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Abstract

Gas influx into a drilling annulus can evolve rapidly as it migrates upward through changing pressure, temperature,
and hydrodynamic conditions. The resulting two-phase flow regimes are not only a consequence of the influx rate and
gas properties but also of transient frictional losses, pipe eccentricity, and phase change driven by solubility. Reliable
monitoring therefore requires models that remain predictive across regime transitions while remaining consistent with
limited measurements available in operational settings. This paper develops a regime-aware digital twin that cou-
ples a reduced one-dimensional two-fluid formulation, a solubility-mediated mass-transfer model, and a probabilistic
computer-vision regime identifier, enabling joint estimation of kick size, gas distribution, and evolving flow pattern
from pressure and imaging data. The technical contribution is a unified latent-regime closure that is differentiable,
smoothly switches interfacial momentum and friction correlations, and is constrained by conservation laws while
remaining compatible with learning-based observation models. The approach explicitly represents dissolution and
exsolution through a saturation-tracking state variable and leverages temporal visual features to infer regime prob-
abilities with calibrated uncertainty. The overall inference problem is cast as a constrained Bayesian filtering task,
where the physics model provides a predictive prior and computer vision provides a high-bandwidth likelihood over
regime and void-fraction proxies. The framework is designed to generalize across static and circulating conditions,
to accommodate gas-specific solubility effects, and to support mitigation-oriented control by predicting near-term
pressure evolution under candidate actuation trajectories.

1. Introduction
Gas kicks in wellbores are fundamentally transient mul-
tiphase events in which a compressible, buoyant phase
enters a confined vertical annulus and migrates upward
under gravity while interacting with a moving or quies-
cent liquid phase [1]. Even when the inflow boundary
condition is relatively simple, the ensuing dynamics
quickly become high dimensional. The gas phase ex-
pands as hydrostatic pressure decreases with elevation,
the liquid phase accelerates or decelerates depending
on circulation and choke conditions, and interfacial mo-
mentum exchange changes as the flow reorganizes into
distinct regimes such as dispersed bubbly, elongated
bubble, churn-like structures, or intermittent config-
urations. These regime changes matter because the
effective slip between phases, the interfacial area avail-
able for dissolution, and the frictional pressure gradient
are all regime dependent [2]. In practice, monitoring
and decision-making are commonly driven by pressure
measurements, pit-volume changes, and surface flow
signals. Yet these measurements are indirect and of-
ten insufficient to uniquely infer the evolving downhole
gas distribution, particularly during the critical early

period when mitigation choices have the largest impact.

A central challenge is that classical one-dimensional
drift-flux or two-fluid models require closure relations
that are sensitive to regime and geometry, while regime
itself is rarely observed directly in field conditions. In
an annulus, the geometry introduces additional com-
plexity relative to a pipe [3]. The hydraulic diameter
is not constant under eccentricity, and the gas phase
can preferentially rise along the wider side, modifying
apparent slip and creating azimuthal asymmetry that
is difficult to capture with purely one-dimensional state
variables. When circulation is present, additional fric-
tional losses and liquid momentum can shift the onset
of turbulence and alter the morphological evolution of
the gas structure. Moreover, for soluble gases, disso-
lution at elevated pressure downhole and exsolution
near the surface can change the effective gas volume
fraction in ways that are not proportional to simple
compressibility alone. These processes make it diffi-
cult to deploy models that are both computationally
fast enough for real-time use and faithful enough to
support safety-critical decisions [4].
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Figure 1. End-to-end regime-aware digital twin: pressure and video observations inform a latent regime field that gates
slip, friction, and mass-transfer closures inside a reduced physics core, enabling Bayesian state estimation and mitigation-
oriented forecasting.

This paper addresses the observability and closure
problem by integrating physics-based modeling with
computer-vision-based flow regime identification. The
guiding thesis is that regime is best treated neither
as an externally prescribed label nor as an unmodeled
nuisance, but as a latent dynamical variable that can
be inferred from visual evidence and used to condition
physics closures in a differentiable, uncertainty-aware
manner. The resulting digital twin treats regime as a
probabilistic field over axial position and time, couples
it to interfacial momentum exchange and wall friction,
and constrains the overall evolution by conservation
laws and thermodynamic solubility relations. The com-
putational goal is not to replace mechanistic models
with a purely data-driven surrogate, but to reduce the
reliance on brittle heuristic regime maps by learning an
observation model that informs regime probability di-
rectly from images while the physics model regularizes
the inference through mass and momentum balance [5].

Laboratory experiments have demonstrated that regime
evolution following an initial elongated-bubble signa-
ture can depend strongly on kick characteristics and
geometry, including eccentricity effects and solubility-
driven changes in gas availability; for example, con-
trolled shut-in observations reported regime progres-
sion and turbulence onset variations under different in-
jection histories and gas types in a tall annular setup
[6]. Under circulating conditions, the interplay be-

tween frictional losses and liquid momentum further
complicates the post-impact morphology, motivating
closures that respond to evolving mixture velocity and
not merely to initial kick parameters [7]. These em-
pirical findings are consistent with the broader model-
ing view that regime-conditioned closures and solubil-
ity coupling are necessary for predictive migration fore-
casts. At the same time, recent availability of curated
visual datasets of vertical annular two-phase regimes
provides a pathway to learn robust image-to-regime
mappings that can be integrated into real-time infer-
ence pipelines without abandoning physical constraints.

The contributions of this paper are organized around
a unified formulation. A reduced two-fluid annular
model is developed with explicit compressibility, dis-
solution, and frictional loss terms, designed to be dis-
cretized coarsely for fast prediction while preserving
the dominant physics controlling pressure and void frac-
tion [8]. A latent-regime gating mechanism is intro-
duced to blend closure relations smoothly, avoiding
discontinuities that destabilize filtering and gradient-
based optimization. A temporal computer-vision model
is proposed to infer regime probabilities and auxiliary
continuous proxies from video streams, with uncertainty
calibration to prevent overconfident regime switching
when images are ambiguous or out of distribution. These
components are fused through a constrained Bayesian
filtering framework that estimates influx rate history,
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Figure 2. Reduced annular two-fluid model with an explicit dissolved-gas state. Latent regime weights gate slip, friction,
and mass-transfer terms so that pressure and void-fraction dynamics remain consistent through transitions and solubility-
driven phase exchange.
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Figure 3. Differentiable latent-regime gating. Regime logits are mapped to simplex weights, then used to blend correlation
parameters smoothly so slip, friction, and mass transfer can adapt continuously without hard switching.

gas distribution, and regime field while producing pre-
dictive intervals for pressure and void fraction. Finally,
the digital twin is connected to mitigation-oriented con-
trol by embedding the predictor within a receding-horizon
optimization that respects pressure safety constraints
while accounting for regime-dependent friction and slip
[9].

The remainder of the paper develops the approach
in a self-contained manner. The physical phenomenol-
ogy of annular gas migration is framed in terms of
timescales, dimensionless groups, and geometry, em-
phasizing what must be captured by any reduced model.
The governing equations are then presented with an
emphasis on differentiable closure blending and solu-
bility state tracking. The vision model is described as
an observation module that outputs a calibrated dis-
tribution over regime and continuous flow descriptors
rather than a single hard label [10]. Sensor fusion and
state estimation are formulated as a constrained infer-
ence problem that can be implemented with particle
filtering or ensemble smoothing. The final section ties
the digital twin to mitigation-oriented control, show-
ing how probabilistic regime inference and solubility

coupling can alter predicted pressure trajectories and
therefore decision margins.

2. Physical Setting and Phenomenology of Migrating
Kicks
An annular gas kick begins with an influx event at
some depth that introduces a compressible phase into
a column of drilling fluid. The annulus is bounded
internally by the drill pipe and externally by the cas-
ing or open hole, with a cross-sectional area that de-
pends on diameters and any eccentricity [11]. Even
in a nominally vertical configuration, eccentricity can
be induced by contact and stiffness variations, causing
the local gap width to vary azimuthally. This geo-
metric nonuniformity influences both the liquid veloc-
ity profile and the gas rise pathway. Gas tends to
migrate through the region of larger hydraulic radius,
which can increase effective slip relative to concentric
assumptions and can create intermittent coalescence
and breakup as the gas phase interacts with shear gra-
dients. While a fully resolved three-dimensional de-
scription would be ideal, operational constraints mo-
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Figure 4. Computer-vision observation module. Spatiotemporal features yield a regime distribution and auxiliary contin-
uous proxies, while calibration mechanisms provide uncertainty-aware likelihoods for fusion with the physics model.
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Figure 5. Sequential inference loop. The physics model supplies predictive priors, pressure and vision provide likelihood
updates, and constraint-aware parameterizations preserve physical feasibility while producing uncertainty-calibrated esti-
mates.

tivate reduced descriptions that must still encode the
impact of geometry on friction and slip [12].

The morphological evolution of the gas phase is in-
fluenced by the initial influx characteristics but is not
fully determined by them. The gas may initially ap-
pear as an elongated structure, particularly when in-
jected through a restricted opening that encourages
coalescence near the source. As the gas rises, pres-
sure decreases, the gas expands, and the local void
fraction can increase even if the mass of gas is un-
changed. Expansion modifies both buoyancy and inter-
facial area, and the local mixture velocity can change
due to continuity constraints and pressure-driven accel-
eration [13]. These effects can trigger transitions from
dispersed bubbles to larger structures and to churn-like
motion, especially when inertial forces dominate sur-
face tension and when the void fraction crosses thresh-
olds that destabilize uniform distributions. In an annu-

lus, wall effects and the presence of two boundaries can
stabilize or destabilize certain structures relative to a
pipe, and the onset of slug-like intermittency can de-
pend sensitively on eccentricity and on whether liquid
circulation is present.

Solubility adds a second pathway by which the ap-
parent gas volume fraction can change with elevation.
A soluble gas can dissolve into the liquid phase at
higher pressure, reducing free-gas volume, and then ex-
solve as pressure decreases near the surface [14]. This
produces a hysteretic behavior in which the free-gas
fraction depends on both the current pressure and the
prior exposure history of the liquid to gas. When the
liquid is not saturated, dissolution can significantly de-
lay the growth of void fraction as the gas rises. When
the liquid becomes saturated at depth, subsequent pres-
sure drop can release gas rapidly, increasing bubble
nucleation and potentially shifting the regime toward
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Figure 6. Mitigation-oriented use of the digital twin. Posterior particles are rolled forward under candidate actuation
trajectories to evaluate constraint risk under regime-dependent slip, friction, and solubility effects, supporting receding-
horizon decision-making.

more dispersed and agitated structures near the top
of the column [15]. The timescale of mass transfer de-
pends on interfacial area, turbulence, and molecular
diffusivity, all of which are regime dependent. A re-
duced model therefore requires at least a minimal state
representation of dissolved gas content and a coupling
between regime and effective mass-transfer coefficients.

Dynamic conditions during drilling or circulation
introduce additional momentum exchange and frictional
losses. Liquid circulation imposes a baseline mixture
velocity that can suppress buoyancy-driven segregation
in some regimes and enhance turbulence and breakup
in others [16]. Frictional pressure gradient is not sim-
ply proportional to mixture velocity because it is in-
fluenced by effective viscosity, phase distribution near
walls, and intermittent acceleration events in churn-
like motion. In a circulating annulus, the same amount
of gas mass can lead to different surface pressure signa-
tures depending on how quickly the gas is transported,
how strongly it slips, and how it redistributes across
the cross section. These dependencies complicate the
inverse problem of estimating kick size from limited
surface measurements, since multiple internal configu-
rations can be consistent with similar pressure traces.

From a modeling perspective, the key phenomeno-
logical requirement is to represent the coupled evolu-
tion of pressure, void fraction, and slip in a way that is
robust to regime transitions and to partial dissolution
[17]. A second requirement is to represent the effect
of annular geometry and eccentricity on friction and
slip without requiring azimuthal resolution. A third
requirement is observability: since regime and void
fraction are not directly measured downhole in many
scenarios, the model must be able to incorporate addi-

tional data streams when available, such as imaging in
laboratory settings or potentially acoustic or resistiv-
ity proxies in field settings. In the present framework,
visual information is treated as a high-bandwidth ob-
servation that can anchor regime inference, enabling
the physical model to use regime-conditioned closures
without relying exclusively on heuristics.

The phenomenology also motivates a probabilistic
treatment [18]. Regime transitions are not determinis-
tic thresholds; they can occur over ranges of conditions
with stochastic variability due to turbulence and local
perturbations. A hard regime map with abrupt switch-
ing can produce numerical instability and unrealistic
oscillations in predicted pressure gradients, which in
turn degrade filtering. A smooth, probabilistic regime
field allows the digital twin to express uncertainty and
to avoid overcommitting to a single closure when ev-
idence is weak. This is particularly important dur-
ing transitions, where small changes in void fraction
or mixture velocity can alter the dominant interfacial
structures [19]. By encoding regime as a latent variable
inferred from data, the model can adapt its closures
continuously while quantifying the confidence of that
adaptation.

3. Regime‑Aware Reduced Two‑FluidModel with Solu‑
bility Coupling
The digital twin is built around a one-dimensional an-
nular two-fluid formulation that resolves axial varia-
tions while representing cross-sectional complexity through
effective parameters. Let z denote measured depth
(positive upward for convenience) and t denote time.
The annular cross-sectional area is A, and the wetted
perimeter is P, yielding a hydraulic diameter Dh =
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Table 1. Core components of the regime-aware digital twin

Module Purpose Main ingredients
Reduced two‑fluid core 1D annular mass and mo‑

mentum balance
Compressible gas, weakly
compressible liquid, drift‑
flux slip, two‑phase friction

Solubility coupling Track dissolution and exsolu‑
tion of gas

Dissolved mass fraction c,
equilibrium curve c∗(p),
regime‑dependent mass‑
transfer rate ṁtr

Latent‑regime field Smoothly condition closures
onmorphology

Regime logits η, softmax
weights wk, relaxation to‑
ward equilibriummapηeq(q)

Vision observation model Infer regimeand flowdescrip‑
tors from video

Spatiotemporal features,
regime probabilities ŵ,
void‑fraction proxy v̂, inter‑
mittency score ŝ

Bayesian state estimator Fuse physics model with het‑
erogeneous sensing

Particle / ensemble filtering,
constrained state transforms,
likelihoods for pressure and
vision

Prediction and control Evaluate mitigation actions
under uncertainty

Scenario propagation of
particles, risk‑sensitive cost
functional, comparison of
candidate actuation trajecto‑
ries

4A/P [20]. Eccentricity and pipe movement can be
represented through a time-varying effective Dh(t) and
through a correction factor in the friction closure, al-
lowing the model to capture first-order geometric im-
pacts without azimuthal resolution.

Define α(z, t) as the gas void fraction, ug(z, t) and
ul(z, t) as phasic average velocities, ρg(p) as the gas
density, and ρl as the liquid density, treated as weakly
compressible over the pressure range of interest. The
dissolved gas mass fraction in the liquid is represented
by c(z, t), defined as mass of dissolved gas per mass
of liquid. The free-gas pressure is taken equal to mix-
ture pressure p(z, t) under the assumption of negligi-
ble capillary pressure at the reduced-model scale, with
surface tension effects absorbed into regime-dependent
slip and mass-transfer closures [21].

Mass conservation for each phase is expressed as

∂

∂t
(
αρg

)
+

∂

∂z
(
αρgug

)
= sg(z, t) – ṁtr(z, t),

(1)
∂

∂t ((1 – α)ρl) +
∂

∂z ((1 – α)ρlul) = sl(z, t) + ṁtr(z, t),
(2)

where sg and sl represent any distributed sources or
sinks such as influx at depth or leak-off, and ṁtr is
the interphase mass-transfer rate per unit volume that
accounts for dissolution and exsolution. In many kick
scenarios, sg is concentrated near the influx depth and

is zero elsewhere, while sl is determined by circulation
boundary conditions. The dissolved-gas state satisfies
a transport equation consistent with liquid advection
and interphase transfer:

∂

∂t ((1 – α)ρlc) +
∂

∂z ((1 – α)ρlc ul) = ṁtr(z, t) – ṁloss(z, t),
(3)

where ṁloss can represent irreversible processes such
as gas leaving the liquid through microbubble escape
at the surface, though it is typically negligible in a
closed annulus segment and can be used primarily to
regularize boundary layers in simulation.

The momentum balance is expressed in mixture
form with a regime-conditioned slip relation [? ]. De-
fine mixture density ρm = αρg +(1 –α)ρl and mixture
velocity um = αug + (1 – α)ul. A reduced momentum
equation that captures hydrostatic, frictional, and ac-
celeration terms is

∂

∂t (ρmum) +
∂

∂z

(
ρmu2m

)
+

∂p
∂z + ρmg (4)

= – ftp
2Dh

ρmum|um| + ϕslip(z, t). (5)

where g is gravitational acceleration, ftp is an effective
two-phase friction factor, and ϕslip captures residual
momentum exchange effects not represented in mix-
ture form, including drift contributions that arise when
phasic velocities differ significantly. In implementa-
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Table 2. Selected notation for the reduced annular model

Symbol Description Units / type
z Measured depth (positive up‑

ward)
m

t Time s
A, P Annular cross‑sectional area

and wetted perimeter
m2, m

Dh Hydraulic diameter 4A/P
(eccentricity‑effective)

m

α Gas void fraction –
ug, ul, um Gas, liquid, and mixture ve‑

locities
m/s

p, c, ρm Mixture pressure, dissolved‑
gas mass fraction, mixture
density

Pa, –, kg/m3

Table 3. Key physical phenomena influencing annular gas-kick migration

Phenomenon Effect onmigration Representation in model
Gas compressibility Expansion as pressure de‑

creases, changing buoyancy
and void fraction

Pressure‑dependent density
ρg(p) in mass balance and
momentum equations

Buoyancy and slip Relative rise of gas against
liquid, modifying transport
speed

Drift‑flux relation
jg = C0(r)αjm + Vgj(r)α

Annular geometry and eccen‑
tricity

Asymmetric pathways and
modified friction

EffectiveDh(t) and eccentric‑
ity factor in two‑phase fric‑
tion closure ftp

Solubility of gas in liquid Dissolution at depth and ex‑
solution near surface

State variable c, equilibrium
c∗(p), transfer term ṁtr ∝
kL(r)ai(α, r)(c∗ – c)

Circulation and frictional
losses

Additional momentum input
and pressure drop

Boundary conditions on ul,
regime‑aware friction factor
ftp(α, r, Rem)

Intermittent / churn‑like mo‑
tion

Enhanced fluctuations and
energy dissipation

Regime‑dependent friction
blending and pressure‑
variance proxy σ2p(z, t)

tions aimed at real-time inference, ϕslip is often ab-
sorbed into the slip closure by defining a drift-flux re-
lation and computing ug and ul accordingly, thereby
keeping a single momentum equation and reducing stiff-
ness.

Slip is introduced through a regime-aware drift re-
lation. Let superficial velocities be jg = αug and jl =
(1 – α)ul, and define jm = jg + jl = um in the present
normalization [22]. The drift-flux form is written as

jg = C0(r)α jm + Vgj(r)α, (6)

where C0(r) and Vgj(r) depend on a latent regime vari-
able r(z, t) that encodes morphological state. This
form allows the model to represent increased slip in
elongated-bubble or churn-like structures through larger
Vgj, while dispersed bubbly regimes can be represented

with smaller drift velocity and different distribution
parameter C0. The dependence on r will be made ex-
plicit through a smooth gating mechanism that blends
parameter sets associated with canonical regimes.

Solubility coupling enters through ṁtr, which is
modeled as a relaxation toward equilibrium governed
by Henry-type solubility and a regime-dependent inter-
facial area. Let c∗(p) denote the equilibrium dissolved-
gas mass fraction at pressure p for the gas–liquid pair
under consideration. The equilibrium is approached
via [23]

ṁtr = kL(r) ai(α, r) ρl
(
c∗(p) – c

)
, (7)

with kL(r) an effective liquid-side mass-transfer coef-
ficient and ai(α, r) an interfacial area density. This
form allows dissolution when c < c∗(p) and exsolution
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Table 4. Canonical flow regimes and qualitative closure behavior

Regime Morphology Slip / friction traits Interfacial area trend
Dispersed bubbly Many small bubbles

in continuous liquid
Modest slip, friction
close to liquid‑
dominated

High area density,
strong dissolution
potential

Elongated bubble Large bullet‑like gas
structures

Higher slip, reduced
wall wetted by liquid

Lower area per gas
volume than bubbly
flow

Churn‑like Agitated, rapidly
breaking / coalesc‑
ing gas pockets

Strong fluctuations,
enhanced effective
friction

Intermediate area,
strongly time‑
varying

Intermittent / slug Alternating gas‑rich
and liquid‑rich seg‑
ments

Large pressure
oscillations, regime‑
dependent slip

Area modulated by
slug structure and
film thickness

Table 5. Latent-regime gating and blended closures

Closure quantity Blending expression Primary effect on dynamics
Distribution parameter
C0(r)

∑
k wkC0,k Controls partition of mixture

flux between gas and liquid
Drift velocity Vgj(r)

∑
k wkVgj,k Sets slip betweenphases and

gas rise speed
Two‑phase friction ftp(r) Blended via dissipation den‑

sityD =
∑

k wkDk

Determines frictional pres‑
sure gradient and energy
loss

Mass‑transfer coefficient
kL(r)

∑
k wkkL,k Modulates rate of dissolution

and exsolution
Interfacial area ai(α, r)

∑
k wkai,k(α) Couplesmorphology to avail‑

able area for mass transfer
Pressure‑variance proxy σ2p Source term∝ βσ(r)ρ2mu4m Encodes regime‑dependent

intermittency in the likeli‑
hoodmodel

when c > c∗(p), thereby capturing hysteresis through
the state variable c. In practice, exsolution can be
limited by nucleation kinetics and may require super-
saturation; such effects can be represented by replac-
ing (c∗(p) – c) with a smoothed function that delays
exsolution until c exceeds c∗(p) by a small threshold.
The threshold is not treated as a fixed constant but as
a regime-dependent parameter, since turbulence and
existing bubbles facilitate exsolution by providing nu-
cleation sites [24].

The reduced model must also close ftp. A regime-
aware friction factor is expressed as a blend between
a liquid-dominated friction factor fl and a gas-affected
factor fg, with additional dependence on void fraction:

ftp(α, r, Rem) = λ(r) fmix(α, Rem) +
(
1 – λ(r)

)
fint(α, Rem),

(8)

where Rem = ρm|um|Dh/µeff is an effective mixture
Reynolds number based on an effective viscosity µeff,
and fmix and fint represent alternative parameteriza-
tions suitable for dispersed versus intermittent mor-

phologies. The blending coefficient λ(r) is derived from
the same latent regime field used for slip, ensuring con-
sistent closure switching. Eccentricity effects can be
embedded by allowing Dh and a correction factor κe to
modify the friction term as ftp/Dh 7→ κe ftp/Dh, where
κe can be inferred or bounded based on known geome-
try.

To make the model computationally tractable for
inference, spatial discretization is performed on a coarse
grid in z with conservative fluxes, and the latent regime
field is represented per cell [25]. The governing equa-
tions are integrated using a semi-implicit scheme for
the pressure and mass-transfer terms to handle stiff-
ness introduced by gas compressibility and rapid dis-
solution near equilibrium. Differentiability is main-
tained by using smooth approximations for absolute
values and by avoiding hard regime switches, enabling
gradient-based parameter adaptation and enabling the
vision model outputs to influence closures continuously.
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Table 6. Computer-vision observation outputs and their roles

Output Type Use in digital twin
Regime weights ŵ Probability vector on simplex Likelihood term for latent log‑

its η, informs closure blend‑
ing

Void‑fraction proxy v̂ Continuous estimate from
segmentation or texture

Anchors axial evolution of α
through a noisy observation
model

Intermittency score ŝ Scalar derived from temporal
variation

Guides regime preference to‑
ward churn‑like or slug‑like
states

Aleatoric uncertainty Frame‑specific confidence in‑
dicator

Modulates concentration pa‑
rameter κv in regime likeli‑
hood

Epistemic uncertainty Ensemble‑ or dropout‑based
spread

Downweights vision influ‑
ence under domain shift

Table 7. Main state components in the Bayesian filtering formulation

State component Representation Notes
Pressure p(z) Discretized over axial grid Constrainedbymass andmo‑

mentum balance, observed
at sensor depths

Void fraction α(z) Logistic transform of uncon‑
strained variable

Bounded between 0 and 1,
strongly coupled to slip and
friction

Dissolved‑gas fraction c(z) Saturating transform to en‑
force physical bounds

Encodes solubility memory
and hysteresis along the col‑
umn

Mixture / phasic velocities um(z) (and derived ug, ul) Driven by boundary condi‑
tions, friction, and gas expan‑
sion

Regime logits η(z) Low‑dimensional latent field Advected and relaxed, cor‑
rected by visual observations

Influx and geometry parame‑
ters

Basis coefficients for qg(t),
factor κe

Capture kick history and ef‑
fective eccentricity in a low‑
dimensional form

4. Latent‑RegimeGatingandDifferentiableClosureBlend‑
ing

A core difficulty in regime-aware multiphase modeling
is that regime boundaries are not sharply defined, and
hard switching between closure correlations can pro-
duce discontinuous flux Jacobians that destabilize both
time integration and data assimilation. To address this,
regime is represented by a continuous latent variable
r(z, t) mapped to a simplex of regime weights [26]. Con-
sider a set of K canonical regimes, each associated with
a parameter tuple Θk that defines C0, Vgj, kL, and
friction parameters. The model defines regime weights
wk(z, t) satisfying

∑K
k=1 wk = 1 and wk ≥ 0, and con-

structs closures as convex combinations:

C0(r) =
K∑

k=1

wk C0,k, (9)

Vgj(r) =
K∑

k=1

wk Vgj,k, (10)

kL(r) =
K∑

k=1

wk kL,k, (11)

ftp(r) =
K∑

k=1

wk ftp,k. (12)

The weights are generated from a low-dimensional regime
logit vector η(z, t) ∈ RK using a softmax map, wk =
exp(ηk)/

∑
j exp(ηj). The logits evolve according to a
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Table 8. Prediction and mitigation-oriented quantities of interest

Quantity Description Dependence on regime and
solubility

Control trajectory u(t) Pump rate, choke settings,
circulation strategy

Alters mixture velocity, fric‑
tional losses, and pressure
levels

Bottomhole pressure pbh(t) Pressure near influx depth Sensitive to gas expansion,
dissolution at depth, and fric‑
tion profile

Casing‑shoe pressure
pshoe(t)

Representative structural
load

Affected by regime‑
dependent pressure gradient
above the shoe

Near‑surface void fraction
αsurf(t)

Gas presence in upper annu‑
lus segment

Influenced by slip, exsolu‑
tion, and morphology near
the surface

Risk‑sensitive cost J(u) Expected penalty over hori‑
zon

Aggregates probability of
pressure violations and high
gas fraction under uncer‑
tainty

relaxation dynamics that encourages consistency with
local hydrodynamic conditions while allowing data-driven
correction:

∂η

∂t + um
∂η

∂z = – 1

τr

(
η – ηeq(q)

)
+ ξ(z, t), (13)

where τr is a regime adaptation timescale, q(z, t) is
a vector of local features derived from the physical
state, ηeq(q) is a smooth equilibrium mapping, and
ξ is a correction term supplied by data assimilation.
The feature vector q may include void fraction, mix-
ture Reynolds number, Froude-like groups based on
u2m/(gDh), and a capillary-related group based on effec-
tive surface tension. Importantly, ηeq(q) is not a hard
regime map. It is a smooth function implemented as
a small differentiable network or as an analytic regres-
sion that outputs logits rather than labels, ensuring
continuity.

This latent-regime equation serves two roles [27].
It provides a physically plausible prior evolution for
regime, preventing the vision module from causing rapid,
spatially incoherent switching due to noise. It also al-
lows the assimilation algorithm to treat regime as a
state variable rather than a static classification, en-
abling temporal smoothing and uncertainty quantifi-
cation. The regime timescale τr can be interpreted as
the time required for morphological reorganization un-
der local shear and buoyancy conditions; it is expected
to decrease under high turbulence and increase under
quiescent conditions. This dependence can be encoded
by setting τr = τ0/(1+χReγm) with parameters τ0,χ,γ
inferred from data [28].

The interfacial area term ai(α, r) is a primary chan-
nel through which regime affects dissolution and exso-
lution. A dispersed bubbly regime typically has high

interfacial area per unit volume, while elongated bub-
bles reduce area density for the same void fraction. A
differentiable parameterization is

ai(α, r) =
K∑

k=1

wk ai,k(α), ai,k(α) =
6α

db,k(α)
σk(α),

(14)

where db,k(α) is an effective bubble diameter function
in regime k and σk(α) is a smooth saturation factor
that prevents unphysical growth as α → 1. In elongated-
bubble regimes, db,k is replaced by an equivalent hy-
draulic length scale tied to Dh, yielding reduced ai
and hence slower dissolution for a given α. This cou-
pling captures a key mechanism by which morphol-
ogy influences solubility-mediated dynamics, namely
that the same gas mass can produce different dissolved-
gas uptake depending on whether it is dispersed into
many small bubbles or concentrated into large struc-
tures [29].

The friction closure blending is designed to pre-
serve monotonicity of pressure drop with respect to
mixture velocity in the range of interest. If ftp,k are
parameterized in a way that can violate monotonicity
when blended, the model can produce spurious accel-
erations during transitions. To mitigate this, friction
is blended at the level of an energy dissipation term
rather than directly blending friction factors. Define
a dissipation density Dk = (ftp,k/2Dh) ρmum|um|, and
blend D =

∑
k wkDk, then recover an effective friction

factor ftp = 2DhD/(ρmum|um| + ϵ) with a small ϵ for
differentiability near um = 0. This approach makes the
friction term convex in the regime weights and reduces
the risk of nonphysical negative dissipation.

A related issue is the representation of intermittent
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Table 9. Selected modeling and inference challenges with mitigation strategies

Challenge Source Mitigation strategy
Ill‑posed inverse from pres‑
sure only

Multiple gas distributions fit
similar pressure traces

Introduce latent regime
field and dissolved state,
use Bayesian filtering with
uncertainty

Regime transition ambiguity Non‑unique thresholds and
stochastic variability

Use continuous logits η

with softmax weights and
relaxation dynamics instead
of hard maps

Solubility parameter uncer‑
tainty

Limited data on c∗(p) and kL
for specific fluids

Treat solubility parameters
as uncertain, infer from data
with conservative priors

Vision domain shift Different fluids, geometries,
or optics than training set

Calibrated uncertainty, en‑
semble predictions, and
physics‑based regularization
of regime

Unresolved intermittency Coherent oscillations not
captured by coarse grid

Statistical treatment via vari‑
ance proxy σ2p and inflated
model error

Numerical stiffness Coupled compressibility,
mass transfer, and closures

Semi‑implicit time integra‑
tion and smooth, differen‑
tiable closure formulations

pressure signatures associated with churn-like motion
[30]. A fully resolved model would require capturing
large-scale oscillations and local accelerations. In a re-
duced model, these effects are represented statistically
through an additive pressure-gradient variance term
that informs uncertainty in predictions rather than al-
tering the mean dynamics directly. Let σ2p(z, t) denote
a local variance proxy driven by regime and mixture
velocity:

∂σ2p
∂t + um

∂σ2p
∂z = – 1

τσ
σ2p + βσ(r) ρ2mu4m, (15)

where βσ(r) increases for intermittent regimes [31]. This
variance proxy is used in the Bayesian filter likelihood
to prevent overfitting pressure data when intermittent
dynamics are present but unresolved at the model scale.

The latent-regime closure blending is thus not merely
a numerical trick but a modeling stance: regime is
treated as a continuous, uncertain field that shapes
slip, friction, and mass transfer. The blending is differ-
entiable, enabling end-to-end calibration and making
it compatible with modern learning-based observation
models. The next section describes how computer vi-
sion provides such observations and how it can be inte-
grated without forcing the paper to hinge on any single
dataset [32].

5. ComputerVisionObservationModel forFlow‑Regime
Identification
Visual sensing provides a direct view of the morphol-
ogy that regime-aware closures attempt to represent.

Even when field deployment is constrained, laboratory
datasets and controlled experiments provide a pathway
to develop and validate image-based regime inference
modules that can later be adapted to other sensing
modalities. The vision component in the present frame-
work is designed as an observation model that outputs
a probability distribution over regimes and continuous
auxiliary descriptors such as a void-fraction proxy and
an intermittency index. These outputs are treated as
noisy measurements that constrain the latent regime
field and, indirectly, the slip and friction closures [33].

The observation model is trained and evaluated us-
ing a curated annular two-phase image dataset cap-
turing regime transitions in a vertical tower configu-
ration, with high-resolution imagery intended to sup-
port machine-vision development for regime detection
[34]. The dataset’s focus on vertical conditions and
its omission of certain extreme regimes motivates de-
sign choices aimed at generalization rather than over-
specialization. In particular, the vision model is con-
structed to rely on spatiotemporal texture and motion
cues that are stable across moderate domain shifts, and
it is equipped with uncertainty mechanisms to recog-
nize when inputs are outside the training distribution.

Let It–L:t denote a short temporal window of im-
ages. The vision model defines

ŵ(z, t), v̂(z, t), ŝ(z, t) = Vθ(It–L:t) , (16)

where ŵ is a predicted regime weight vector on the sim-
plex, v̂ is a continuous void-fraction proxy, and ŝ is an
intermittency score. The architecture is chosen to cap-
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ture both spatial morphology and temporal evolution
[35]. A practical choice is a convolutional backbone for
spatial feature extraction followed by a temporal trans-
former or gated recurrent unit that aggregates motion
information without assuming periodicity. The tempo-
ral component is important because still images can be
ambiguous between certain regimes that differ primar-
ily in dynamics, such as slowly varying slug-like struc-
tures versus churn with rapid breakup and coalescence.
The model is trained with a combination of supervised
regime labels and self-supervised temporal consistency
losses that encourage stable predictions under small
time shifts.

Because regime classification errors can have out-
sized effects when used to gate physical closures, cali-
bration is essential [36]. The model therefore outputs
not only point estimates but also uncertainty. Two
complementary uncertainty types are represented. Aleatoric
uncertainty captures inherent ambiguity due to occlu-
sion, lighting, or morphological overlap; it is modeled
by predicting a concentration parameter for a Dirichlet
distribution over regime weights, enabling the model to
express diffuse beliefs when evidence is weak [37]. Epis-
temic uncertainty captures model uncertainty under
domain shift; it is approximated using an ensemble of
networks or stochastic dropout at inference time, pro-
ducing a distribution over outputs. The digital twin
uses these uncertainty estimates to temper the influ-
ence of vision during assimilation, preventing abrupt
closure changes when the vision model is uncertain.

To connect visual cues to physically meaningful prox-
ies, the model includes auxiliary heads trained on con-
tinuous targets derived from image statistics when di-
rect void-fraction ground truth is unavailable. For ex-
ample, the fraction of pixels classified as gas-like under
a learned segmentation can serve as a monotone proxy
for void fraction under fixed lighting and geometry [38].
Even if not absolutely calibrated, such proxies provide
valuable constraints on axial evolution when combined
with pressure measurements. The model also predicts
an intermittency score based on frame-to-frame varia-
tion in segmentation maps and optical flow magnitude,
capturing the temporal variability that is characteris-
tic of churn-like motion. These auxiliary outputs are
not treated as definitive measurements but as informa-
tive cues that reduce ambiguity in the physical inverse
problem.

A key concern is that the dataset used for train-
ing may not include soluble-gas effects, non-Newtonian
drilling fluids, or eccentric annular geometries that ap-
pear in broader applications [39]. The framework ad-
dresses this by emphasizing domain-robust feature learn-
ing and by providing a pathway for physics-guided
augmentation. Synthetic image generation from com-
putational fluid simulations can be used to diversify
morphological patterns, but even without photoreal-
istic rendering, texture and motion statistics can be

perturbed through controlled transformations that pre-
serve regime semantics. The model is also trained with
invariances to illumination, contrast, and mild geomet-
ric distortions to reduce sensitivity to camera place-
ment. When the vision module is deployed in a new do-
main, its epistemic uncertainty acts as a safeguard, re-
ducing its weight in assimilation until adaptation data
are available [40].

Finally, the vision module is integrated into the
digital twin as a likelihood function. If η(z, t) are the
latent regime logits, then the vision observation can be
modeled as

p(ŵ | η) ∝ Dirichlet(ŵ; κv softmax(η)) , (17)

p(v̂ | α) = N
(

v̂; hv(α), σ2v
)

. (18)

with κv reflecting confidence and hv mapping void frac-
tion to the proxy space. The dependence of κv on
predicted uncertainty ensures that ambiguous frames
exert less influence [41]. This probabilistic interface al-
lows the vision module to inform regime inference with-
out dictating it, preserving a balance between data-
driven evidence and physics-based constraints.

6. BayesianSensorFusionandReal‑TimeStateEstima‑
tion
The digital twin’s operational value depends on its abil-
ity to estimate hidden states and uncertain parame-
ters from limited measurements. The state includes
pressure p(z, t), void fraction α(z, t), dissolved-gas frac-
tion c(z, t), mixture velocity um(z, t) or superficial ve-
locities, and regime logits η(z, t). Additional param-
eters may include effective eccentricity correction κe,
inflow boundary conditions for gas and liquid, and gas-
specific solubility parameters embedded in c∗(p) [42].
The estimation goal is to infer the posterior distribu-
tion over these quantities given time-series measure-
ments such as pressure at discrete sensor depths, sur-
face flow rates, and vision outputs when available.

Let the discretized state vector at time step n be
xn, and let the measurement vector be yn. The physics
model provides a transition density

xn+1 = F(xn, un) +ωn, (19)

where un denotes known inputs such as pump rate or
choke setting, and ωn represents model error, includ-
ing unresolved intermittency and uncertain closures
[43]. Measurements satisfy

yn = H(xn) + νn, (20)

where H extracts pressure at sensor locations and in-
cludes the vision likelihood described earlier. The pos-
terior p(xn | y1:n) is propagated sequentially.

A particle filtering approach is attractive because
the dynamics are nonlinear and regime uncertainty can
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produce multimodal posteriors. Each particle carries
a full state realization including regime logits. The
transition step advances the reduced model using the
particle’s parameters and states [44]. The update step
weights particles by the likelihood of observed pres-
sures and vision outputs. To avoid particle degener-
acy when the state dimension is large, the filter lever-
ages structure: regime logits are updated using a con-
ditional move that combines the relaxation prior with
a gradient-informed correction from the vision likeli-
hood, while the physical variables are nudged through
an ensemble Kalman-like affine update conditioned on
pressure residuals. This hybrid approach preserves the
ability to represent multimodality in regime while ex-
ploiting approximate Gaussian structure in pressure-
driven corrections.

The assimilation must respect physical constraints
such as 0 ≤ α ≤ 1, positivity of densities, and satura-
tion bounds on dissolved gas [45]. Constraint handling
is implemented through smooth transformations. Void
fraction is represented via a logistic map α = σ(ζ)
with unconstrained ζ, and regime weights are repre-
sented via softmax logits. Dissolved fraction c is repre-
sented via a saturating transform that enforces nonneg-
ativity and caps c at a maximum physically plausible
value linked to c∗(p) under maximum pressure. These
transforms ensure that filter updates cannot produce
unphysical states that would destabilize the forward
model [46].

Kick characterization is naturally expressed in terms
of an unknown influx history at depth. Rather than
estimating a single scalar kick volume, the framework
estimates a low-dimensional parameterization of the in-
flow rate qg(t) over a recent time window. This param-
eterization can be expressed as a smooth basis expan-
sion whose coefficients are included in the state. The
filter then infers these coefficients by matching pres-
sure and regime observations [47]. This approach ac-
commodates the fact that influx can be intermittent
and that surface signatures depend on both total mass
and timing. The inferred inflow history also supports
predictive forecasting because it provides a consistent
initial condition for forward simulation.

A major benefit of including solubility and the dissolved-
gas state is improved identifiability of gas mass un-
der conditions where free-gas volume is suppressed at
depth [48]. In purely compressible models without
dissolution, early-time pressure responses can be mis-
attributed to small influxes because the free gas is
assumed to remain free and therefore expands more
rapidly. By tracking c and allowing dissolution, the
model can represent scenarios where a significant amount
of gas mass is temporarily hidden in solution, delaying
void-fraction growth. The filter can then use later exso-
lution signatures, such as increased visual bubble den-
sity or changes in pressure gradient near the surface,
to revise estimates of the earlier influx. This temporal

coupling produces more consistent posteriors, particu-
larly when the available sensors are sparse [49].

The probabilistic regime field also acts as an ex-
planatory variable for pressure residuals. If the model
predicts a pressure gradient that is too low, a plausible
explanation is that the true regime is more intermittent
or churn-like than assumed, which would increase fric-
tion and alter slip. Rather than forcing a correction
solely through void fraction or inflow rate, the filter
can adjust regime logits to explain pressure differences
while keeping mass conservation intact. This reduces
the risk of compensating errors in which the model
overestimates gas volume to match pressure drop when
the true discrepancy arises from friction closure mis-
match [50].

Real-time viability is achieved by keeping the state
dimension modest through coarse axial discretization
and by using efficient forward integration. The regime
logits can be represented at the same grid resolution
as pressure, and the vision likelihood can be computed
at the camera’s axial location, optionally augmented
by a short axial footprint if the camera observes a seg-
ment. The overall computation scales linearly with
the number of grid cells and particles. For scenarios in
which only pressure data are available, the vision mod-
ule is simply omitted and the regime evolves according
to the relaxation prior, with increased uncertainty re-
flected in broader posterior distributions over regime
and closures [51].

7. Mitigation‑OrientedPredictionandControlUnderRegime
Uncertainty
A digital twin that estimates current state is most valu-
able when it can predict near-term evolution under can-
didate mitigation actions. In drilling contexts, actions
may include adjusting choke pressure, changing pump
rate, or modifying circulation strategy. The aim is to
keep bottomhole and casing pressures within safe mar-
gins while transporting the influx in a controlled man-
ner. This paper treats control at a conceptual algo-
rithmic level, focusing on how regime-aware modeling
and solubility coupling affect predictions and thereby
influence decision margins, rather than prescribing op-
erational procedures [52].

Let u(t) denote a control input trajectory over a
horizon [t0, t0 + T]. The digital twin predicts a dis-
tribution over future pressures and gas distributions
by propagating the posterior particles forward under
u(t). A risk-sensitive objective can be expressed as the
expected penalty of violating pressure bounds and of
excessive gas volume near the surface:

J(u) = E

[∫ t0+T

t0
Φ
(
pbh(t), pshoe(t),αsurf(t)

)
dt
]
+R(u),

(21)
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where pbh denotes bottomhole pressure, pshoe a repre-
sentative casing-shoe pressure, αsurf a surface-segment
void fraction indicator, Φ is a smooth penalty encoding
safety margins, and R(u) regularizes actuation magni-
tude and variability. Because regime affects friction
and slip, and solubility affects free-gas fraction, the
predicted distributions under u(t) can differ materi-
ally from those produced by simpler models [53]. The
control problem is therefore not merely about shift-
ing mean pressures but about shaping uncertainty and
avoiding trajectories that amplify regime-induced vari-
ability.

A practical implementation uses a receding-horizon
strategy in which a finite set of candidate control trajec-
tories is evaluated by forward propagation of particles.
Since the reduced model is differentiable, gradient-based
refinement of control trajectories is possible, but un-
certainty and nonsmooth operational constraints often
motivate sampling-based optimization. The regime-
aware closures influence control evaluation through two
primary mechanisms [54]. One mechanism is frictional
sensitivity: intermittent regimes can produce higher
pressure drops for the same flow, which may reduce
the allowable pump rate margin. Another mechanism
is slip sensitivity: regimes with higher drift velocity
transport gas upward faster, altering when gas reaches
the surface and when exsolution might accelerate void
fraction growth in soluble-gas cases.

Solubility coupling introduces a delayed-response
phenomenon in which actions taken early can influence
later gas release. For example, maintaining higher pres-
sure in an upper segment can keep dissolved gas in so-
lution longer, reducing near-surface bubble formation
in the short term but potentially storing gas that may
later exsolve if pressure drops [55]. Conversely, reduc-
ing pressure may trigger exsolution and increase inter-
facial area, accelerating dissolution if pressure is later
raised, depending on saturation history. These cou-
pled effects make it insufficient to treat gas as a purely
compressible free phase. The digital twin’s dissolved-
gas state provides a memory that allows the controller
to anticipate delayed gas release and to avoid control
actions that inadvertently cause rapid regime transi-
tions near the surface.

Regime uncertainty alters control selection by chang-
ing the distribution of predicted pressure gradients and
transport speeds [56]. If the vision module indicates
high confidence in a dispersed bubbly regime, predicted
friction and slip may be relatively stable, and more ag-
gressive circulation may be feasible within safety mar-
gins. If uncertainty is high or churn-like intermittency
is likely, the predicted pressure distribution widens,
and a risk-sensitive controller would choose more con-
servative actuation to reduce the probability of con-
straint violation. This is a key advantage of treating
regime probabilistically: the controller can explicitly
account for ambiguity rather than acting on a poten-

tially erroneous hard classification.
The same probabilistic machinery also supports di-

agnostic decisions about sensing [57]. If the controller’s
value function is sensitive to regime uncertainty at a
particular axial region, then obtaining additional vi-
sual or other regime-informative measurements there
has high expected value. Even in laboratory studies,
this perspective guides camera placement and frame
rate choices. In broader settings, it motivates adap-
tive sensing strategies that allocate bandwidth to loca-
tions where regime ambiguity most affects mitigation
decisions. While such sensing policies are beyond the
scope of the present implementation, the digital twin
provides the quantitative foundation needed to com-
pute such values of information [58].

It is important to emphasize that the control fram-
ing here is aimed at demonstrating the integration of
prediction, uncertainty, and regime-aware closures. The
paper does not attempt to encode field procedures or to
provide operational instructions. Instead, it provides
a modeling and inference layer that can be paired with
existing safety protocols and decision frameworks, sup-
plying better-calibrated forecasts of pressure and gas
distribution under alternative actuation scenarios [59].

8. Discussion: Identifiability, Generalization, and Fail‑
ure Modes
A regime-aware physics–vision digital twin introduces
new capabilities but also new failure modes. Under-
standing identifiability is central. With pressure-only
measurements, the inverse problem of recovering gas
distribution and influx history is ill posed because mul-
tiple combinations of void fraction and friction can pro-
duce similar pressure gradients. Introducing regime as
a latent variable increases flexibility, which can worsen
identifiability unless constrained by priors or additional
observations [60]. The latent-regime relaxation dynam-
ics provides one such constraint, but it must be tuned
to avoid over-regularization that prevents necessary regime
changes. When vision observations are available, iden-
tifiability improves because regime is partially observed,
reducing the degree to which the filter can trade off
void fraction against friction. However, the improve-
ment depends on calibration; an overconfident vision
model can force incorrect regime inference and thereby
bias the physical state estimates.

Generalization across gas types and fluids is an-
other challenge [61]. The solubility model relies on
an equilibrium function c∗(p) and on effective mass-
transfer coefficients. While the framework can rep-
resent differences through parameters, accurate pre-
diction requires that parameter ranges be plausible.
The paper addresses this by treating key solubility pa-
rameters as uncertain and inferrable when data pro-
vide evidence, rather than fixed constants. Nonethe-
less, certain combinations of limited sensors and strong
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solubility effects can remain weakly identifiable [62].
In such cases, the digital twin is expected to report
broader uncertainty, and control strategies should be
risk-sensitive to that uncertainty.

The vision model faces domain shift when imaging
conditions, fluids, or geometry differ from the training
distribution. The inclusion of epistemic uncertainty
is intended to detect such shifts, but uncertainty esti-
mation is not perfect. A failure mode occurs when the
model is confidently wrong due to spurious correlations
in the training data [63]. The proposed ensemble-based
uncertainty helps mitigate but does not eliminate this
risk. The integration strategy therefore avoids hard
coupling: vision outputs shape regime weights through
a likelihood term whose strength is modulated by un-
certainty, and the physics prior can resist implausi-
ble rapid regime changes. Additionally, the physical
model provides cross-checks. If the vision module pre-
dicts a regime implying high slip and low friction, but
pressure data indicate large gradients inconsistent with
that, the filter can downweight the vision likelihood im-
plicitly through residuals and can shift regime weights
toward states consistent with both modalities [64].

Reduced-order physics introduces approximation er-
ror, especially for intermittent flows. The variance
proxy σ2p is a partial remedy, but it does not cap-
ture coherent oscillations that may matter over short
timescales. In laboratory conditions with high-speed
imaging and dense pressure sensors, such oscillations
could be resolved and modeled explicitly, but in real-
time inference with sparse sensors they are more appro-
priately treated statistically. The framework’s proba-
bilistic nature is a strength here, as it allows unresolved
dynamics to be expressed as uncertainty rather than
forcing a deterministic but misleading prediction [65].

Numerical stability and differentiability impose ad-
ditional constraints. The use of smooth absolute val-
ues and convex blending improves stability but can
slightly smear sharp transitions. This tradeoff is ac-
ceptable for inference and control, where robustness
and calibration are often more valuable than reproduc-
ing every sharp feature. When sharper transitions are
needed, the regime timescale τr can be reduced, and
the softmax temperature can be adjusted to permit
near-discrete regime weights while maintaining differ-
entiability [66].

Finally, the framework’s modularity is important.
The reduced two-fluid core can be replaced by more de-
tailed models when computation allows, and the vision
module can be replaced by other regime-informative
sensors when imaging is not available. The central
idea remains: treat regime as a latent probabilistic
variable that conditions closures and is inferred jointly
with physical states, rather than as an external label
imposed by a brittle map or as an ignored complexity
absorbed into tuning constants.

9. Conclusion
This paper developed a regime-aware physics–vision
digital twin for annular gas-kick migration that inte-
grates reduced two-fluid dynamics, solubility-mediated
mass transfer, differentiable closure blending, and prob-
abilistic computer-vision regime inference [67]. The
central modeling stance is to represent flow regime
as a latent, uncertain field that is advected and re-
laxed under physical priors while being corrected by
observational evidence. This representation enables
smooth switching of slip, friction, and mass-transfer
closures without discontinuities that would destabilize
real-time inference. The inclusion of a dissolved-gas
state provides a memory effect that captures dissolu-
tion at depth and exsolution near the surface, improv-
ing interpretability and forecasting in cases where sol-
ubility alters the apparent free-gas volume fraction.

A probabilistic vision observation model was framed
as a likelihood over regime weights and auxiliary con-
tinuous proxies, with explicit uncertainty calibration to
reduce the risk of overconfident misclassification driv-
ing erroneous closure selection [68]. The resulting sen-
sor fusion problem was cast as constrained Bayesian
filtering, supporting joint estimation of influx history,
gas distribution, dissolved fraction, and regime field
from pressure and visual data. The digital twin was
then connected to mitigation-oriented prediction and
control through posterior forward propagation and risk-
sensitive evaluation of candidate actuation trajectories,
emphasizing how regime uncertainty and solubility cou-
pling can alter safety margins.

While reduced-order assumptions and domain shift
remain practical concerns, the framework provides a
coherent pathway to combine mechanistic constraints
with learned perception, yielding predictions that are
both physically grounded and informed by direct mor-
phological evidence. The overall approach is intended
to support robust monitoring and decision-making in
transient annular two-phase events by improving clo-
sure adaptivity, uncertainty quantification, and the in-
tegration of heterogeneous sensing modalities [69].
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