantage is particularly
important for accurate predictions of multiphase fluid flow condi-
tions and gas kick rates in the wellbore following gas kick events.
This study develops a quantitative interpretation method of gas kick
driven by physics-informed neural networks by integrating a
physical model of gas-liquid two-phase flow in the wellbore and
neural networks, utilizing annulus temperature and pressure data
measured by downhole dual measurement tools. The proposed
method enables intelligent prediction of the gas volume fraction
and apparent gas phase velocity between the dual measurement
points, as well as the bottomhole gas kick rate. The feasibility and
advantages of this approach were evaluated through analysis con-
ducted on a simulated well and comparisons with the UKF and GA.

2. Physical model of gas-liquid two-phase flow in the
wellbore

The physical model of gas-liquid two-phase flow in the well-
bore primarily consists of mass conservation and momentum
conservation equations, describing the flow behavior of gas-liquid
mixtures in the wellbore following a gas kick. To effectively
simplify calculations, the following assumptions are made ac-
cording to actual fluid flow behavior within the wellbore: (1)
Drilling fluid flows one-dimensionally in the wellbore, with uni-
form parameters such as temperature, pressure, density, and ve-
locity in the radial direction (Sun et al., 2017); (2) Mass transfer
between gas and liquid phases is neglected; (3) The temperature
distribution in the wellbore follows a uniform thermal gradient;



(4) The effects of temperature and pressure on drilling fluid
properties are considered; (5) The slip effect between gas and
liquid phases is accounted for.
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(1) Mass conservation equation

According to the principle of mass conservation (Udegbunam
et al., 2014), the rate of change in fluid mass within a differential
control volume over a period of time is equal to the difference
between the mass of fluid exiting and entering the volume.
Accordingly, the mass conservation equations for the gas and
liquid phases can be expressed as:

d 0 K

¥ (PgagA) ¥ (Pg0gvgA) g (1)
o] 0

Y pIoyA ¥ pioymA 0 (2)

Where,t is time, s; Y is spatial coordinate, m; p, and p; are the
densities of the gas and liquid phases, respectively, kg/m?; A is the
cross-sectional area of the wellbore annulus, m?; ag and o) are the
volume fractions of the gas and liquid phases, respectively, satis-
fying the relationag o} 1; vg and v are thg actual velocities of
the gas and liquid phases, respectively, m/s; ~g is the gas kick rate
per unit thickness of the reservoir, kg/ s m .

(2) Momentum conservation equation

According to the principle of momentum conservation
(Udegbunam et al., 2014), the rate of change of fluid momentum
within an elemental control volume over time equals the sum of
external forces acting on it. Based on



where, the calculation methods of A, A, and As are as follows:
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The discretized form of the momentum conservation equation
is given by:
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framework to obtain these derivatives directly. Assuming the PINN
architecture in Fig. 1 consists of hidden layers, the forward

propagation process from the input parameters (t Y) to the
output variable ¢ can be expressed as:
s W 10 b 4 (22)
where, O satisfies the following relation:

WO | b 1
e} {X 0 (23)

where, W is the weight matrix of the -th hidden layer; b is the
bias vector of the -th hidden layer; ¢ is the activation function;

X try Y Tis the input parameter vector.
Then, the partial derivatives such asgtg % etc., can be computed
as:
% W ¢ W0 W', ¢ 0 W 1,000"
(24)
gﬁ w 90 wWigo ;wh; ¢ 0,w;01,00T
* (25)

where, ¢’ is the derivative of the activation function.

Compared with the finite difference method for solving partial
derivatives such as % and g—g the automatic differentiation
approach in neural networks efiables the computation of partial
derivatives in a mesh-free manner. This method is highly adapt-
able and capable of handling high-dimensional, complex geome-
tries and dynamically evolving PDE problems without reliance on
grid discretization or predefined initial conditions.

Embedding PDE into the neural network is the key to the strong
generalization ability and interpretability of PINN. When using
PINN to predict parameters such as gas kick rate, gas volume
fraction, and apparent gas phase velocity, the governing PDE pri-
marily include the mass conservation and, momentum conserva-
tion equations. Notably, the variable g m Eq. (1) is only
meaningful at the bottomhole, and satisfies ~ g 0 in other re-
gions. Moreover, PINN does not compute PDE residuals at the
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boundaries. Therefore, Egs. (1-3) can be reformulated as functions
of the temporal variablet and spatial variableY, such that the re-

siduals satisfy; (Y 0, where:
0 0
y1gY FY (PgagA) = (PgOgreA) (26)
0
v2gY Y oA = promA (27)
d d 2 2
NET T Y (PgOgugA  pojA) ¥ (Pgo‘g“g A paw A)
4 0.¢ ,
W-,"A Ag.&,— (pg(xg p10)gA cosf

(28)

The fluid parameters in the governing equations, such as den-
sity, pressure, and velocity, differ significantly in magnitude. If
these parameters are not normalized to a comparable scale, it may
adversely affect the training efficiency and performance of the
neural network, potentially leading to issues such as gradient ex-
plosion or vanishing. Furthermore, after scaling the parameters in
the governing equations, the equations must still satisfy Egs.
(26-28). To address this, the governing equations are non-
dimensionalized in this study. The non-dimensionalized equa-
tions not only preserve the physical laws embedded in the original
physical model but also enhance network convergence and
improve numerical stability (Amini et al., 2022). The dimension-
less parameters are first defined as follows:

y - _ Ve _ v _ p
y Jﬁat + Vg l)i%, 41 vial:) pg 7%’
¢ _ P (29)
d 10
ﬁl 71 I W ;,‘i _ ;,‘i
p*lj" /' * 7 /W * JW
ll'A l/'A' f
where, v* L‘ , ndv; are defined as follows:
5 y * %2 * p*U*z
v —*‘:"_ A4p v l:"‘4 Asy—* (30)
t 7 7

By substituting Eq. (29) into Egs. (26-28) and simplifying, the
resulting dimensionless functions can be obtained as:

0(pgogA)

T
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(31)

»)

Measuring point B

Y Y

Fig. 2. Schematic and actual view of the downhole dual measurement tools.
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where, Y, { g, V], Pg, bl,l;‘;f represent the dimensionless spatial
coordinate, dimensionléss time, dimensionless actual gas phase
velocity, dimensionless actual drilling fluid velocity, dimensionless
gas density, liquid density, dimensionless annulus pressure, and
dimensionless frictional pressure loss, respectively.y”,. ", v, p" L ’

"‘_;‘ represent the reference values for spatial coordinate, time, ffuid
“velocity, fluid density, annulus pressure, and frictional pressure
loss, respectively. A4 and As are

andta



Expert knowledge constraints can further enhance the physical
plausibility of neural network predictions. For example, the outputs
of the neural network (annulus pressure, volume fraction, and
actual fluid velocity) must not be less than zero. In addition, for
deep oil and gas wells experiencing gas kicks, the gas volume
fraction between the dual measurement points generally does not
exceed 0.2. Furthermore, at an
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where, ,; 1 (t_ ,Y;;el) is the dimensionless actual liquid phase ve-

locity predicted by Network A; ;2 ({ Vi 02) is the dimensionless

annulus pressure predicted by Network B; \,3({'; ,Y;;93> is the
dimensionless actual gas phase velocity predicted by Network C;

\ 4 (r W Vi 94> is the gas volume fraction predicted by Network D; «

is the number of spatiotemporal points.
The expression for “pc is:

.. 2
ABC %Z] [\;2(” 71F1;92> .".1(‘:")}
T, 2
1 z]: [\I z(t_" éfz;ez) yo? (L" ) }
4/ \q2
15[ et mn )]
(42)

where, \; 2 (t: T, 62) is the predicted pressure at the far-bit po-

t
position, MPa; \;1 (t: r,, 61> is the predicted actual liquid phase

sition, MPa; \; 5 ( r,, 62) is the predicted pressure at the near-bit

velocity at the near-bit position, m/s is the number of time
points.

. I
The expression for “gy is:

s
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N - ‘1f'.e - ‘1f'.e
A’\]3f7 2:93 34t 2 4|',2f A§ 44
Qs ; A (44)

where, Qg ¢ is the predicted gas kick rate at the bottomhole under
standard conditions, m3/s;\;3 {,”Fz; 85 is the predicted actual gas
phase velocity at the near-bit position, m/s; \;4{,15;64 is the
predicted gas volume fraction at the near-bit position; T, ¢ is the
measured temperature at the near-bit position, C.

It should be noted that the thermophysical properties of dril-
ling fluid and gas, including density and viscosity, are functions of
temperature and pressure at each spatiotemporal location within
the solution domain. To reduce training cost and enhance the
convergence of the PINN, this study adopts an isothermal gradient-
based approach to estimate the temperature distribution
throughout the domain. The justification for this method is pre-
sented in Appendix C.

33 17 ! P,

- 8= Py

.

During the training of PINN, if the gradient vector of a specific
loss term with respect to the network parameters is significantly
larger than those of other terms, it may dominate the overall
gradient used to update the network. This phenomenon can cause
the PINN outputs to rely heavily on the accurate enforcement of
boundary conditions, potentially limiting model performance. To
address this issue, this study adopts the GradNorm algorithm
proposed by Chen et al. (2018), which adaptively balances the
contributions of each loss term by adjusting their weights based

‘LEK \]lc: max(O, \11(t Y ,61)) max(O, ‘\14<t Y ,64)>
| max (0. 4(" Y504) 02)
121: {max(O, af_<\13<{';737, 93)>> max(O, (\]4<{1,y~s;94)))} (43)
LELa6) b)) S0 o) A0 x|
1{\14( J 794) . - \‘3({;’}7 763?\]4(_;&7 v 94)” ] r
L) ) e ) )

where,., _is the total number of spatiotemporal points within the
solution domain and on its boundaries.

Based on the predicted actual gas velocity and the measured
pressure and temperature at the bottomhole, the gas kick rate
under standard conditions can be derived using the gas mass
conservation law as follows:

'y
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on gradient magnitudes. The method can be formulated as
follows:

Ve (45)

. L.
where, the expression for "¢y is:
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Acquire py, p,, Hi, Ha, p1, and g, over a specified time period

Preprocess the pressure data based on the wavelet decomposition and
reconstruction algorithm

]

Calculate annulus temperature between the two measurement points
using the formation’s isothermal gradient

l

Set the network structure, activation function, and batch size. Initialize
network weights and w;

l

Randomly select spatiotemporal configuration points (¢, z) within the
solution domain and perform non-dimensionalization based on Eq. (29)

I

Input the spatiotemporal points into Networks A to D to output vy, p, Vg,
and oy

l

Calculate the density and plastic viscosity of the gas—liquid two-phase
fluid at each spatiotemporal point based on Egs. (12), (13), and (16),
and non-dimensionalize them using Eq. (29)

Calculate % based on Eq. (8) and non-dimensionalize it using Eq. (29) l

| Calculate each loss term based on Egs. (41-43) l

l

| Calculate total loss based on Eq. (40) l

l

Round 1: Optimize network weights, biases, and w; simultaneously
using the Adam algorithm

l

Round 2: Optimize network weights and biases using the L-BFGS
algorithm

|

Obtain the optimal parameters 6;, 6;, 85, and 6,
l Input (f, Z)
Output vy and oy l

Fig. 4. Flowchart of the PINN-based quantitative interpretation process for gas kick.
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The adaptive training weights allow the network to automati-
cally adjust for the imbalance among the gradients of different loss
terms. Meanwhile, the weights and biases of Networks A, B, C, and
D are optimized by minimizing the total loss function during
training:

yaA 81.0,,05, 0,

91 e11 ael (47)
3" 8,,8,,65,0

92 921 1763; 3,94 (48)
3" 8,,8,,05.,0

93 93 1 1,92,Y3,Y4 (49)
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Fig. 5. Comparison of measured and simulated pressure results.
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E

where, x and y are the learning rate; "‘, is the loss item corre-
sponding to"'¥ ; “‘_4 0 isthe “‘“ when the network weight is set to its
initial value; o is the scaling factor.

The PINN illustrated in Fig. 3 is developed using the PyTorch
deep learning framework. A two-stage optimization strategy,
integrating global and local optimization, is applied during
training. Initially, the Adam optimizer is employed for a predefined
number of iterations to update the network weights and biases,
while simultaneously adjusting the weights of each loss term. In
the subsequent stage, the loss weights are fixed, and the network
parameters are further optimized using the second-order L-BFGS
algorithm. The workflow for predicting gas volume fraction,
apparent gas phase velocity, and gas kick rate with the PINN is
presented in Fig. 4.
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The mean relative error (MRE), root mean square error (RMSE),
and mean absolute error (MAE) are used as evaluation metrics for
assessing the prediction accuracy of gas volume fraction, apparent
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Fig. 6. Analysis of pressure prediction errors.
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Table 2
Basic parameters of the simulated well.
Parameter Value Parameter Value
Well depth, m 5000 Surface temperature, C 20
Outer diameter of drill pipe, mm 127 Geothermal gradient, C/m 0.028
Diameter of borehole, mm 215.9 Pump discharge rate, m3[s 0.028
Drilling fluid density, kg/m? 1200 Formation pressure, MPa 62
Drilling fluid viscosity, mPa s 10 Wellhead backpressure, MPa 1
Reservoir permeability, mD 1.5 Skin factor 2
Reservoir thickness, m 10 Reservoir drainage radius, m 120
Near-bit sub depth, m 5000 Drilling fluid system Water-base
Far-bit sub depth, m 4970 Well inclination angle, 0

Fig. 7. Response patterns of annulus pressure and gas kick rate at dual measurement
points during the gas kick process.

Fig. 8. Distribution of training samples (Green indicates spatiotemporal points at the
boundaries; Blue indicates spatiotemporal points within the solution domain).

gas phase velocity, and gas kick rate. For a given true value, smaller
values of these metrics indicate lower prediction errors. It should
be noted that when the true values are small, the MRE may be
disproportionately amplified. In such cases, RMSE and MAE are
considered the primary evaluation indicators.

>

1

~

1

MRE 100%

(51)
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RMSE (52)
1 . ~.

MAE ->7j 7] (53)

o1

where,  is the true value; ~ is the predicted value; is the

number of samples.

4. Results and discussion

[
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Since no gas kick events occurred during the use of the
downhole dual measurement tools, the pressure data at the far-bit
and near-bit positions used to train the PINN were generated by
combining the simulated values from the physical model of
gas-liquid two-phase flow in the wellbore with added noise. After
evaluating the feasibility of the proposed method, it will be inte-
grated with the downhole dual measurement tools. Once a gas
kick occurs, the method can then be used to intelligently predict
parameters such as gas volume fraction, apparent gas phase ve-
locity, and gas kick rate, thereby assisting field personnel in
selecting appropriate well control methods and designing well
control parameters. Before generating the synthetic training data,
it is necessary to validate the accuracy of the physical model of
gas-liquid two-phase flow in the wellbore. In this study, the ac-
curacy and reliability of the physical model were verified using
two types of experimental data, namely the laboratory-scale data
presented by Yang et al. (2019) and the full-scale experimental
well data presented by Lopes (1997), respectively. The verification
results based on the full-scale experimental well data are provided
in Appendix D. The laboratory experiment simulated the variation
of annulus pressure during the gas kick process using a vertical
coaxial annular pipe. The pipe had a length of 27 m, with the outer
pipe having an inner diameter of 221.0 mm and the inner pipe
having an outer diameter of 127.0 mm. Clear water was used as the
liquid phase with a flow rate of 0.005 m?/s. Air was used as the gas
phase medium. When steady-state gas-liquid two-phase flow was
established in the annulus, the gas flow rate was 0.003 m>/s.

Fig. 5 presents the time-dependent curves of simulated and
measured pressures at a location 5 m above the bottom of the
annular pipe. During the initial gas injection phase, the gas front



had not yet reached the measurement point. As a result, the fluid
density above the measurement point remained constant. How-
ever, gas injection increased the fluid velocity and the frictional
pressure loss, leading to a rise in pressure at the measurement
location. Once the gas front arrived at the measurement point, the
fluid density above the point began to decrease, causing a

subsequent drop in pressure. When the annulus became fully
charged with gas and the gas injection rate at the bottom stabi-
lized, the gas-liquid two-phase flow reached a steady-state con-
dition, and the preastmmt.at

pre-d
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Fig. 11. Comparison of simulated and predicted gas volume fraction: (a) simulated value; (b) predicted value; (c) prediction results at the double measurement points; (d)

absolute error.

pressure prediction error at any given time point is less than 10%,
indicating that the physical model of gas-liquid two-phase flow in
the wellbore established in this study can accurately characterize
the flow behavior of each phase following a gas kick. However, it is
also observed that at a few specific time points, the pressure
prediction error approaches 10%, which primarily arises from nu-
merical fluctuations caused by measurement noise during the
experiment.
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The input data used to generate the simulated pressure values
at the dual measurement points, as well as the gas volume fraction
and apparent gas phase velocity between the two points, are
summarized in Table 2. The well has a total depth of 5000 m, and
the distance between the far-bit and near-bit measurement subs is
30 m.

Fig. 7 illustrates the time-dependent responses of annulus
pressure at the dual measurement points and the bottomhole gas
kick rate during the gas kick process in the simulated well, after
the gas front passed the far-bit measurement point. It can be
observed that the annulus pressure at both measurement points
gradually decreases over time, while the bottomhole gas kick rate
increases progressively. This behavior is primarily attributed to the
reduction in the overall fluid density in the annulus caused by the
influx of formation gas, which leads to a decrease in annulus
pressure. The declining annulus pressure results in an increased
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pressure differential at the bottomhole, thereby accelerating the
gas kick rate. As the gas kick rate increases, the fluid density in the
annulus continues to decrease, further accelerating the rate of
pressure decline. The temporal variations of gas volume fraction
and apparent gas phase velocity exhibit similar trends to that of
the gas kick rate. Therefore, the dynamic changes in annulus
pressure at the dual measurement points are closely related to the
gas volume fraction, apparent gas phase velocity, and gas kick rate.
These parameters can thus be inferred from the annulus pressure
data collected at the dual measurement points.

The maximum measurement noise of the pressure sensors was
assumed to follow a uniform distribution */ ( 0.20, 0.20) MPa.
The temporal domain was defined as [0 s, 2400 s], and the axial
spatial domain as [4970 m, 5000 m], with a time step of 60 s and a
spatial step of 5 m. As a result, a total of 195 spatiotemporal sample
points were selected for fitting the mass conservation and mo-
mentum conservation equations. In addition, 82 boundary condi-
tion samples were used to fit the annulus pressure at the dual
measurement points. The distribution of the training samples is
shown in Fig. 8.

1 4 ’ ’ [
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During the training of the PINN, the Tanh function, commonly
used in PINN studies, was employed as the activation function. The
batch size was set to 16, withx ~ 0.001,a 0.12,A; 12,708, and
As  300. The initial weights for Networks A to D were initialized



Fig.12. Comparison of simulated and predicted apparent gas phase velocity: (a) simulated value; (b) predicted value; (c) prediction results at the double measurement points; (d)

absolute error.

Fig. 13. Comparison of simulated and gas kick

using the Kaiming method, and all biases were set to zero. The
weights of all loss terms were initialized to 1. Each of Networks A
to D had two input nodes and one output node. The initial learning
rate, the number of hidden layers, the number of nodes per hidden
layer, and the number of iterations for the Adam and L-BFGS op-
timizers were identified as hyperparameters that could
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significantly affect the performance of the PINN. The measurement
errors of the pressure sensors at the dual measurement points
were assumed to follow a uniform distribution ¢ ( 0.05, 0.05)
MPa. Using the MRE of the bottomhole gas kick rate prediction as
the evaluation metric, a controlled variable method was applied to
optimize the hyperparameters. The optimization results are
shown in Fig. 9. Considering both the accuracy of the quantitative
interpretation of the gas kick and computational cost, the final
hyperparameter settings were determined as follows: an initial
learning rate of 0.001, three hidden layers for Networks A to D,
eight nodes per hidden layer, and 200 and 300 iterations for the
Adam and L-BFGS algorithms, respectively.
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The measurement errors of ‘{he pressure sensors at the dual
measurement points were assumed to follow a uniform distribu-
tion */ ( 0.05, 0.05) MPa. The neural network structure opti-
mized in Section 4.3 was applied to predict key parameters during
the gas kick process in the simulated well, including gas volume
fraction, apparent gas phase velocity, and gas kick rate. Fig. 10 il-
lustrates the variation of each loss term (Fig. 10(a)) and the total
loss (Fig. 10(b)) during the training of the PINN. In the early
training stage, the Adam optimization algorithm adaptively
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Fig. 14. Results of PINN interpretability analysis: (a) the residuals of the mass conservation equation; (b) the residuals of the momentum conservation equation; (c¢) prediction
results for the far-bit annulus pressure; (d) prediction results for the near-bit annulus pressure.

adjusted the learning rate, enabling rapid convergence across a
large parameter space. In the later stage, the L-BFGS optimization
algorithm utilized second-order information to further accelerate
convergence and approach the optimal solution. After 500 itera-
tions, the total loss converged to 0.21.

Figs. 11 and 12 present comparisons between the simulated
values and the predicted values for gas volume fraction and
apparent gas phase velocity within the solution domain, respec-
tively. Overall, the predicted values show a high degree of agree-
ment with the simulated values. The MRE, RMSE, and MAE for the
gas volume fraction predictions are 8.49%, 0.199%, and 0.197%,
respectively. For the apparent gas phase velocity predictions, the
corresponding values are 9.07%, 0.0035 m/s, and 0.0034 m/s. All
MRE values are below 10%, indicating that the method can quan-
titatively interpret the fluid flow behavior between the dual
measurement points during the gas kick based on annulus pres-
sure data. Additionally, as shown in Figs. 11(d) and 12(d), the
prediction errors for both gas volume fraction and apparent gas
phase velocity at a given depth decrease over time. This trend is
primarily due to the gradual increase in gas volume fraction over
time. Specifically, during the early stage when the gas volume
fraction is low, the gas contribution to annulus pressure at the dual
measurement points is minimal, resulting in relatively stable
pressure changes and larger prediction errors. As the gas volume
fraction increases, its influence on the annulus pressure becomes
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more pronounced. This allows the PINN to better capture the
relationship between gas volume fraction, apparent gas phase
velocity, and annulus pressure, leading to a reduction in prediction
error over time.

Fig. 13 shows the comparison between the simulated values
and the predicted values for the bottomhole gas kick rate during
the gas kick process. It can be observed that the relative error of
the predicted gas kick rate at each time point remains below 10%.
The MRE, RMSE, and MAE are 3.76%, 0.0113 m>/s, and 0.0106 m?/s,
respectively, indicating that the method accurately predicts the
bottomhole gas kick rate. According to Eq. (10), the bottomhole gas
kick rate is a nonlinear function of parameters such as bottomhole
pressure and formation pressure. Based on the predicted gas kick
rate and the measured near-bit pressure, the formation pressure
can be predicted. This approach addresses the issue of prolonged
shut-in pressure buildup times. The detailed method is provided in
Appendix E.

Traditional purely data-driven neural networks typically func-
tion as black boxes with limited interpretability. In contrast, the
neural network model trained using the PINN approach operates
similarly to conventional PDE solvers, such as finite difference
methods. At each spatiotemporal point within the solution
domain, the model satisfies the mass and momentum conserva-
tion equations (Egs. (31-33)) and adheres to boundary constraints
at the near-bit and far-bit positions (Egs. (34) and (35)), as



illustrated in Fig. 14. As shown in Fig. 14(a) and (b), the mass
conservation res
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the dual measurement points is relatively low during this period.
In addition, larger momentum conservation residuals are observed
near the upper and lower boundaries. This is attributed to two
factors. First, fewer spatiotemporal points are distributed near the
boundaries, resulting in insufficient training in these regions.
Second, the network must satisfy both the governing equations
and the boundary conditions near the boundaries, leading to a
degree of competition that increases the residuals. Further anal-
ysis of boundary pressure prediction errors shows a high level of
agreement between the predicted and simulated pressure values.
For the near-bit annulus pressure (Fig. 14(d)), the MRE, RMSE, and
MAE are 0.171%, 0.108 MPa, and 0.102 MPa, respectively. For the
far-bit annulus pressure (Fig. 14(c)), the corresponding values are
0.167%, 0.107 MPa, and 0.099 MPa. In summary, the governing
equation residuals within the solution domain and the boundary
condition prediction errors meet the requirements for practical
engineering applications. The trained PINN can be regarded as an
approximate solver for the physical model of gas-liquid two-phase
flow in the wellbore, ensuring that the relationship between in-
puts and outputs remains consistent with the underlying physical
constraints.
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The UKF (Xiong et Zl., 2006; Nikoofard et al., 2015) and the GA
(Reeves and Rowe, 2002; Wang et al., 2023a) have been widely
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applied for predicting wellbore fluid flow behavior. The underlying
principles of these methods are not elaborated here. When
applying the UKF and GA for the quantitative interpretation of gas
kick, only the bottomhole gas kick rate at each time step is treated
as the variable to be determined. The gas volume fraction and
apparent gas phase velocity can then be directly calculated using
the predicted gas kick rate and the real-time annulus pressure
measurements from the dual measurement points, in combination
with the physical model of gas-liquid two-phase flow in the
wellbore and the finite difference method. In this study, for the
UKEF, the state variable is the gas kick rate, and the observation
variable is the real-time annulus pressure measured at the dual
measurement points. The state variable () and the observation
variable ( ,) are defined as follows: °

Qs (54)

Mg 2t (55)

For the GA, the variable to be optimized is the gas kick rate. The
objective of the optimization is to minimize the difference be-
tween the calculated and measured annulus pressures at the dual
measurement points for the current gas kick rate. Accordingly, the
objective function for estimating the gas kick rate using the GA is
defined as:

"(Qer ) [M(Qep ™) g 1 [1(Qep ™2) 2t )2
max(0, Qg ) ’ ’
(56)

where, 1(Qg ;™) and r(Qg ;™) are the calculated annulus
pressures at the far-bit and near-bit positions at timet, respec-
tively, MPa;  is the physical model of gas-liquid two-phase
flow in the wellbore.

Considering that drilling operations are conducted under
complex geological conditions, factors such as severe bit vibration
and drill string rotation may affect the accuracy of pressure sensor
measurements. The annulus pressure measurements at the far-bit
and near-bit positions serve as critical constraints for estimating
gas volume fraction, gas velocity, and gas kick rate. To address this,
different levels of measurement errors were assigned to the
annulus pressure readings at the far-bit and near-bit positions
based on the measurement accuracy of the downhole dual mea-
surement tool. For each error condition, five repeated trials were



conducted and the average values were used for comparative
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and the GA were ava uate ese varyl g error conditions
For the UKEF, the standard deviation of the system noise corre-
sponding to the state variable was set to 0.0002, and that for the
observation variable was set to 0.0005. For the GA, the population
size was set to 500, the maximum number of generations was 80,
the crossover probability was 0.9, and the mutation probability
was 0.1.

Fig. 15 presents the results obtained by the three methods
under different error conditions. As the pressure sensor mea-
surement error increases from 0 MPa to ! ( 0.20, 0.20) MPa, the
prediction accuracy for gas volume fraction, apparent gas phase
velocity, and gas kick rate shows a declining trend across all three
methods. This is primarily because the annulus pressure at the
dual measurement points directly reflects the fluid flow behavior.
As the measurement error increases, the relationship between the
annulus pressure and the fluid flow behavior becomes increasingly
obscure, reducing the accuracy of predictions for gas volume
fraction, apparent gas phase velocity, and gas kick rate. It is also
observed that when the measurement error is 0 MPa, the GA
achieves the best performance, with MRE values for all three pa-
rameters below 5%. However, under all other error conditions, the
PINN consistently outperforms both the UKF and the GA in pre-
diction accuracy.

Fig. 16 illustrates the gas kick rate prediction results for the
tpree methods under measurement error conditions of 0 MPa and
Y ( 0.05, 0.05) MPa. When noise is added to the pressure data,
the prediction results from the UKF and the GA become noticeably
divergent. In contrast, the PINN accurately captures the temporal
variation of the gas kick rate. This is mainly because the UKF and
GA tend to rely heavily on pressure measurements, making their
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model of gas-liquid two-phase flow in the wellbore. It also
addresses the challenges posed by the scarcity of gas kick
data samples, which typically result in low robustness and
weak interpretability in purely data-driven neural network
models. Within the solution domain, the residuals of the
mass conservation equation are on the order of 10 °, and
those of the momentum conservation equation are on the
order of 10 3, allowing the trained model to function as an
approximate solver for the physical model of gas-liquid
two-phase flow in the wellbore.

(2) Compared to finite difference simulation results, the mean

relative errors for gas volume fraction, apparent gas phase
velocity, and gas kick rate between the dual measurement
points are all maintained below 10%, meeting practical en-
gineering requirements. In addition, the proposed method
demonstrates higher prediction accuracy and stability than
the UKF and GA, benefiting from its global optimization
strategy. Once a gas kick occurs, the method, combined with
the downhole dual measurement tools, can provide essen-
tial parameter guidance for blowout risk assessment, the
selection of well control methods, and the design of well
control parameters.

(3) At present, the proposed method is applicable only to drilling

CR

operations using water-based mud. In the future, efforts will
be made to extend the method to oil-based mud systems,
where gas dissolution in the oil-based mud will be a primary
factor to consider. In addition, gas kick simulation experi-
ments based on downhole dual-measurement tools will be
conducted, and high-temperature and high-pressure well
data will be used to further verify the feasibility of the pro-
posed method.
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observed that both curves exhibit a consistent overall fluctuation
trend with a high degree of numerical agreement, indicating that
the model can reasonably reproduce the pressure variation char-
acteristics during the gas kick process. In addition, a slight oscil-
lation in the measured pressure is observed between 15 and
45 min, which is mainly attributed to the pump rate instability
during that period. Furthermore, the pressure prediction error
distribution shown in Fig. A-5 demonstrates that
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