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ABSTRACT

Gas kicks represent one of the most critical transient events in well control during drilling operations,
particularly in deviated and horizontal wellbores where complex hydrodynamic and transient multiphase
effects arise. As modern field development increasingly targets extended-reach and unconventional reservoirs,
the interplay of variable bottom-hole and surface pressure programs with gas migration and annular hydraulics
requires detailed modeling and simulation. In such wells, non-vertical orientation modifies the effective
hydrostatic head, enhances segregation and slip between gas and liquid phases, and alters the response of
control systems such as chokes and managed pressure drilling equipment. This work presents a comprehensive
modeling and simulation framework for gas kick behavior in deviated and horizontal wellbores under variable
pressure conditions, combining transient multiphase flow modeling with numerical analysis and data-driven
interpretation. The model incorporates depth-dependent inclination, realistic annular geometry, compressible
gas behavior, and dynamic surface pressure control laws. Transient simulations are performed for a range of
kick intensities, well inclinations, and pressure schedules in order to characterize gas migration, surface
response, and operational envelopes. Additionally, synthetic simulation data are used to train
machine-learning models for early detection and characterization of gas kicks based on surface measurements.
The study emphasizes the interaction between physical modeling and data-based interpretation and explores
the sensitivities of predicted kick behavior to flow, thermodynamic, and operational parameters in deviated
and horizontal wells subject to variable pressure profiles.
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Symbol Description Units
S Measured depth along the wellbore m

z Vertical depth (true vertical depth) m
0(s) Inclination angle from the vertical rad

A Annular cross-sectional area m?
Dy, Hydraulic diameter used in friction correlations | m

ag, o Gas and liquid volume fractions (holdups) -

Ug, UL, Um Gas, liquid, and mixture velocities m/s

Table 1:

Notation for basic geometric and phase-averaged flow variables in the transient wellbore model.
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Figure 1: Schematic of the deviated and horizontal wellbore with gas influx, segregation, and surface backpressure control.
The central stack represents the vertical, deviated, and horizontal sections, while side nodes emphasize stratified flow, gas

pocket formation, and choke-controlled surface pressure.

1 | Introduction

Gas influx from a permeable formation into a wellbore
while drilling can evolve into a gas kick when the
wellbore pressure falls below the formation pore
pressure [1]. If not identified and controlled in a timely
manner, such events may escalate into severe well
control problems. Traditional well control methods
and design practices were largely developed for vertical
wells, where hydrostatic and frictional contributions to
the pressure profile follow relatively simple patterns.
The rapid growth of deviated and horizontal drilling
has significantly changed this context. Extended-reach
wells, complex 3D trajectories, and tight drilling
margins under managed pressure drilling strategies
create conditions in which gas kick behavior is
influenced by inclination-dependent hydrodynamics,
elongated flow paths, and variable surface and
bottom-hole pressure programs.

In deviated and horizontal wellbores, the orientation of
the well relative to the gravitational field modifies the
effective hydrostatic gradient, leading to spatially
varying pressure support along the trajectory. Gas,
being much less dense than the drilling fluid, has a
strong tendency to segregate and migrate upward, but
in near-horizontal segments this motion is
accompanied by complex patterns of stratified or slug
flow, where gas accumulates in high-side pockets and
propagates as elongated bubbles or slugs [2]. This
leads to transient pressure and flow signatures at the
surface that differ significantly from those observed in
vertical wells. At the same time, well control
operations often involve active manipulation of surface
pressure through choke adjustments or closed-loop
managed pressure drilling systems. These operations
impose time-varying boundary conditions that feed
back into the multiphase flow in the annulus and may
either attenuate or amplify the transient response to a
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Figure 2: Structure of the transient two-phase flow model along measured depth, highlighting conservation equations,
drift-flux closure, thermodynamic relations, inclination-dependent gravity, and variable boundary conditions for choke and
formation influx, with annular geometry and friction correlations acting as key inputs.

gas influx.

Accurate modeling and simulation of gas kick behavior
in such conditions rely on capturing the coupled
dynamics of compressible gas and nearly
incompressible liquid in an inclined, possibly eccentric
annulus, with variable pressure constraints at the
wellhead and at the downhole boundary representing
the formation. Various modeling strategies can be
employed, ranging from simplified single-mixture
models to more detailed two-fluid or drift-flux
formulations. These models are governed by systems of
partial differential equations for the conservation of
mass and momentum, subject to closure relations for
slip velocity, phase interaction, wall friction, and
thermodynamic properties. The equations are highly
nonlinear and stiff due to strong couplings between
pressure, phase fractions, and flow rates, especially
when gas compressibility is significant and when
abrupt operational changes occur at the surface [3].

In parallel with physics-based modeling, the
availability of high-frequency surface measurements,
including standpipe pressure, casing pressure, flow-in
and flow-out rates, and pit volumes, has motivated the
development of data-driven methods for detecting and
classifying abnormal events. Machine-learning models
trained on field data or on synthetic data from detailed
simulators can provide early-warning tools for gas
kicks by recognizing characteristic patterns in these
time series. In deviated and horizontal wells, where
transient signatures may be less intuitive than in

vertical wells, such data-driven tools may be
particularly valuable, provided they are informed by
and consistent with the underlying physics of
multiphase flow and pressure control.

This work develops an integrated framework for
modeling and simulation of gas kick behavior in
deviated and horizontal wellbores under variable
pressure conditions, and for exploiting the resulting
simulations in data-driven interpretation. A transient
one-dimensional model is formulated along the well
trajectory, incorporating inclination-dependent gravity,
compressible gas, and dynamic boundary conditions
representing surface choke control and bottom-hole
influx. Numerical methods based on finite volume
discretization and implicit or semi-implicit time
integration are used to solve the governing equations.
The resulting simulations are used to explore how well
architecture, inclination, fluid properties, and pressure
control strategies influence the propagation of a gas
kick. Synthetic outputs are then employed to construct
and evaluate machine-learning models for classification
and regression tasks related to kick detection and
characterization. The analysis focuses on the internal
consistency of the model, the numerical robustness of
the solution strategy, and the interpretability of both
the physical and data-driven results with respect to
operational decision making in deviated and horizontal
wells.
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Figure 3: Numerical solution strategy based on a one-dimensional finite-volume grid, high-resolution interface fluxes,
implicit or semi-implicit time stepping, Newton iterations for the nonlinear system, and sparse linear solves with stabilization

and CFL analysis guiding time-step selection.

2 | Physical Background of Gas Kickshydrostatic head, which in turn may draw additional

in Deviated and Horizontal Well-
bores

A gas kick is initiated when the pressure in the
open-hole section falls below the formation pore
pressure for a sufficiently long time to allow an influx
of gas or gas-bearing fluid. Under static conditions
with no influx, the bottom-hole pressure is determined
primarily by the hydrostatic column of the drilling
fluid, with minor contributions from static friction or
trapped compression. During drilling, circulation adds
frictional losses that may either increase or decrease
bottom-hole pressure depending on flow direction and
boundary conditions. In deviated and horizontal wells,
the hydrostatic contribution depends on the vertical
depth rather than the measured depth, whereas
frictional and inertial effects are integrated along the
true length of the trajectory [4]. As a result, the same
fluid density and pump rate that produce a
comfortable overbalance in a vertical well may yield a
reduced safety margin in a long horizontal section.
When an influx occurs, gas enters the annulus at the
bottom of the well and initially mixes or disperses with
the drilling fluid. As the gas experiences lower
pressures while moving toward shallower depths, it
expands according to its thermodynamic behavior.
This expansion decreases the average density of the
annular mixture and leads to a reduction of the

influx from the formation. The dynamics of this
coupled process depend on the rate of gas entry, the
ability of the circulating fluid to transport gas, and the
time-varying pressures imposed at the surface through
choke and pump operations. In vertical wells, gas rise
is approximately aligned with gravity, and flow regimes
may transition through bubbly, slug, churn, and
annular flow patterns as gas volume fraction increases
[5]. In deviated wells, and especially in long horizontal
sections, gravity acts largely perpendicular to the main
flow direction, creating stratification and lateral
segregation that alter these regime transitions.

In inclined and horizontal annuli, gas often migrates
upward preferentially along the high side of the
borehole, while liquid occupies the lower side. The
resulting stratification gives rise to asymmetric
velocity profiles and increases the importance of
interfacial shear and local turbulence. Flow may evolve
into elongated gas pockets separated by liquid slugs,
particularly during transient operations such as pump
start-up or choke adjustments. Local accumulation of
gas in near-horizontal sections may temporarily reduce
surface signals of a kick, delaying its detection until
the gas slug reaches a more vertical part of the well or
the surface. At the same time, the expansion of these
pockets with decreasing pressure can produce strong
pressure surges when they are accelerated or
compressed by control actions.

The pressure response at the surface during a gas kick
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Figure 4: Representative evolution of a gas kick scenario, from steady circulation through kick onset, gas migration in
deviated and horizontal sections, transition into steeper intervals, and the resulting surface signatures in flow rates and

pressures during choke-controlled circulation.

in deviated or horizontal wells is shaped by the
combined effect of gas migration, friction, wellbore
geometry, and boundary conditions [6]. A given
volume of gas influx may produce different casing
pressure histories depending on whether it is trapped
in a near-horizontal section, allowed to flow freely into
vertical intervals, or compressed against a closed or
partially opened choke. Variable surface pressure
conditions, such as those arising during managed
pressure drilling, further modulate the transient
behavior. For example, strategies that maintain a
nearly constant bottom-hole pressure through rapid
choke adjustments can alter the rate at which gas
migrates and expands, potentially changing the timing
and magnitude of surface manifestations.
Thermodynamics and heat transfer also influence gas
kick behavior. As gas migrates upward and expands, it
may cool due to Joule-Thomson effects and heat
exchange with the surrounding formation and drilling
fluid. Temperature changes in turn affect gas density
and compressibility, which feed back into the pressure
and flow dynamics [7]. In most well control analyses,
simplified thermal models are used, but in
extended-reach horizontal wells where residence times
are long and temperature gradients are significant,
more detailed thermal coupling can be relevant to
prediction accuracy.

Operationally, the detection and management of gas
kicks in deviated and horizontal wells rely on
monitoring surface measurements such as flow-in and

flow-out rates, pump strokes, standpipe pressure, and
pit volume, along with downhole data when available.
Deviated trajectories complicate the interpretation of
these measurements because signature patterns of gas
influx can be spread out in time, attenuated, or
masked by normal operational fluctuations. As a
result, understanding the physical background of gas
behavior along the wellbore trajectory, including the
roles of inclination, annular geometry, and pressure
control actions, is essential for building reliable models
and simulations. These, in turn, can form the basis for
training data-driven interpretation tools tailored to the
specific challenges of non-vertical wells [3].

3 | Mathematical Formulation of Tran-
sient Two-Phase Flow

To model gas kick behavior in deviated and horizontal
wellbores under variable pressure conditions, a
one-dimensional description is commonly adopted
along the wellbore centerline, parameterized by the
measured depth coordinate denoted by s [9]. The
inclination of the well relative to the vertical is
described by an angle 6(s), so that the vertical depth
gradient is dz/ds = cos 6(s). The annular
cross-sectional area is denoted by A, and an effective
hydraulic diameter Dy, is used in friction correlations.
The flow is treated as a two-phase mixture of a liquid
phase (drilling fluid) and a gas phase (influx) with
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Figure 5: Data-driven interpretation layer built on synthetic time series from the simulator, where features are extracted
over temporal windows and used by sequence models to infer kick-related classes and continuous quantities, with probabilistic
outputs and physics-informed constraints improving robustness.
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Figure 6: Integrated framework linking the physical model, transient simulator, and machine-learning layer to operational
decision support, with feedback loops from field data and control actions informing model calibration and future simulations.

respective volume fractions [
o +ag = 1.

In a two-fluid formulation, separate mass conservation
equations are written for gas and liquid. Denoting by
pg and p; the densities and by [11] u, and w; the phase
velocities, the one-dimensional mass balance for the
gas phase can be expressed as

| o and «, satisfying

0 0
9 (agpg) + Is (agpgug) = qq, (1)

where g, represents source terms such as gas influx
from the formation. The corresponding equation for
the liquid phase is [12]

0 0
% (Oélpl) + D5 (Oélplul) =qi, (2)

with ¢; capturing liquid source or sink effects, for
example drilling fluid addition or losses.

Momentum conservation for each phase is described by
one-dimensional momentum balance equations. For
the gas phase, neglecting interfacial mass transfer and
assuming that pressure is shared between phases, a
typical form is

o, )2
ot \Y9Pate) T 5o
(3)

where p is pressure, g is gravitational acceleration, and
fq is an effective friction and interfacial momentum

0
(O‘gpguz) [13] = _O‘yai; + agpggcost — fqg,
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Relation Expression

Comment

Gas mass

de(agpg) + Os(agpgug) = qq Gas

influx
enters via
qq at the
bottom cell

Liquid mass

O¢(aupr) + 0s(cuprwy) = q

Accounts
for mud
sources and
losses

Mixture mass

Otpm + as(pmum) =dm

Pm =
apr+ Qgpg

Mixture mo-
mentum

8t(pmum)+88(pmu72n) = —0sp+pmg cost— fm

1D balance
with grav-
ity and fric-
tion

Ps = ZRT

Gas EOS

Real-

gas den-
sity  with
Z(p,T)

Liquid density

p1=pio[1+ ci(p—po)l

Slightly
compress-
ible drilling
fluid

Table 2:

exchange term that can be decomposed as

P, P;
fg:Tgwj"'TgiZa (4)

with 74, and 74; representing wall and interfacial shear

stresses, and P, and [141] P; the wetted and interfacial

perimeters. A similar equation holds for the liquid

phase,

0 0 dp

a1 (uprur) + D5 (alPlU%) =g +ayprgcosd — fi,
(5)

where f; includes wall and interfacial friction acting on
the liquid [15].

Direct solution of a full two-fluid model is numerically
demanding and requires detailed closure relations for
interfacial terms. A widely used alternative is the
drift-flux formulation, which describes the mixture
using a single momentum equation and introduces a
relation between phase velocities. The mixture velocity
Uy, and mixture density p,, are defined by

U, = Qg + g, [10] (6)

Pm = QP + QgPg. (7)

Core governing equations used in the drift-flux based transient two-phase wellbore formulation.

The mixture mass conservation equation then becomes

0

O o)+ o () 1] =4 (®)

with ¢ = 1 + ¢4. A single momentum equation for
the mixture is written as

2):_@

0 0
a (pmum) + % (pmum Ds + pmg cos 0 — fm,

9)

where f,, represents an effective friction term
calibrated against empirical correlations for multiphase
flow in annuli [18].

The relative motion between gas and liquid is
described by a drift-flux relation of the form

Ug = Cotp, + ng, (10)

where Cj is the distribution parameter and Vj; is the
drift velocity. These parameters may be functions of
inclination, flow regime, and gas volume fraction, and
their specification is a key element of model closure.
Given ug and uy,, the liquid velocity [19] u; is obtained
from

w = dm " Y9tly _al%“g. (11)
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Group Definition

Interpretation

UD
Reynolds num- | Re = Pm2 20
ber Re Hom

Inertial

Vs viscous
forces; sets
friction
regime

Inverse  Froude

Fr!

Relative
importance
of gravity
and buoy-
ancy

P*

Pressure PiE

cient C,

coeffi- | Cp =

Scaling of
pressure

to inertial
effects

As

CFL number CFL =

At(|um| + em)

Explicit
stability
constraint
for wave
propaga-
tion

Inclination ratio | n = ——
n

Fraction of
horizontal
or near-
horizontal
trajectory

Table 3: Dimensionless groups that govern flow regimes, inclination effects, and numerical stiffness in the simulations.

The gas density p, is modeled as a compressible
function of pressure and temperature. A common
representation is based on a real-gas equation of state,

Py = ZRT"

(12)

where M, is the gas molar mass, R the universal gas
constant, [20] T the temperature, and Z the
compressibility factor, which itself depends on p and
T. The liquid is often approximated as slightly
compressible, for example using

p[21] = pio [1 + e (p — po)], (13)

where pjg is a reference density at pressure py and ¢; is
the liquid compressibility. When thermal effects are
significant, temperature can be modeled by an energy
equation coupled to the flow, but in many well control
analyses a prescribed temperature profile or
quasi-steady thermal model is employed.

Boundary conditions are specified at the surface [22]

s = 0 and at the bottom s = L, where L is the total

measured depth. At the surface, pressure is governed
by choke and flow-line conditions, often represented by
a relation between choke opening and flow rate. A
simple algebraic model for the choke can be written as

p(Oa t)[ ] = Psep + Apchoke(CQOuta uc)a (14)

where pgcp, is the separator pressure, Qoys is the flow
rate leaving the well, and u, is a control variable
representing choke opening. The bottom boundary
condition at s = L is determined by the formation
pressure and the nature of the influx. A simple influx
model prescribes a gas source term

qq(L;t) = AM[24ps = p(L, 1)), (15)

where py¢ is the formation pressure, A is an inflow
coefficient, and [-]+ denotes the positive part, reflecting
that gas influx occurs only when the wellbore pressure
falls below formation pressure.

To analyze the dominant physical regimes and guide
numerical design, it is convenient to express the
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Element Choice

Purpose

Spatial dis-
cretization

Non-uniform finite volumes
along measured depth

Resolve
strong gra-
dients near
surface and
bottom-
hole

Upwind
schemes

Flux approxima-
tion

Stabilize
transport
of sharp
gas fronts
and slugs

high-resolution

Implicit
scheme

Time integration

Handle

gas  com-
pressibility
without
tiny At

semi-implicit

Nonlinear solver
iterations

Newton or modified Newton

Robust
solution

of coupled
mass—
momentum
system

Linear solver Banded

sparse method

Exploit 1D
sparsity of
the  Jaco-
bian matrix

preconditioned

Boundary models
lations

Algebraic choke and influx re-

Couple
wellbore
hydraulics
to sur-
face and
formation
pressures

Table 4: Main numerical components of the finite volume discretization and solution strategy for transient kick simulation.

governing equations in dimensionless form [25].
Introducing characteristic scales for length L, velocity
U, pressure P*, density p*, and time T* = L/U,
dimensionless variables are defined, for instance,

] - t
N: — t: e 1
T T (16)
- U, - _ D
Um = U p= pr’ (17)
~ Pm
Pm = F (18)

Substitution into the mixture momentum equation

yields [26]

0 ,. . 0 . _o P* 9p gL . ~
a7 \FmtUm A~ m = - A=~ 5 Pm 0 — m-
ot (Pmim) + 0§ (P p*U? 03 + g2 Pmeos /

(19)

The dimensionless groups P*/(p*U?) and gL/U?
correspond to a pressure coefficient and an inverse
Froude number, respectively. The friction term fm can
be related to a Reynolds number defined using the
mixture properties. The relative magnitude of these
terms indicates whether inertial, gravitational, or
frictional contributions dominate in different portions
of the well.

Under variable pressure conditions, time dependence in
the boundary pressures enters explicitly through the
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Case Setup

Main ob-
servation

V-ref
backpressure

Vertical trajectory with nearly fixed surface

Early
and
surface
signatures
of influx

clear

D-man

Deviated well with manually operated choke

Delayed
signals and
operator-
driven
pressure
transients

D-MPD
point control

Deviated well with MPD bottom-hole set-

Reduced
influx and
moderated
pressure
excursions

H-low

Long horizontal limb at low pump rate

Stratified
gas pockets
and inter-
mittent
slug motion

H-high

Long horizontal limb at high pump rate

More  dis-
persed

flow and
smoother
surface
trends

Table 5: Representative simulated scenarios combining inclination profiles with different surface pressure control strategies.

dimensionless boundary conditions, for example [27]

ﬁ(ov t) = ﬁsurf(ﬂ? ﬁ(la E) = ﬁbh(f)v (20)
where pgu,s and ppy are prescribed or determined by
control laws and formation inflow models. The
resulting system of partial differential and algebraic
equations describes the coupled evolution of pressure,
phase fractions, and velocities along the well under the
combined influence of gas influx, inclination-dependent

gravity, friction, and time-varying pressure constraints.

4 | Numerical Discretization and So-
lution Strategy

The governing equations for transient two-phase flow
are discretized using a finite volume formulation along
the measured depth direction. The well is partitioned
into N control volumes with cell centers at s; and

interfaces at s;11/2. Cell lengths [25] As; may be
non-uniform to allow local refinement near the surface
or the bottom-hole region where strong gradients are
expected during a gas kick. Cell-averaged quantities
such as mixture density, phase volume fractions,
velocity, and pressure are defined for each control
volume. The conservation equations are integrated
over each control volume and over a discrete time step,
and spatial fluxes are approximated by numerical flux
functions evaluated at the cell interfaces.

For the mixture mass conservation equation,
integrating over cell ¢ yields

d

I ([29]pm,iAAs;) = Fi_1/2 — Fip1/2 + Qma,

where Fj; /o are numerical mass fluxes at the
interfaces and @)y, ; represents the integrated source
term in the cell, including influx at the bottom and
other volumetric terms. Mass fluxes are computed as

(22)

(21)

Fiv1/2 = Pmjit1/20m ir1/24,

10
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where pp, iy1/2 and i, ;412 are interface values
reconstructed from neighboring cells using appropriate
upwind or high-resolution schemes. In regions with
strongly convective flow, an upwind-biased
reconstruction is employed to maintain stability and
avoid nonphysical oscillations, while preserving sharp
transients in phase fraction and velocity.
The mixture momentum equation is discretized
similarly. Integrating over cell i gives

d

T ([30]pm,ium i AAs;) =

where Hjy, /o are numerical momentum fluxes and S;
contains source contributions from pressure gradients,
gravity, and friction. The fluxes are approximated by

Hi_1/2— Hiji15+S;, (23)

Hii1/2 = f’m,z‘+1/2ﬁfn,¢+1/2A~ (24)

The pressure gradient term is discretized using central

differences:
o) ~]
Os iN

while the gravitational source is evaluated as

Piv1 — 102'717 (25)
Si4+1 — Si—1

(pmygcosB), = pm,igcosb;. (26)

Friction is represented through a correlation of the
form

fm,i = %ffric,i%WAAsia (27)
h,i
where fpic,; is a friction factor, which may depend on
Reynolds number, roughness, and flow regime.
Time integration is performed using an implicit or
semi-implicit scheme to mitigate the severe stability
restrictions that would arise from fully explicit
methods, especially in the presence of high gas
compressibility and stiff source terms. Letting [32] t"
denote the current time and "' = " + At” the next
time level, a first-order backward Euler method for a
generic variable ¢; reads

¢ — o} = At"R; ("), (28)

where R; is the discrete residual of the governing
equation in cell 7. Collecting all unknowns into a state

vector [33] x" 1, the fully implicit time step requires
the solution of a nonlinear system
F (x"™) =0. (29)

This system is solved using a Newton or modified
Newton method. At each Newton iteration k, a linear
system is assembled and solved,

J (x(k)> 5x®) = _F (x(k)> : (30)

where J is the Jacobian matrix of partial derivatives of
the residuals with respect to the unknowns and dx*)
is the update step. The new iterate is

xkF D) = x (k) 4 5x (R, (31)

The Jacobian has a sparse banded structure
corresponding to the one-dimensional grid coupling,
and linear algebra solvers exploiting this structure are
used to reduce computational cost. When a fully
consistent Jacobian is expensive to assemble,
approximate Jacobians or Jacobian-free methods can
be employed with suitable preconditioners [34].

An alternative approach is to treat certain terms
explicitly while keeping others implicit, leading to
semi-implicit schemes. For example, convective terms
can be discretized explicitly while pressure,
compressibility, and stiff source terms are treated
implicitly. This results in a linear system that is less
nonlinear but still stable for practical time steps. The
selection of terms to be treated implicitly is guided by
linear stability analysis and numerical
experimentation. For example, considering a linearized
version of the mass and momentum equations around a
steady state, one can derive a dispersion relation
relating growth rate to wavenumber, from which a
Courant—Friedrichs—Lewy type condition emerges. In
explicit schemes, this leads to restrictions of the form

ASZ‘
< CC L min —
] " i ‘um,z| + Cm,i

At"| , (32)
where ¢, ; is an effective mixture wave speed and
Ccr is a stability constant less than unity. In implicit
schemes, this restriction is significantly relaxed,
enabling larger time steps that remain compatible with
real-time or near real-time simulation requirements.
The solution of the discrete system yields pressure,
mixture velocity, and phase fractions at each grid cell
and time level. Gas and liquid velocities are
reconstructed from the drift-flux relation.
Thermodynamic quantities such as gas density and
compressibility are updated using the local pressure
and temperature. If thermal effects are included, an
energy balance equation is discretized in an analogous
finite volume framework, and temperature is evolved
simultaneously [36]. The coupling between energy and
mass-momentum equations can be handled within the
same nonlinear system or via operator splitting,
depending on the desired accuracy and computational
cost.

Boundary conditions under variable pressure are
incorporated directly into the discretized system. At
the surface, the pressure in the first cell or at the upper
interface is constrained by a choke model, which may

11
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itself be a function of the predicted flow rate and a
control action. For instance, a simple algebraic relation

Quit = Caul '\ /Pt = Pecp (33)
can be combined with the mass balance at the surface
to enforce consistency between wellbore outflow,
pressure, and choke opening. At the bottom, an influx
model imposes a source term in the deepest cell based
on the pressure difference between wellbore and
formation, discretized consistently with the finite
volume formulation [37]. Variable bottom-hole
pressure programs, such as those associated with
changes in pump rate or set-point in managed pressure
drilling, are applied as time-varying constraints in the
lower boundary conditions.

Overall, the numerical strategy combines finite volume
discretization of the governing equations, implicit or
semi-implicit time integration, and Newton-based
nonlinear solvers with sparse linear algebra. This
framework is flexible enough to accommodate different
levels of model complexity, from simplified drift-flux
approximations to more detailed two-fluid
formulations, and to incorporate variable surface and
bottom-hole pressure conditions representative of
realistic drilling operations.

5 | Simulation of Gas Kick Scenar-
ios under Variable Pressure Pro-
grams

The numerical framework is used to simulate gas kick
scenarios in deviated and horizontal wells with varying
pressure control strategies. Synthetic well trajectories
are constructed by specifying the inclination angle 6(s)
as a function of measured depth, including sections
that transition from vertical to deviated and then to
horizontal, as well as purely horizontal segments [38].
The annular geometry is defined by casing and
drillstring diameters, and hydraulic parameters such as
roughness and friction factor correlations are chosen to
represent a typical drilling operation. Drilling fluid
density, viscosity, and compressibility, along with gas
properties, are specified according to representative
field conditions.

Initial conditions consist of a fully liquid-filled annulus
in steady circulation, with a given pump rate and
surface pressure leading to a stable pressure profile
along the well. The bottom-hole pressure is initially
set to maintain a small overbalance with respect to the
formation pressure. A gas influx is initiated by
reducing the bottom-hole pressure below the formation

pressure either through a transient change in pump
rate, a reduction in surface backpressure, or a
deliberate perturbation of fluid density. The influx
model then introduces gas into the lowest cell
according to the pressure difference, with the influx
rate increasing as the underbalance grows and
decreasing as wellbore pressure recovers.

One set of simulations investigates the evolution of a
gas kick in a deviated well with variable surface
pressure controlled by a manual choke operation [39].
The choke opening is modeled as a function of time,
representing a sequence of manual adjustments aimed
at maintaining bottom-hole pressure near a target
value. During the early stages of the influx, the gas
concentration in the lower part of the well increases,
and the mixture density decreases, leading to a slower
but steady rise in gas volume fraction in the inclined
section. As the gas slug approaches the transition to a
more vertical segment, its buoyant acceleration
increases, and the local mixture velocity rises. This
produces a noticeable signal in surface parameters,
including an increase in flow-out relative to flow-in and
a deviation in standpipe and casing pressures.

The simulation results show that gas migration and
expansion in deviated sections may delay the onset of
strong surface pressure signatures compared to a
vertical well of similar depth and fluid properties. Gas
may temporarily accumulate in near-horizontal
sections, leading to spatially localized pockets of high
gas fraction [10]. When these pockets encounter
steeper segments of the trajectory, their buoyant rise is
enhanced, and rapid pressure transients may occur.
Variable surface pressure conditions interact with this
behavior. For example, if the choke is adjusted to
increase backpressure as a response to early indications
of a kick, the imposed pressure change may compress
the migrating gas, temporarily reducing its volume and
moderating the hydrostatic loss. When the choke is
subsequently opened to circulate the kick out, sudden
expansion of compressed gas slugs can generate
secondary pressure surges.

Another series of simulations examines managed
pressure drilling strategies, in which surface pressure is
regulated by an automatic choke control system to
track a prescribed bottom-hole pressure set-point. The
control law adjusts the choke opening based on
deviations between measured and target bottom-hole
pressure, typically using proportional-integral or more
advanced control formulations. In the model,
bottom-hole pressure is computed from the simulated
pressure profile, and the control law is applied to
update the choke opening at each time step [41].
Under such control, the bottom-hole pressure is kept
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close to the target value during normal operations, and
during the onset of a gas influx the system reacts by
increasing surface backpressure. The simulations reveal
that this approach can mitigate the growth of
underbalance and reduce the total gas volume entering
the wellbore, but it does not entirely eliminate the
transient effects as the gas migrates and expands
toward the surface.

In long horizontal wells, simulations indicate that the
distribution of gas in the horizontal limb is sensitive to
the interaction between buoyancy, friction, and
imposed flow conditions. When pump rates are high
and the horizontal section is relatively smooth, gas is
more uniformly transported toward the heel, and flow
regimes tend toward dispersed or churn flow. When
pump rates are lower or when the well has local
geometric irregularities, gas can segregate into large
bubbles or slugs along the high side, with intermittent
movement. These patterns translate into complex and
sometimes intermittent surface responses [42]. For
instance, the flow-out signal may exhibit oscillations as
gas-rich slugs reach the surface, while pressure records
show sequences of relatively quiet periods interrupted
by sharp peaks. Under variable surface pressure
conditions, these patterns may be further modulated,
making interpretation based on surface data alone
challenging.

Sensitivity studies within the simulation framework
explore the effect of key parameters such as fluid
density, gas compressibility, friction factor, and well
inclination profile on the evolution of the kick.
Reducing fluid density, for example, reduces the
hydrostatic gradient and increases the sensitivity of
bottom-hole pressure to frictional and dynamic effects.
In such cases, small perturbations in pump rate or
choke opening have a larger impact on the pressure
profile and can more easily trigger an influx if not
carefully controlled. Increasing gas compressibility,
modeled through a higher compressibility factor or
different gas composition, enhances the degree of
expansion as gas migrates, leading to larger variations
in mixture density and more pronounced transients.
Changes in friction factor, representing variations in
roughness or flow regime, alter the distribution of
pressure losses along the well and thus the balance
between hydrostatic and frictional contributions [43].
The simulations also provide spatial-temporal fields of
gas volume fraction, velocity, and pressure that reveal
internal mechanisms that are not directly observable in
field measurements. For example, the movement of the
leading and trailing edges of a gas slug can be tracked
as it traverses different inclination zones, showing
changes in shape and propagation speed. These

detailed internal profiles form an important basis for
understanding how different operational strategies
influence the risk of secondary kicks, pressure surges,
or unexpected gas arrivals at the surface. Furthermore,
they serve as high-resolution synthetic data for
training and validating data-driven models for kick
detection and characterization, as discussed in the
following section.

6 | Data-Driven Interpretation and
Machine Learning Integration

The high-fidelity simulations of gas kick scenarios
generate rich time series of surface and downhole
variables, including pressures, flow rates, gas volume
fractions, and phase velocities. These data can be used
to construct machine-learning models aimed at early
detection of gas kicks, estimation of influx size, and
identification of risk-prone operating conditions [44].
The goal is not to replace physics-based modeling but
to complement it by providing pattern recognition
capabilities that are difficult to encode in explicit
analytical rules, particularly in deviated and horizontal
wells where transient signatures are complex.

To build such models, a set of simulation cases is
generated by varying key parameters such as pump
rate, choke control strategy, formation pressure, fluid
density, and well trajectory. For each case, model
outputs are sampled at a fixed time interval, producing
sequences of surface measurements such as standpipe
pressure pg,(t), casing pressure pesg(t), flow-in Qin (),
flow-out Qout(t), and pit volume Vj;(t). To represent
the temporal dynamics, sliding time windows of length
T, are extracted, and each window is labeled
according to the underlying physical state. For
classification tasks, labels can represent categories such
as normal operation, onset of kick, active kick
circulation, and post-kick stabilization. For regression
tasks, labels can be continuous-valued quantities such
as cumulative influx volume, current gas fraction at a
given depth, or predicted time to surface arrival [45].
The mapping from input time series to outputs is
approximated using machine-learning architectures
capable of capturing temporal dependencies.

Recurrent neural networks, including gated recurrent
units or long short-term memory networks, can be
applied by feeding sequences of measurement vectors
y(t) and training the network to predict the associated
labels. Alternatively, temporal convolutional networks
can be employed to learn localized temporal patterns
through one-dimensional convolutions along the time
axis. Let yi € R™ denote the vector of m
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measurements at time step k£ in a window. A neural
network model can be written abstractly as
z=M(|

}Y1»Y27~-~»YK§0)a (34)

where 2z is the predicted output (class probabilities or
regression targets) and 6 denotes the model
parameters. Training consists of minimizing a loss
function

N
1 X
_ 5(7) (1)
£0) =5 ;L:lje (z 2 ) : (35)
where Ny is the number of training samples, [17] z("™)

are the true labels, and £ is a suitable loss, such as
cross-entropy for classification or mean squared error
for regression.

To quantify uncertainty and to incorporate
probabilistic reasoning, Bayesian or probabilistic
machine-learning approaches can be considered. For
instance, a probabilistic classifier may output a
probability P(C; | Y) for each class C; given the time
series Y in a window. In a simple parametric model,
this can be expressed as

exp (11518] #(Y))

MO S e (Bre)

; (36)

where ¢(Y) is a feature vector extracted from the time
series through, for example, summary statistics,
wavelet coefficients, or principal component analysis,
and 3; are model parameters. More flexible
nonparametric techniques, including Gaussian
processes or ensemble methods, can be applied when
the dimensionality and complexity of the feature space
permit.

The training and evaluation process leverages
statistical validation methods to estimate
generalization performance and to guard against
overfitting to specific simulation cases. The available
dataset is partitioned into training, validation, and test
subsets [19]. During training, hyperparameters such as
network depth, regularization strength, and learning
rate are tuned based on validation performance.
Metrics such as accuracy, precision, recall, and receiver
operating characteristic curves are computed for
classification tasks, while root mean squared error and
other regression metrics are used for continuous
outputs. The probabilistic nature of the predictions
allows calibration analysis, whereby predicted
probabilities are compared to empirical event
frequencies to assess whether the model is well
calibrated.

An important consideration in the use of
simulation-based training data is the domain shift
between synthetic and field conditions. The simulator
depends on assumptions and parameter choices that
may not fully reflect actual wells. To reduce this gap,
parameter ranges for simulations can be chosen to
cover plausible field variability in fluid properties,
trajectory geometries, and operational practices.
Furthermore, domain adaptation techniques can be
applied when some labeled field data become available
[50]. For example, transfer learning can be performed
by taking a model trained on simulated data and
fine-tuning its parameters using a smaller set of field
cases. Alternatively, importance weighting methods
can be used to adjust training loss contributions from
different simulation scenarios so that the resulting
model better reflects the distribution of field
conditions.

Physical consistency is another critical aspect.
Machine-learning models trained solely on data may
violate basic physical constraints, such as conservation
of mass or monotonic relationships between key
variables. To mitigate this, physics-informed
machine-learning strategies embed constraints derived
from the governing equations or from expert
knowledge. For instance, features can be constructed
to enforce mass balance relationships between flow-in,
flow-out, and pit volume changes, and the model can
be penalized when its predictions imply unphysical
violations of these relationships [51]. In more advanced
settings, the loss function includes terms that measure
deviations from approximate solutions of simplified
physical models, thereby encouraging the learned
mapping to respect known physical trends.

Linear algebra and tensor calculations are heavily used
in implementing and training these models. For
example, the feature matrices for all time windows can
be assembled into a tensor Y € RNs*EXm and
training involves repeated multiplication of this tensor
with weight matrices in the neural network layers.
Optimization of the model parameters proceeds by
gradient-based methods such as stochastic gradient
descent or its variants, which rely on backpropagation
through the computational graph. The gradients are
computed using automatic differentiation and can be
interpreted as the product of Jacobian matrices of
layer transformations. In some cases, regularization
terms of the form

R(6) = A[52]]0]3 (37)

are added to the loss, where A is a regularization
coefficient and ||-||2 denotes the Euclidean norm, to
control the complexity of the model and improve
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generalization.

The integrated framework thus couples detailed
physics-based simulations of gas kick behavior in
deviated and horizontal wells with machine-learning
models for interpretation of surface measurements.
The physical model provides high-resolution, labeled
data capturing the diversity of kick manifestations
under different pressure control strategies and well
configurations. The data-driven model, in turn, offers
a compact representation of the mapping from
observed signals to underlying states and quantities of
interest, which can support decision making in real
time [53]. The interplay between these components is
further examined in the discussion section.

7 | Discussion

The combined modeling and simulation framework
developed for gas kick behavior in deviated and
horizontal wellbores under variable pressure conditions
highlights the complexity of transient multiphase flow
and the subtleties of interpreting surface
measurements. The physical model reveals that
inclination plays an essential role not only in
modifying the hydrostatic contribution to pressure but
also in shaping the flow regimes and migration
patterns of gas during a kick. In horizontal sections,
stratification and segregation effects lead to localized
pockets of gas that may attenuate or delay the surface
manifestation of an influx. This behavior contrasts
with vertical wells, where gas tends to migrate more
uniformly upward, producing relatively clearer and
earlier surface signatures.

Variable pressure boundary conditions, such as those
imposed by manual choke operations or automated
managed pressure drilling systems, add another layer
of complexity. Their interactions with gas migration
can both mitigate and complicate kick behavior [54].
For example, rapidly increasing surface backpressure
can reduce the effective underbalance at the bottom
and thus limit further influx, but it can also compress
existing gas slugs and delay their expansion until the
choke is opened. The simulations show that such
sequences of compression and expansion may lead to
non-intuitive pressure transients and highlight the
importance of considering the full space-time evolution
of gas within the wellbore when designing and
evaluating control strategies.

From a numerical perspective, the governing equations
constitute a stiff, nonlinear system that requires
careful discretization and robust solution methods.
Finite volume schemes ensure discrete conservation,
which is crucial for accurately tracking gas volumes

during kicks. Implicit or semi-implicit time stepping
relieves the stringent stability constraints associated
with high gas compressibility and strong coupling
between pressure and density. Newton-based nonlinear
solvers with appropriate preconditioning are necessary
to converge reliably, particularly when steep gradients,
sharp interfaces, or strong boundary condition changes
arise [55]. The linear algebraic structure of the
discretized system, with its banded or block-banded
sparsity, can be exploited to improve computational
efficiency in practical implementations.

The integration of machine-learning models into the
framework offers a mechanism to translate complex
simulation outputs into operationally usable
information. By training on a broad ensemble of
simulated scenarios, data-driven models learn to
associate surface measurement patterns with gas kick
states and parameters. However, the study also
underscores several limitations and challenges. One is
the representativeness of simulation-based training
data. Even though simulations can cover a wide range
of conditions, they are constrained by modeling
assumptions and parameterizations. If the actual field
behavior deviates significantly from the model, the
machine-learning tools may exhibit degraded
performance when deployed [56]. This suggests a need
for continuous updating and calibration of the models
as field data become available.

Another challenge lies in the tension between model
complexity and interpretability. Deep architectures
can capture intricate temporal patterns in
measurement data, but their internal representations
may be difficult to interpret in terms of physical
mechanisms. For critical decision-making tasks like
well control, operators often prefer tools that provide
not only predictions but also insight into why a kick is
suspected and how confident the tool is. Methods for
explaining model predictions, such as sensitivity
analysis or feature attribution, can help bridge this
gap. In addition, incorporating physical constraints
and prior knowledge into the machine-learning model,
for example through physics-informed architectures or
constrained loss functions, can improve both predictive
reliability and interpretability [57].

Statistical validation and uncertainty quantification
are essential when evaluating the potential operational
value of data-driven models. The probabilistic outputs
of classifiers and regressors should be assessed for
calibration and robustness to variations in input
conditions, including noise, missing data, and sensor
failures. Simulation studies can introduce such
perturbations in a controlled manner, allowing the
investigation of how model performance degrades
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under degraded data quality. This is particularly
relevant in deviated and horizontal wells, where sensor
placement and reliability may be more constrained
than in vertical wells, and where certain
measurements, such as downhole pressures, might not
always be available.

Finally, the interaction between model predictions and
control strategies warrants attention. If
machine-learning outputs are used to trigger automatic
responses in choke settings, pump rates, or other
control actions, feedback loops are created between the
predictive tool and the physical system. These
feedbacks can potentially amplify modeling errors or
biases if not properly accounted for [58]. One approach
is to test such closed-loop strategies in the simulation
framework, treating the data-driven models as
components within the control loop and examining the
resulting system behavior across many scenarios. This
can reveal conditions under which the combined
system behaves robustly and conditions under which it
may become unstable or overly conservative.

Overall, the discussion highlights that modeling and
simulation of gas kicks in deviated and horizontal
wells, coupled with data-driven interpretation, provide
a structured way to analyze and understand complex
well control phenomena. At the same time, careful
consideration of modeling assumptions, numerical
methods, statistical validation, and operational
integration is necessary to use such tools responsibly
and effectively.

8 | Conclusion

A comprehensive framework for modeling and
simulation of gas kick behavior in deviated and
horizontal wellbores under variable pressure conditions
has been presented, combining transient multiphase
flow modeling with numerical methods and data-driven
interpretation. The physical model, formulated along
the well trajectory, accounts for inclination-dependent
gravity, compressible gas behavior, and time-varying
boundary pressures arising from choke operations and
managed pressure drilling strategies [59]. Through
finite volume discretization and implicit or
semi-implicit time integration, the stiff nonlinear
system of governing equations is solved to obtain the
spatial-temporal evolution of pressure, velocities, and
phase fractions during kick scenarios.

The simulations illustrate how wellbore inclination and
horizontal sections modify gas migration and
expansion patterns compared to vertical wells.
Stratification and high-side gas accumulation in
horizontal intervals can delay and distort surface

signatures, while transitions to more vertical segments
can trigger rapid gas acceleration and pronounced
pressure transients. Variable surface pressure programs
interact strongly with these dynamics, influencing both
the amount of gas influx and the subsequent evolution
of gas slugs as they move toward the surface.
Sensitivity analyses show that fluid properties, friction,
and trajectory geometry all have a significant impact
on the magnitude and timing of observed responses
during a gas kick.

On the data-driven side, synthetic simulation outputs
provide labeled time series for training
machine-learning models aimed at kick detection and
characterization based on surface measurements.
Recurrent and convolutional neural network
architectures, along with probabilistic models, can
learn mappings from measurement histories to
underlying states such as onset of kick, influx volume,
and risk indicators [60]. Statistical validation
highlights the importance of robust training practices,
uncertainty quantification, and calibration, especially
when models are to be used in operational settings.
Physics-informed strategies and domain adaptation
techniques offer pathways for improving the transfer of
such models from synthetic to field environments.

The integrated viewpoint adopted here underscores the
complementary roles of physics-based and data-driven
methods. Detailed multiphase flow simulations provide
insight into mechanisms and furnish structured data,
while machine-learning models condense complex
patterns into operationally useful predictions.
Limitations remain, including uncertainties in model
parameters, possible discrepancies between simulated
and actual behavior, and challenges in ensuring
reliable performance under varying conditions and
data quality. Future work may focus on extending the
physical model to include more detailed thermal and
three-dimensional effects, enhancing the statistical
treatment of uncertainty, and incorporating field data
to refine and validate both the simulations and the
machine-learning models. In this way, the framework
can evolve to support more informed and responsive
well control strategies in deviated and horizontal
drilling environments under variable pressure
conditions [61].
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