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a b s t r a c t

Accurate real-time estimation of pore pressure (Pp) is essential in high-temperature and high-pressure 
(HTHP) wells to prevent blowouts and lost circulation, given the complexity of their pressure regimes. 
However, conventional methods are inadequate: seismic-based and logging-based models are hindered 
by geological uncertainties, the dc-index principle is incompatible with PDC bits, and reliable while-
drilling acoustic measurements remain prohibitively expensive. To overcome existing limitations, a 
surface-based and real-time Pp estimation framework is proposed, in which a direct Pp equation is 
derived by integrating an approximation using friction-corrected mechanical specific energy as the 
confined compressive strength (CCS) into the Mohr-Coulomb failure criterion. To ensure high-fidelity 
inputs for this equation, ridge regression is employed to invert rock strength parameters from drilling 
data, while a transient thermo-hydraulic model accurately calculates dynamic downhole pressure 
instead of relying on the static assumption. Validation on five HTHP wells in the Ying-Qiong Basin 
demonstrates that after accounting for thermo-pressure coupling, the method reduces the mean ab-
solute error (MAE) in Pp equivalent density by 0.085 g/cm 3 compared to the hydrostatic assumption. 
Furthermore, the proposed method achieves an MAE of 4.12%, outperforming the dc-index method, 
which achieves an MAE of 5.78%. Notably, the new method is more stable, with its prediction error 
envelope remaining within ±5%, whereas the dc-indexʼs error extends to ±10%. Given its theoretical 
compatibility with modern PDC bits and its demonstrated high accuracy, this surface-based and real-
time scheme has the potential to overcome the conventional limitations of Pp estimation from sur-
face data, providing a robust safeguard for well control in HTHP environments.
© 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

High-temperature and high-pressure (HTHP) wells are char-
acterized by prolonged operational cycles, high drilling costs, and 
elevated risk (Dabiri et al., 2025; Qin et al., 2023). In addition,

formations encountered during drilling commonly exhibit com-
plex and heterogeneous pressure regimes (Chen et al., 2025). Pre-
drilling pore pressure (Pp) forecasts rely on manually interpreted 
seismic velocities and geological conditions; their accuracy is 
limited by acquisition errors and subsurface heterogeneity, 
resulting in large prediction uncertainties that hinder effective 
drilling design (Li et al., 2019). The risk is particularly pronounced 
in exploratory wells, where the absence of historical data makes 
them susceptible to kicks and blowouts during drilling (Ehsan 
et al., 2025). Real-time formation-pressure monitoring, which es-
timates bottom-hole Pp from drilling data, is therefore
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fundamental to safe and efficient operations, guiding mud-weight 
selection and accident prevention (Yang et al., 2005, 2025).

Three principal approaches are available for Pp estimation: log-
based, drilling-performance-based, and seismic-based methods. 
Hottmann and Johnson (1965) introduced the first log-based 
technique, Jorden and Shirley (1966) proposed a drilling-
performance-based method, and Pennebaker (1968) presented a 
seismic-based method, which together form the foundation of 
modern Pp prediction. Among them, drilling-performance-based 
estimating relies chiefly on empirical models developed for ro-
tary drilling. Building on the Bingham equation and assuming 
constant drilling conditions in shale formations, Jorden and Shirley 
(1966) developed the first rate of penetration (ROP) model, 
elucidating the relationship between ROP and differential pres-
sure. Their empirical approximations indicated a clear correlation 
between the model coefficient and differential pressure when 
parameters other than ROP, weight-on-bit (WOB), and bit type 
remain constant. On the basis of these findings and the d-expo-
nent, they suggested that once the approximate depth of an 
overpressured zone is known, the d-exponent curve can delineate 
its top boundary with high accuracy. The d-exponent method, 
however, requires a constant mud weight—a condition rarely met 
in practice. Increasing mud density within the pressure-transition 
zone exacerbates the chip-hold-down effect, reduces the ROP, and 
inflates the d-exponent, thereby distorting the diagnostic trend 
(Erivwo and Makis, 2021). To mitigate mud-weight effects, Rehm 

and McClendon (1971) introduced a corrected d-exponent, now 

widely known as the dc-index. In normally compacted strata, dc-
index cluster along a baseline trend, whereas overpressured in-
tervals deviate leftward; the magnitude of deviation is used to 
infer pressure variations. Nevertheless, because the dc-index is 
grounded in shale compaction laws and closely linked to frame-
work strength, lithological changes alter that strength and, 
consequently, the dc-index. Moreover, variations in mud weight, 
annular pressure losses, and cuttings concentration during drilling 
continually modify bottom-hole differential pressure, further 
perturbing the dc-index. Additionally, the dc-index is derived from 

roller-cone bit equations and is therefore more applicable to such 
bits; modern PDC bits break rock via a markedly different mech-
anism, potentially biasing dc-based diagnostics. During the 
ensuing decades, researchers attempted to refine the dc approach; 
for example, Solano et al. (2007) in Colombia and Shajari (2013) in 
Iran incorporated local effective-stress-d-exponent correlations to 
stabilize the normal compaction trend and reduce subjectivity. 
Nevertheless, the intrinsic limitations remain unresolved, and the 
development of real-time drilling-data-based Pp estimation has 
largely stagnated (Erivwo and Makis, 2021).

Because overpressured formations possess lower effective stress 
and thus require less energy for rock failure, several scholars intro-
duced mechanical specific energy (MSE) as a diagnostic for Pp. Rivas 
Cardona (2011) incorporated MSE into the Eaton equation, trans-
lating log data into drilling metrics for real-time Pp estimation and 
proposing a novel methodology. Majidi et al. (2017) combined MSE 
with drilling efficiency (DE) to predict Pp. Results from Gulf of 
Mexico deep-water wells aligned with sonic-log data and out-
performed the classical dc-index. Rashidi and Asadi (2018) 
employed MSE and DE as inputs to an artificial neural network, 
obtaining Pp estimates consistent with sonic logs and confirming 
that these parameters capture Pp variations. Oloruntobi et al. (2018) 
proposed a hydro-rotary specific energy approach; field tests in 
Nigeriaʼs Niger Delta marshes yielded magnitudes and trends 
consistent with measurements, demonstrating that coupling system 

energy with rock-breakage energy is effective for surface Pp moni-
toring. Chen et al. (2024) combined MSE with the DE technique and 
applied it in the Ying-Qiong Basin, showing high correspondence

between monitored and measured pressures. Despite the promising 
performance of combined MSE and DE diagnostics, several short-
comings persist in practical applications. First, previous studies did 
not rigorously select an MSE model; the resulting MSE values cannot 
approximate the rockʼs confined compressive strength (CCS) 
without additional DE corrections. Second, bottom-hole unconfined 
compressive strength (UCS) and internal friction angle (IFA) were 
fitted with simple power relationships to ROP, yielding imprecise 
estimates and potential bias. Finally, as exploration advances into 
deep water and deep formations, high-yield HTHP reservoirs are 
increasingly common. In such wells, mud properties vary signifi-
cantly with temperature, and annular pressure losses and cuttings 
loading alter bottom-hole pressure (BHP), which can no longer be 
equated to the hydrostatic pressure.

To address these deficiencies, the present study develops a 
surface-based real-time HTHP Pp estimation method that integrates 
MSE with rock-failure criteria. The flowchart of the proposed 
method is shown in Fig. 1. An MSE model that accurately represents 
CCS is first selected, obviating the need for supplementary DE cor-
rections. Ridge regression is employed to invert bottom-hole rock 
parameters in real time, thereby reducing process errors. A transient 
thermo-pressure coupled solid–liquid two-phase flow model for 
HTHP wells is then constructed, enabling real-time BHP calculation 
from surface data and improving differential-pressure accuracy. The 
method is validated with field data from multiple HTHP wells in the 
South China Seaʼs Ying-Qiong Basin, demonstrating reliable and 
stable performance and offering the potential to enhance drilling 
safety while reducing costs.

2. New method for Pp estimation in HTHP wells

2.1. Analysis of bottom-hole rock stress state under the Mohr-
Coulomb failure criterion

The Mohr-Coulomb criterion is a classical theory for describing 
shear failure and is widely employed in rock mechanics and 
geotechnical engineering. Its fundamental form is

τ = c + σtanϕ (1)

where τ is the shear stress on the failure plane, c is the rock 
cohesion, σ is the normal stress, and ϕ is the IFA.

In principal-stress space, the Mohr circle represents the stress 
state defined by the maximum principal stress σ 1 and the mini-
mum principal stress σ 3 . Its center and radius are:

r 1= 
σ 1 + σ 3

2
(2)

r 2= 
σ 1 − σ 3

2
(3)

Rock reaches imminent failure when the Mohr circle is 
tangent to the failure envelope (1). Under uniaxial compression 
(σ 3 = 0), the unconfined compressive strength (UCS, σ c ) is ob-
tained as:

σ c = 
2ccosϕ
1 − sinϕ

(4)

For triaxial compression (σ 3 ∕=0), combining Eqs. (1) and (4) 
yields the maximum principal stress at failure:

σ 1 = σ 3
1 + sinϕ
1 − sinϕ

+ σ c (5)

Eq. (5) indicates that, under triaxial conditions, rock strength is 
controlled by both UCS and the IFA.
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At the bit, especially beneath the cutting elements, the 
confining stress σ 3 is generally treated as the differential pressure 
Δp between BHP and Pp (Liu et al., 2023). A decrease in Δp often 
enhances DE, a trend confirmed by underbalanced-drilling field 
observations: either encountering high Pp or keeping ECD below 

Pp can accelerate penetration (Caicedo et al., 2005). Accordingly, σ 3 
may be replaced by Δp. Substituting CCS for σ 1 and UCS for σ c 
yields the bottom-hole failure condition:

CCS = UCS + Δp
1 + sinϕ
1 − sinϕ

(6) 

Rearranging Eq. (6) expresses the Pp as:

p p = p w − (CCS − UCS) 
(
1 − sinϕ
1 + sinϕ

) 

(7)

where p w is the BHP, and Δp is the difference between the BHP and 
the Pp.

2.2. Development of MSE model and characterization of bottom-
hole rock strength

MSE, defined as the work done by the drilling system per unit 
rock volume excavated, is an indicator of mechanical efficiency. 
Teale (1965) showed that the minimum MSE correlates strongly 
with triaxial compressive strength, so that at high efficiency, MSE 
can be approximated as CCS. His original expression is:

MSE =
WOB 

A b
+ 
120πRT
A b ROP

(8)

where WOB is weight on bits of surface measurement, lbf; A b is bit 
area, in 2 ; R is bit rotating speed, rpm; T is torque, ft-lbs; ROP is rate 
of penetration, ft/h.

Considerable energy dissipates before reaching the bit, so field 
measured MSE is usually much higher than CCS. Accounting for

frictional and mechanical losses, Dupriest and Koederitz (2005) 
assumed a bit peak efficiency of 30%–40% and fixed it at 0.35, 
giving:

MSE = 0:35 
(
WOB 

A b
+ 
120πRT
A b ROP

) 

(9)

Chen et al. (2014) refined the equation using relationships 
among MSE, CCS, drilling parameters, and ROP. The surface 
calculated MSE aligns closely with log derived CCS and exhibits
minimal variance, permitting MSE to be treated as CCS:

MSE = E m WOB b 

(
1
A b

+ 
13:33μ b R
D b ROP

) 

(10)

WOB b = WOB⋅e − μγ b (11)

where, E m is mechanical efficiency of new bit, dimensionless; μ b is 
bit-specific coefficient of sliding friction, dimensionless; D b is bit 
diameter, in; μ is coefficient of friction of drill string, dimension-
less; γ b is inclination of the bottom hole, rad.

Earlier studies frequently introduced DE to correct unstable 
MSE values, defined as:

DE =
CCS
MSE

(12)

However, this approach complicates operations and requires 
CCS, which is not readily available at surface. With Chenʼs model, 
MSE can be approximated as CCS. Thus, the pore-pressure equa-
tion becomes:

p p = p w − (MSE − UCS) 
(
1 − sinϕ
1 + sinϕ

) 

(13)

By performing a first-order approximation on the aforemen-
tioned formula, the uncertainty propagation law of each param-
eter is as follows:
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Fig. 1. Flowchart of the surface-based real-time HTHP Pp estimation method integrating MSE and rock-failure criteria.
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δp p ≈ δp w + r(ϕ)(δUCS − δMSE) + (MSE − UCS)
∂r
∂ϕ 

δϕ (14)

where δPp, δP w , δUCS, δMSE and δϕ are the uncertainties of each 
parameter; r(ϕ) is a function determined by the IFA, r(ϕ) = 1− sinϕ 

1+sinϕ ,

which reflects the influence of the IFA on uncertainty propagation;
∂r
∂ϕ is the partial derivative of the function r(ϕ) with respect to ϕ, 
used to describe how the uncertainty δϕ of the IFA affects the 
uncertainty of Pp through the variation of r(ϕ). Three conclusions 
can be drawn from Eq. (14): The errors of UCS and MSE linearly 
affect the Pp with opposite signs; The uncertainty of IFA only acts 
through r(ϕ) and is scaled by (MSE− UCS); The error in BHP is 
directly propagated to the final Pp result.

2.3. Real-time inversion method for bottom-hole rock mechanical 
parameters based on ridge regression

Numerous ROP models—e.g., the Warren model and its 
modification, the Cunningham model, and the Renzo-Cesaroni 
model—contain a UCS term, allowing UCS back-calculation 
from mud-logging data (Hossain and Al-Majed, 2015). Yet their 
accuracy is strongly condition-dependent, and they may be un-
suitable for the Ying-Qiong Basin. Furthermore, no empirical 
formula exists to estimate the IFA from surface data; traditionally 
IFA is derived from post-drilling sonic logs. Recently, Zhang et al. 
(2025) showed that mud logging data can predict UCS and IFA in 
real time, with mean absolute percentage errors below 0.71% and 
2% in two wells. To ensure interpretability, this study employs 
ridge regression for online inversion of UCS and IFA during Ying-
Qiong Basin drilling. Ridge regression adds an L2 penalty to the 
least-squares loss to alleviate multicollinearity and over-fitting; it 
is a variant of generalized linear models (Carneiro et al., 2022). 
The loss function is:

L(ξ) = 
∑ n

i=1

(y i − X i ξ) 
2 + λ 

∑ p

j=1

ξ 2j (15)

where λ is the regularization (penalty) parameter that sets the 
strength of penalization; ξ is the coefficient vector of the model;
λ 
∑p

j=1 ξ 2j is the L2 norm (sum of squared coefficients).

The penalty limits coefficient magnitude, preventing excessive 
complexity and over-fitting. Adjusting λ balances fit quality and 
model simplicity. The optimization goal is:

min
ξ

⎛

⎝
∑ n

i=1

(y i − X i ξ) 
2 
+ λ 
∑ p

j=1

ξ 2j

⎞

⎠ (16)

The solution is obtained via the normal equation:

ξ = 
( 
X T X + λI 

) − 1 
X T y (17)

This closed-form expression allows direct computation of ξ, 
obviating back-propagation.

2.4. Development of transient thermo-pressure coupled solid-
liquid two-phase flow model for HTHP wells

Because BHP in HTHP wells cannot be simplified to a static mud 
column, we construct a coupled temperature-pressure solid–liquid 
two-phase-flow model to predict it accurately, subject to the 
following assumptions.

(1) The wellbore annulus contains a cuttings-mud solid–liquid 
two-phase flow.

(2) Flow is one-dimensional along depth.
(3) Solid and liquid phases share identical temperature and 

pressure at any given depth.

It is important to note that these assumptions are valid for 
conventional drilling operations. However, in the event of complex 
downhole conditions such as gas influx or severe circulation loss, 
the wellbore fluid transitions to a three-phase (gas–liquid–solid) 
flow regime. The current model is not designed to capture these 
physics and would therefore be inapplicable under such scenarios.

The flow laws of solid–liquid two-phase flow in the wellbore 
can be described by mass conservation, momentum conservation, 
and energy conservation. For the annular micro-control volume 
shown in Fig. 2, the continuity equations for the solid and liquid 
phases can be expressed as follows:

∂
∂t 

(ρ s α s A) +
∂
∂z 

(ρ s α s v s A) = q s (18)

∂
∂t 

(ρ l α l A) +
∂
∂z 

(ρ l α l v l A) = 0 (19)

According to the law of momentum conservation, the mo-
mentum equations for the solid–liquid two-phase can be obtained 
as:

∂
∂t 

(ρ s α s v s A + ρ l α l v lA) + 
∂ 
∂z

( 
ρ s α sv 

2
sA + ρ l α l v 

2
l A 
) 
+ (ρ s α s

+ ρ l α l)gsin(θ)A + 
∂ 
∂z

(pA) + A 
∂p f 
∂z

= q s (20)

where, ρ s and ρ l are the solid and liquid densities, respectively, g/ 
cm 3 ; α s and α l are the solid and liquid volume fractions, respec-
tively, dimensionless; A is the annular cross-sectional area of the 
wellbore, m 2 ; v s and v l are the solid and liquid velocities, respec-
tively, m/s; q s is the rate of cuttings generation per unit thickness, 
kg/(s⋅m); g is the gravitational acceleration, taken as 9.81 m/s 2 ; θ is 
the angle between the wellbore direction and the horizontal, rad; p

Sea
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Fig. 2. Schematic of the wellbore heat transfer system and two-phase flow control 
volume.
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is the pressure, Pa; p f is the frictional pressure loss along the 
annulus, Pa.

The entire circulation process of the drilling fluid in the well-
bore can be regarded as a heat exchanger with specific boundary 
conditions. The wellbore-formation heat transfer system can be 
radially divided into five regions, namely the fluid inside the drill 
string, the drill string wall, the annulus fluid, the wellbore wall 
(including riser, casing and open hole), and the formation. There-
fore, an energy equation is respectively established for each region.

Drill string internal fluid:

πd p i U ap 
[ 
T a − T p 

] 
− ρ p q p C p

∂T p
∂z

+ Q cp =
πd 2p i
4 

ρ p C p
∂T p
∂t

(21) 

Annulus fluid in seawater section:

πd ri U sa [T s − T a ] − πd pi U ap 
[ 
T a − T p 

] 
+ ρ a q a C a 

∂T a
∂z

+ Q p = 
π 
( 
d2ri − d 2po

)

4 
ρ a C a

∂T a
∂t

(22) 

Annulus fluid in rock section:

πd w h f 
[ 
T f − T a 

] 
− πd pi U ap 

[ 
T a − T p 

] 
+ ρ a q a C a 

∂T a
∂z

+ Q a = 
π 
(
d 2w − d 2po

)

4 
ρ a C a

∂T a
∂t

(23) 

Seawater section formation:

ρ sa C s
∂T s
∂t 

= λ s
∂ 2 T s
∂z 2

+ λ s
∂ 2 T s
∂r 2

+ 
λ s 
r

∂T s
∂r

(24) 

Rock section formation:

ρ f C f
∂T f
∂t

= λ f
∂ 2 T f
∂z 2

+ λ f
∂ 2 T f
∂r 2

+ 
λ f 
r

∂T f
∂r

(25) 

d pi , d po , d ri , and d w are the inner diameter of the drill pipe,
outer diameter of the drill pipe, inner diameter of the riser, and
inner diameter of the casing, respectively, m; U ap and U sa are
the total heat transfer coefficients between the annular fluid
and drill pipe inner fluid, and between seawater and annular
fluid, respectively, W/(m 2 ⋅ ◦ C); T p , T a , T s , and T f are the temper-
atures of the drill pipe inner fluid, annular fluid, seawater, and
formation rock, respectively, ◦ C; ρ p , ρ a , and ρ sa are the densities
of the drill pipe inner fluid, annular fluid, and seawater,
respectively, g/cm 3 ; q p and q a are the flow rates of the fluid
inside the drill pipe and annular fluid, respectively, L/s; C p , C a ,
C s , and C f are the specific heats of the drill pipe inner fluid,
annular fluid, seawater, and formation rock, respectively, J/
(kg⋅ ◦ C); Q p and Q a are the viscous friction power of the fluid
inside the drill pipe and annular fluid, respectively, W/m; h f is 
the convective heat transfer coefficient, W/(m 2 ⋅ ◦ C); λ s and λ f are 
the thermal conductivities of seawater and formation rock, 
respectively, W/(m 2 ⋅ ◦ C); z is the axial coordinate, m; r is the 
longitudinal coordinate, m.

The mass conservation, momentum conservation, and energy 
conservation equations can describe the fundamental laws gov-
erning the fluid flow rate, wellbore pressure, and temperature 
changes with time and well depth for solid–liquid two-phase flow 

during drilling. However, multiple key parameters cannot be 
solved using only the above equations, thus it is necessary to 
introduce auxiliary equations:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

α s + α l = 1

v s = a 0 v ef − v sr

v sr = 0:223 
e 5:03χ μ m

ρ m d s
sin(θ)

⎡

⎣

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ 

1 + 0:399g
(ρ s − ρ m )ρ md 3 s

e 5:03χ μ2m

√ 

− 1

⎤

⎦

∂p f 
∂z

= 
2fρ ml v ml 2

D

1
̅̅̅ 
f

√ = − 4log 

(

0:269 
ε 
D
+ 
1:255
Re

̅̅̅
f

√ 

)

(26)

where, a 0 is the solid phase distribution coefficient, dimension-
less; v ef is the effective return velocity, m/s; v sr is the solid phase
settling velocity, m/s; χ is the particle sphericity, dimensionless;
μ m is the plastic viscosity of the liquid phase around particles, 
mPa⋅s; ρ m is the density of the liquid phase around particles, kg/ 
m 3 ; d s is the particle diameter, m; f is the Fanning friction factor, 
dimensionless; ρ ml is the density of the liquid–solid mixture, kg/ 
m 3 ; v ml is the velocity of annulus fluid, m/s; D is the equivalent 
diameter, m; ε is the hydraulic roughness of circular tube, m; Re is
the Reynolds number, dimensionless.

The pressure equation is discretised with a four-point explicit 
upwind scheme, whereas the temperature equation adopts an 
unconditionally stable fully implicit Crank-Nicolson scheme. For 
the boundary conditions, the wellhead back pressure remains
constant, and the inlet temperature of the drilling fluid at the drill 
pipe is measurable. The temperatures of the drilling fluid inside
the drill string, at the drill string wall, and in the annulus are equal 
at the bottom hole. The temperature at the outer boundary of the
formation far from the wellbore is set to the original formation
temperature. The distance from the outer boundary of the for-
mation to the wellbore central axis is 3.05 m (Holmes and Swift, 
1970). First-order spatial derivatives use upwind differencing. 
The pressure-equation time derivative employs a four-point cen-
tral scheme, while the temperature equation uses a two-point 
backward difference for the first-order term and a three-point 
central difference for the second-order term. A nested iteration 
converges pressure first, then temperature, to obtain the full 
transient field. Because the model involves many parameters and 
empirical correlations and the present focus is on verifying MSE-
based pore-pressure monitoring, readers are referred to (He, 
2016; Wang et al., 2023; Yang et al., 2019, 2022) for details on 
initial/boundary conditions, discretisation, and solution 
procedures.

This transient model underpins the subsequent real-time 
determination of bottom-hole differential pressure from surface 
data and its coupling with MSE-UCS to compute Pp.

3. Geological characteristics and parameter validation of the 
Ying-Qiong Basin

3.1. Geological setting and parameter characteristics

The validation of the proposed methodology was conducted 
mainly in Blocks M and N of the Ying-Qiong Basin, South China Sea. 
Its structural position and composite stratigraphic column are 
shown in Fig. 3. As the core area for hydrocarbon exploration in the
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western South China Sea, Ying-Qiong Basin is characterized by 
pronounced HTHP conditions: temperatures in some target for-
mations reach 240 ◦ C, pressure coefficients are as high as 2.30, and 
the pressure window is extremely narrow, posing serious chal-
lenges to safe drilling operations (Long et al., 2024; Zhang et al., 
2013). Geological analyses indicate a complex overpressure gene-
sis controlled by multi-phase hydrothermal circulation, diapiric 
tectonism, high-temperature hydrocarbon generation, and 
undercompaction resulting from rapid sedimentation. Three 
drilled-well datasets from Block N and eight drilled-well datasets 
from Block M were selected for analysis. The sonic-density cross-

plot (Fig. 4) indicates that the velocity-density trend in Block N 
suggests a composite mechanism of undercompaction and over-
pressure from hydrocarbon generation, whereas the trend in Block 
M exhibits the classic signature of undercompacted overpressure. 
The sonic-density data for Block N clearly deviates from the 
undercompaction trend line and shifts towards the fluid expansion 
trend line, which effectively supports a composite mechanism 

involving undercompaction and hydrocarbon generation over-
pressure (Guo et al., 2022). For Block M, this finding is consistent 
with its regional depositional history—three major rapid-
sedimentation events, with central-basin rates generally 
exceeding 400 m/Ma and locally reaching 800–1000 m/Ma. This 
evidence confirms that overpressure in Block M is chiefly the 
result of undercompaction loading caused by rapid burial.

Fig. 5 presents the log-and-drilling-parameter response of Well 
A within the study block, illustrating the depth profiles of natural 
gamma ray (GR), interval transit time (DT), rock density (Rock-
Den), bit diameter (D b ), revolutions per minute (RPM), ROP, WOB, 
dc-index (DC), and Pp (obtained by the Eaton method) from 2400 
to 3250 m. The figure displays the typical undercompaction-
induced overpressure response in the Huangliu Formation of 
Well A, while providing direct evidence of the coupling between 
drilling parameters and BHP. The GR curve is high between 2400 
and 3000 m, indicating a clay-rich shale succession; at 3000 m GR 
decreases to 80–110 gAPI and remains low, revealing an over-
pressure window where reduced clay content coincides with local 
pressure release. Consistently, the DT curve increases sharply with 
fluctuations at 3000 m. RockDen generally increases with depth, 
but drops locally where DT spikes, producing a DT-up/RockDen-
down combination—a classic signal of increased pore-fluid pres-
sure and insufficient framework compaction. Step changes in RPM
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at 2575 m and deeper reflect adjustments in bit strategy for harder 
formations. ROP decreases overall with depth, yet at the 3000 m 

pressure step WOB drops slightly while ROP rebounds, indicating a 
reduced bottom-hole differential pressure and a corresponding 
decrease in MSE. The dc-index remains at 0.7–0.9 in normally 
compacted strata, but shifts leftwards to about 0.65 at 3000 m, 
further verifying a drilling-rate response to overpressure. The kink 
in Pp calculated by the Eaton method also occurs at 3000 m, 
coinciding with the log-and-drilling-parameter inflection, thereby 
pinpointing the true pressure step. The synchrony of these mul-
tiple anomalies not only constrains the overpressure window in 
the Huangliu Formation of Well A but also furnishes direct field 
evidence for the subsequent drilling-parameter-based real-time 
pore-pressure monitoring method.

3.2. Model validation for real-time inversion of bottom-hole rock 
mechanical parameters

Conventional approaches that derive UCS from ROP equations 
depend heavily on empirical coefficients, and existing formulas for 
calculating the IFA from mud-logging data remain inadequate. 
Considering the high-dimensional correlation and overfitting risk 
of drilling data, ridge regression is selected as the regularization 
method. To overcome these limitations, ridge-regression algo-
rithms were applied to historical drilling data from the Ying-Qiong 
Basin to develop machine-learning models capable of predicting 
UCS and the internal-friction angle in real time during drilling. The 
dataset was randomly divided into training, validation, and test 
sets in a 6:2:2 ratio to enable rigorous model assessment (Radwan 
et al., 2022). The ridge-regression models predicting UCS and the 
internal-friction angle used drilling parameters—WOB, RPM, D b , 
and ROP—as input features. Figs. 6 and 7 illustrate the perfor-
mance of the UCS and IFA models. High coefficients of determi-
nation were observed in both the validation set (R 2 = 0.971 for UCS 
and 0.969 for IFA) and the test set (R 2 = 0.966 for UCS and 0.964 for

IFA), attesting to their excellent predictive capability. These find-
ings confirm that ridge regression can reliably estimate downhole 
rock-strength properties from surface drilling parameters with 
outstanding generalization and robustness.

To evaluate the effectiveness of the machine-learning 
approach, the ridge-regression model was compared with two 
existing physical models: the Warren model and the Renzo 
Cesaroni model. Fig. 8 visualizes the comparison between pre-
dicted UCS from the three models and the true UCS derived from 

well logs. The comparison shows that, although both physical 
models capture the overall trend of UCS with depth, they exhibit 
significant numerical deviations from the true values. In contrast, 
the ridge-regression model not only fits the trend more closely but 
also matches the true UCS values with higher numerical accuracy 
and convergence. At shallower depths, the physical models are 
relatively consistent with each other yet still underestimate UCS
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relative to log-derived measurements; at greater depths where 
lithological variation is more pronounced, their scatter increases 
and they only qualitatively track UCS variations. These observa-
tions highlight a fundamental limitation of traditional empirical 
models: they can only qualitatively indicate changes in downhole 
rock strength, whereas the machine-learning approach delivers far 
more accurate quantitative predictions.

Comprehensive error metrics listed in Table 1 further corrob-
orate the superiority of the ridge-regression model. Compared 
with the Warren model (RMSE (root-mean-square 
error) = 50.06 MPa, MAE (mean absolute error) = 41.78 MPa) and 
the Renzo Cesaroni model (RMSE = 76.19 MPa, MAE = 62.37 MPa), 
the machine-learning model yields substantially lower RMSE 
(11.36 MPa) and MAE (10.00 MPa). Notably, the ridge-regression 
model attains an R 2 of 0.97, far surpassing the Warren model 
(R 2 = 0.39) and the Renzo Cesaroni model (R 2 = − 0.42, indicating 
poor fit). Mean error (ME) and mean squared error (MSEr) in-
dicators likewise confirm the significant improvements afforded 
by the machine-learning approach. These results demonstrate that 
the proposed ridge-regression model is highly reliable for real-
time estimation of downhole rock-strength parameters in Ying-

Qiong Basin drilling operations and can effectively underpin the 
pore-pressure calculations presented in this study.

3.3. Model validation for BHP in HTHP wells

In HTHP environments, the physical properties of drilling fluids, 
such as density and viscosity, are significantly affected by tem-
perature and pressure. Concurrently, drill cuttings generated 
during the process alter the mixture density and rheology of the 
fluid within the annulus. Consequently, the static hydrostatic 
pressure calculated solely from surface fluid density fails to 
accurately reflect the true BHP, introducing significant computa-
tional errors. To precisely monitor Pp in HTHP wells, it is impera-
tive to first establish a dynamic model that accurately describes 
the BHP. This section aims to validate the accuracy of the transient 
thermo-pressure coupled model proposed herein, using measured 
field data, and to thoroughly analyze the discrepancies between 
the modelʼs predictions and actual measurements.

Well A from the study area was selected as a case for validation; 
its key simulation parameters are listed in Table 2. The well has a 
total depth of 3240 m, a water depth of 67 m, and a geothermal 
gradient of 4.196 ◦ C/100 m, with a sea-surface temperature of 
30 ◦ C. The selected interval covers a critical pressure transition 
zone. The wellbore thermo-pressure model was used to simulate 
drilling from 3000 to 3230 m in 10-m increments. Over this in-
terval, drilling-fluid density ranges from 1.72 to 1.78 g/cm 3 , flow 

rate from 25.12 to 28.52 L/s, mechanical penetration rate from 4.7 
to 10.51 m⋅h − 1 , and fluid inlet temperature from 54.5 to 57.8 ◦ C. 
The final bottom-hole assembly comprised 8-3/8″PDC+F/V+6-3/ 
4″EcoScope+6-3/4″TeleSccope+8-1/8″STAB+X/O+6-1/2″DC*13+ 

X/O+JAR+F/J+5″HWDP*14+5″DP.
Figs. 9 and 10 demonstrate the modelʼs predictive performance 

for temperature and pressure, respectively. Fig. 9 compares the 
model-predicted outlet and annular bottom-hole temperatures 
against measured field data. The results reveal a MAE of just 
0.93 ◦ C for the outlet temperature and 2.23 ◦ C for the annular
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Table 1
Comparison of error metrics for UCS prediction in Well A from three models.

Model RMSE MAE R 2 ME MSEr

Ridge 11.36 10.00 0.97 43.23 129.05
Warren 50.06 41.78 0.39 268.82 2506.04
Cesaroni 76.19 62.37 − 0.42 934.17 5804.99

Table 2
Partial key parameters of the transient thermo-pressure coupled model for Well A.

Parameters Numerical
value

Parameters Numerical
value

Well depth, m 3000–
3230

Surface temperature,
◦ C

30

Water depth, m 67 Geothermal gradient,
◦ C/100 m

4.196

Target horizon Huangliu Drilling fluid injection 
temperature, ◦ C 

54.5–57.8

Depth of the first 
spud, m

177 Specific heat capacity 
of drilling fluid, J/
(kg⋅ ◦ C)

3900

Depth of the 
second spud, m

555 Specific heat capacity 
of drill pipe and casing, 
J/(kg⋅ ◦ C)

400

Depth of the third 
spud, m

2150 Specific heat capacity 
of formation rock, J/ 
(kg⋅ ◦ C)

837

Depth of the fourth 
spud, m

2988 Thermal conductivity 
of drilling fluid, W/ 
(m⋅ ◦ C)

1.73

Size of riser pipe, in 30 Thermal conductivity 
of drill pipe and casing, 
W/(m⋅ ◦ C)

43.75

Inner diameter of 
fourth-open 
casing, in

9-5/8 Thermal conductivity 
of formation rock, W/ 
(m⋅ ◦ C)

2.25

Bit size, in 8-3/8 Flow rate, L/s 25.12–28.52
Total flow area
of bit, in 2

1.09 Density of drilling fluid,
g/cm 3

1.72–1.78
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bottom-hole temperature. This demonstrates that the modelʼs 
heat transfer module accurately captures the dynamic tempera-
ture profile within the wellbore, establishing a solid foundation for 
precise pressure field calculations. In terms of bottom-hole pres-
sure prediction, the conventional static hydrostatic method yields 
a substantial MAE of 3.64 MPa, highlighting its severe limitations 
in HTHP conditions. In contrast, the annular BHP predicted by the 
thermo-pressure coupled model developed in this study shows 
excellent agreement with the measured values, with an MAE of 
only 0.46 MPa. This result not only numerically proves the modelʼs 
superior accuracy but also confirms mechanistically that 
comprehensively considering the effects of temperature on den-
sity, annular pressure loss, and cuttings transport is a prerequisite 
for achieving accurate pressure monitoring in HTHP wells.

Although the model performs well overall, prediction discrep-
ancies at specific depths serve to reveal complex downhole dy-
namic events. A notable anomaly occurs near a depth of 3110 m. At 
this point, not only did the predicted annular BHP exhibit a local 
peak deviation of 0.69 MPa, but the predicted annular bottom-hole 
and outlet temperatures also reached their maximum errors 
simultaneously, at 4.64 and 1.59 ◦ C, respectively. This synchronous 
anomaly in pressure and temperature predictions at the same 
depth suggests a complex situation occurred in the wellbore that 
was beyond the modelʼs base assumptions. Upon reviewing the 
wellʼs mud logging report, we discovered that total gas readings 
rose sharply from 5059 ppm at 3089 m to a peak of 82,715 ppm at 
3107 m. This provides strong evidence of a gas influx event into the

wellbore during this period. Based on this fact, the observed dis-
crepancies can be reasonably explained: ① After gas invasion, the 
gas—with a density much lower than that of the drilling fluid-
—displaces part of the liquid column in the annulus, leading to a 
decrease in the density of the annular mixed fluid and conse-
quently a drop in the measured bottomhole pressure. However, the 
model is established based on solid–liquid two-phase flow and 
does not account for the presence of the gas phase; its predicted 
pressure remains based on the drilling fluid density unaffected by 
the invasion. As a result, the predicted value is higher than the 
measured value, giving rise to the observed pressure deviation. ② 

The impact of gas invasion on the temperature field manifests in 
two aspects. First, the gas expands during its upward migration. 
According to the Joule-Thomson effect, this process affects the 
wellbore temperature, resulting in an increase in the measured 
annular bottomhole temperature. Second, the presence of gas ac-
celerates the return velocity of the annular fluid, which shortens 
the heat exchange time between the drilling fluid and the high-
temperature formation. Thus, the temperature of the drilling 
fluid returned to the wellhead (outlet temperature) is lower than 
the value predicted by the model. This is fully consistent with the 
phenomenon observed in Fig. 9, where the predicted annular 
bottomhole temperature is lower while the predicted outlet 
temperature is higher.

In summary, through comparative verification with field 
measured data, the transient thermal-pressure coupled model 
established in this study can accurately describe the temperature 
and pressure distributions in HTHP wellbores, thereby providing 
reliable bottomhole pressure input and dynamic condition con-
straints for the subsequent achievement of higher-precision Pp 
monitoring.

4. Results and discussion

4.1. Comparison of calculation stability of different MSE models

Fig. 11 compares the surface-calculated MSE for Well A using 
the Teale, Dupriest, and Chen models. CCS, used as a reference, was 
back-calculated from in-situ MDT pore-pressure measurements 
according to Eq. (6). In the shallow section of Well A (<3000 m), 
the MSE traces derived from the Chen and Dupriest models exhibit 
comparable stability. Beyond 3000 m, in the overpressured 
reservoir interval, the Dupriest curve becomes highly erratic 
owing to its fixed mechanical-efficiency assumption (0.35), 
whereas the Chen curve remains smooth because bottom-hole 
weight-on-bit and torque are dynamically corrected.

Mechanistically, the models differ significantly. The Teale 
model is based on an ideal rock-breaking assumption, ignoring 
borehole friction, inclination effects, efficiency decay, and bottom-
hole differential pressure, which leads to a systematic over-
estimation of MSE at depth. The Dupriest model introduces a 
constant efficiency factor; however, this approach relies on a fixed,
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empirical mechanical efficiency coefficient (e.g., 0.35), a practice 
that is controversial because mechanical efficiency can vary 
significantly. Furthermore, the model still neglects inclination/ 
friction distortion, annular pressure losses, and bit-dynamics 
corrections, making its curve sensitive to short-period distur-
bances and highly volatile.

In contrast, the Chen model overcomes these empirical sim-
plifications by introducing a mechanistic model. Its core 
improvement is the calculation of the actual bottom-hole weight-
on-bit by correcting for borehole friction and hole inclination. This 
mechanistic correction is embodied by the dynamic adjustment of 
bottom-hole WOB and torque. This correction enables the MSE 
calculation to be based on the “energy actually transferred to the 
rock surface” rather than on surface-measured energy distorted by 
drill-string friction. This represents a critical step forward from an 
empirical approximation to a model that more closely aligns with 
physical reality, marking a significant conceptual advancement.

Furthermore, because the Chen model more accurately calcu-
lates the energy at the bit, the resulting MSE value can be “directly 
used as an approximation of the CCS” without requiring additional 
DE correction. This improvement not only simplifies the procedure 
but, more importantly, establishes a more direct and robust 
physical link between a real-time engineering parameter and a 
fundamental rock mechanics property. From a practical applica-
tion standpoint, because engineers no longer need to estimate a 
DE coefficient, the real-time monitoring process is simplified. This 
reduces subjectivity and potential human error, making the 
method more robust, reproducible, and easier to implement across 
different drilling platforms and operational teams. It is due to 
these improvements that the Chen model yields the best agree-
ment with CCS and the lowest overall variance.

Given that mud-logging measurements may suffer from 

random errors and transient operational changes can introduce 
spurious spikes, outliers in the computed MSE series were 
removed and a moving-window average was applied to further de-
noise the data.

4.2. Analysis of the impact of bottom-hole pressure solution 
methods on pressure monitoring results in HTHP wells

In the final hole section of Wells A and B, annular ECD and 
annular temperature were acquired in real time by logging-while-
drilling (LWD) tools. To quantify how BHP estimation affects Pp 
monitoring accuracy, three Pw scenarios were substituted into Eq. 
(13): (i) hydrostatic-equivalent mud density (hydrostatic), (ii) 
LWD-measured bottom-hole density (LWD-measured), and (iii) 
the density predicted by the transient HTHP two-phase-flow 

model (HTHP-model). Comparative results are presented in 
Figs. 12 and 13.

Quantitatively, the hydrostatic-based Pp_MSE_Den (Pp esti-
mated based on the MSE method and mud density) approach 
deviates markedly from the Pp_MSE_LWD (Pp estimated based on 
the MSE method and LWD measurements): the maximum density 
discrepancy reaches 0.184 g/cm 3 and the MAE is 0.099 g/cm 3 

across the two wells. By contrast, the Pp_MSE_HTHP (Pp estimated 
based on the MSE method and the thermo-pressure coupling 
model) variant, which incorporates temperature–pressure 
coupling, reduces the maximum discrepancy to 0.098 g/cm 3 and 
the MAE to only 0.014 g/cm 3 —an improvement of more than six-
fold over the hydrostatic assumption.

These findings corroborate the pressure-difference ratios 
shown in Fig. 10, underscoring the pronounced impact of 
temperature-induced density variations and annular friction los-
ses on BHP in HTHP settings. Neglecting such multiphysics 
coupling yields systematic over- or under-estimation of Pp,

whereas the transient model—driven by real-time wellbore 
parameters—effectively corrects the inherent bias of the hydro-
static assumption and furnishes the prerequisite for high-accuracy 
pressure surveillance.

Notably, the initial implementation of the model relied on 
dense matrix operations and the Gauss-Seidel iterative method to 
solve the linear system; however, modern numerical optimization 
techniques can substantially improve computational efficiency. In 
this study, several key optimizations were introduced: (i) replac-
ing dense matrix operations with sparse matrix structures to 
reduce memory overhead and computational complexity, (ii) 
employing the backslash operator as a sparse linear solver to 
achieve superior performance, (iii) implementing an adaptive 
relaxation factor to enhance convergence stability and reduce the 
number of required iterations, and (iv) extensively vectorizing 
geometric parameter calculations and property evaluations to 
minimize computational loops. Under the same hardware 
configuration (AMD Ryzen 7 8845H), these optimizations reduced 
the single-point computation time from 874 to 68 s, a level of ef-
ficiency that can be regarded as sufficient to meet real-time re-
quirements under practical drilling conditions.

4.3. Comparative analysis of different Pp evaluation models

To further demonstrate the reliability and advantages of the 
proposed approach for monitoring Pp, formation pressures in five
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Ying-Qiong wells were computed with the new MSE-based 
method and compared with results from the sonic-transit-time 
Eaton method (or Bowers method), the dc-index method, and 
MDT measurements (Fig. 14). These wells cover different over-
pressure origins: the overpressure in Wells A, B, C, and D is 
attributed to a loading genetic mechanism, while Well E exhibits a 
combined mechanism of loading and unloading. At ~3000 m in 
Well A, ~3175 m in Well B, and ~3075 m in Well D, all three 
methods—Pp_MSE_HTHP, dc-index, and Eaton—display a sharp 
rise in the pressure coefficient, consistent with the “pressure-step” 
phenomenon reported for the Huangliu Formation (Fan et al., 
2021). This concurrence indicates that both Pp_MSE_HTHP and 
the dc-index respond sensitively to abrupt pressure changes.

In terms of accuracy, both Pp_MSE_HTHP and the dc-index 
perform well in Well A, matching MDT data at depth. In Wells B 
and D, however, the dc-index diverges appreciably from the Eaton 
method over large depth intervals. Specifically, in Well B, the dc-
index underestimates Pp by ~0.2 g/cm 3 between 3050 and 
3175 m, but overshoots after the pressure-step at 3175 m. In Well 
D, Pp_MSE_HTHP and the dc-index share the same trend, yet the 
dc-index exceeds MDT Pp between 3075 and 3125 m, whereas 
Pp_MSE_HTHP aligns with MDT. In Well C, at 3050 m, 
Pp_MSE_HTHP slightly underestimates Pp relative to MDT, while 
the dc-index remains consistent with the measurement. In Well E, 
the Pp_MSE_HTHP calculation is slightly high before 4050 m while 
the dc-index is low; after this depth, both methods align well with 
the MDT data. Notably in Well E, sudden decreases in the 
measured sonic transit time between 4096 and 4123 m and again 
between 4142 and 4165 m—possibly due to instrumental 
error—cause anomalies in calculations from the Bowers method. 
Nevertheless, both the Pp_MSE_HTHP and dc-index methods 
remain consistent with MDT measurements through these in-
tervals, demonstrating that both are relatively reliable.

To quantify the performance gap between the two pore-
pressure monitoring techniques, the relative errors of the dc-
index and MSE approaches were compared (Fig. 15). The error 
envelopes reveal that the relative error of the MSE method

remains largely within 5% over the entire wellbore, whereas that of 
the dc-index widens considerably, extending to ±10%. As illus-
trated in Fig. 16, the MAE of the MSE approach are 6.29%, 1.70%, 
4.03%, 3.44% and 1.13% for Wells A–E, yielding an overall MAE of 
4.12% when calculated across all data points from the five wells, 
which indicates notable unbiasedness and convergence. By com-
parison, the dc-index produces MAE of 4.61%, 7.53%, 4.7%, 7.24% 
and 2.63%, corresponding to an overall MAE of 5.78%. Taken 
together, the error envelopes and statistical metrics show that, 
although both techniques track formation-pressure trends, the 
MSE method—thanks to the physical coupling between MSE and 
rock strength, supplemented by dynamic BHP correction—delivers 
superior accuracy and stability across diverse well conditions.

4.4. Discussion of limitations and future prospects

The transient thermo-pressure model employed in this study 
assumes a Newtonian mud with entrained cuttings filling the 
annulus—an acceptable simplification for conventional rotary 
drilling. Under gas-influx or severe-loss scenarios, however, the

Fig. 14. Comparative analysis of different Pp estimation models.
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pressure profile, temperature gradient, and frictional losses 
change markedly. Because the present model cannot capture BHP 
under such conditions, the calculated ECD may deviate signifi-
cantly and propagate through Eq. (13) into the pore-pressure es-
timate. This limitation explains the isolated mismatch observed at 
3090–3120 m in Well A. Notably, if an advanced multiphase 
simulator coupled with surface data could provide accurate BHP 
during gas influx or severe loss conditions, the principle of this 
framework could still be used to estimate Pp. This would signifi-
cantly extend its application scope. For example, it would enable 
real-time Pp estimation in challenging scenarios, such as drilling 
through fractured formations with liberated gas influx using 
managed pressure drilling, thus providing direct guidance for 
optimizing critical managed pressure drilling parameters.

However, such an extension shifts the challenge to the accuracy 
of the multiphase model itself and, more critically, the acquisition 
of its boundary conditions. Specifically, the “unobservability” of 
critical downhole parameters from the surface—such as the real-
time gas influx rate and volume—severely constrains the acqui-
sition of these necessary boundary conditions. Therefore, a para-
digm shift from surface-based inference to downhole-based 
estimation is the key to overcoming this challenge. Future work 
should focus on embedding the entire computational workflow 

developed in this study onto a downhole smart tool. Such a system 

would acquire high-frequency local data—such as while-drilling 
acoustic velocity, dual-point pressure/temperature, and bit-axis 
vibration—and execute the integrated MSE and rock mechanics 
calculations in-situ using an onboard processor. Crucially, instead 
of transmitting large volumes of raw data, only the final computed 
Pp value would be sent to the surface via MWD mud-pulse 
telemetry. This approach would not only maximize accuracy by 
using direct, real-time measurements but also provide the time-
liest possible warning, fundamentally solving the problem of in-
formation delay and uncertainty inherent in surface models.

5. Conclusions

We developed a pore-pressure prediction workflow for HTHP 
wells that relies exclusively on real-time surface data. The 
approach couples a refined MSE model with the Mohr-Coulomb 
failure criterion and replaces the hydrostatic assumption with a 
solid-liquid transient thermo-pressure model to compute BHP. The 
resulting closed-form solution is mechanistically transparent, 
computationally efficient, and circumvents the large uncertainties 
of seismic/log methods, dc-index misdiagnoses, and the high cost 
of downhole acoustics.

Case studies of Wells A and B demonstrate that the Chen MSE 
model is more stable than the traditional Teale and Dupriest

models and can be approximated as CCS, eliminating empirical 
efficiency factors. Incorporating temperature-pressure coupling 
lowers the average error of the Pp-equivalent density by 0.085 g/ 
cm 3 relative to the hydrostatic estimate, confirming that temper-
ature, annular friction, and hydraulic losses are non-negligible in 
HTHP wells.

In five Ying-Qiong wells, both the MSE-HTHP method and the 
dc-index accurately captured the characteristic “pressure-step” in 
the Huangliu Formation; however, the MSE-HTHP relative error 
remains within ±5%, compared with ±10% for the dc-index, 
demonstrating the superior robustness of the proposed frame-
work under varied well conditions and pressure regimes. 
Furthermore, the overall MAE of the MSE-HTHP method across the 
five wells is 4.12%, compared to 5.78% for the dc method, high-
lighting the advantage of the MSE approach for estimating Pp from 

the surface.
Because the workflow relies solely on surface measurements, it 

offers an economical and efficient means of monitoring Pp, 
enabling real-time mud-weight optimization and early kick 
detection—key requirements for risk-based drilling. Above all, the 
study shows that deep integration of rock-mechanics priors, 
multiphase wellbore physics, and machine-learning inversion 
provides a practical and scalable route to safe and efficient drilling 
in complex HTHP environments.
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