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Abstract

Drilling operations routinely encounter uncertain pore-pressure environments in which a narrow margin separates
stable overbalanced circulation from an underbalanced influx event. Because downhole instrumentation is often
limited, operational decisions are frequently made using sparse surface measurements such as standpipe pressure,
choke pressure, flow-out, and pit volume. These signals are informative but non-unique, since multiple downhole
states can map to similar surface responses when compressibility, slip, friction, and transient boundary conditions
interact. This paper presents a technical framework for real-time kick characterization and control that couples a
thermodynamic two-phase annular flow model with a reduced-order discretization and a Bayesian data assimilation
layer tailored to surface-only observability. The core contribution is an inference-stable state-space formulation that
explicitly represents free-gas migration, dissolution and exsolution in non-aqueous fluids, and pressure-loss evolution
under dynamic actuation, while remaining computationally tractable for online use. A sequential ensemble-based
estimator reconstructs latent influx parameters such as entry depth, influx rate history, and gas holdup distribution
from noisy surface streams, and propagates calibrated uncertainty into a decision module that selects backpressure
trajectories consistent with operational constraints. The method is evaluated through numerical experiments spanning
circulating and shut-in transients, heterogeneous frictional regimes, and solubility-sensitive mud systems. Results
indicate that the proposed approach reduces detection latency while providing physically interpretable posterior
distributions for influx size and location, enabling risk-aware well-control actions without requiring dense downhole
sensing.

1. Introduction

Gas influx events during drilling remain a central source
of non-productive time and safety risk because the an-
nulus is a large, distributed, multiphase system ob-
served through a small number of surface channels [1].
The operational reality is that the most accessible mea-
surements are typically pressures at or near the sur-
face, pump and choke variables, flow-in and flow-out,
and pit-volume changes. The same accessibility that
makes these channels attractive also makes their inter-
pretation difficult. The annulus acts as a coupled com-
pressible conduit whose response depends on evolving
holdup, slip, dissolution, temperature, and frictional
state, and whose boundary conditions are actively ma-
nipulated by pumps and chokes. Surface pressure read-
ings can therefore reflect a spectrum of possible down-
hole conditions rather than a single identifiable state,
especially during transients when flow regime changes
and mixture properties evolve quickly [2].

A persistent engineering challenge is to convert these
ambiguous surface signals into actionable estimates of
downhole kick state. Traditional approaches often rely
on thresholds or simplified lumped models, which can
be fast but are prone to false positives in transient
drilling and false negatives when gas dissolution or
low-rate influx masks pit gain. High-fidelity numerical
simulators address more physics but are typically too
slow for continuous online inference and are sensitive to
uncertain closures such as interfacial slip, friction fac-
tor variation with cuttings, and flow-regime transitions.
The practical target is a middle ground: a mechanis-
tic model rich enough to respect the dominant physics
that shape observables, yet structured to admit sta-
ble and rapid inversion under real-time computational
constraints [3].

Independent experimental and data-driven work has
shown that surface pressure and flow signals can be sys-
tematically linked to flow patterns and kick outcomes
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under both circulating and shut-in conditions. For ex-
ample, dynamic annular experiments with water–gas
systems have demonstrated that supervised and unsu-
pervised learning models can map measured surface
pressure and rate features to flow regimes and progno-
sis with high reported accuracies, including decision-
tree classification results as high as 96% and 98% for
distinct influx types in one laboratory setting [4]. Re-
lated static-condition experiments have similarly trained
neural and clustering models on pressure-gradient and
gas-evolution signatures to recognize kick states with
accuracies on the order of 90%–94% in the tested con-
ditions [5]. These findings support the premise that
surface measurements do contain recoverable informa-
tion about downhole multiphase dynamics, but they
do not by themselves resolve the deeper inference prob-
lem of extracting physically interpretable, uncertainty-
calibrated state estimates that can be propagated into
control decisions and remain valid outside the envelope
of a particular training dataset [6].

This paper develops a mechanistic-and-statistical
framework that treats kick diagnosis as a partially ob-
served, nonlinear inverse problem constrained by mul-
tiphase flow and thermodynamics. The thesis is that
the most robust online solution is neither purely empir-
ical nor purely high-fidelity simulation, but a reduced-
order, thermodynamically consistent state-space model
coupled to Bayesian sequential inference. The techni-
cal contribution is a specific construction of that state
space, including a tractable representation of dissolu-
tion and exsolution, a reduced-order discretization that
preserves the measurement-relevant pressure dynam-
ics, and an ensemble-based estimator designed to re-
main stable under ambiguous observability. Rather
than attempting to identify a discrete flow regime la-
bel directly, the proposed method reconstructs contin-
uous latent fields such as gas holdup, mixture den-
sity, and pressure gradient, and represents residual
model discrepancy as structured stochasticity that can
be learned online [7].

The paper is organized as follows. The next sec-
tion formalizes the system as a distributed parameter
model with a measurement operator defined by surface
instrumentation and operational actuation. The sub-
sequent section develops a thermodynamic two-phase
reduced-order model appropriate for real-time infer-
ence, including a dissolution closure that can represent
solubility effects without resorting to time-consuming
compositional simulation. The following section in-
troduces a Bayesian data assimilation approach that
estimates both state and influx parameters and pro-
duces calibrated uncertainties for decision support [8].
The evaluation section presents numerical experiments
designed to probe identifiability, sensitivity, and op-
erational implications across representative transients.
The conclusion summarizes the implications and limi-
tations, and outlines directions for extending the frame-

work toward richer multiphase constituents and broader
drilling contexts.

2. SystemModel and Surface Observability
The annular system is treated as a vertically distributed
conduit of length L with spatial coordinate z measured
upward from the bottom and time coordinate t. The
unknown downhole state includes pressure p(z, t), tem-
perature T(z, t), gas volume fraction αg(z, t), phase ve-
locities ug(z, t) and uℓ(z, t), dissolved gas concentration
in the liquid phase, and mixture rheological parame-
ters that may evolve with cuttings, emulsification, and
temperature [9]. The influx enters through an effec-
tive source term localized in depth near an entry point
z = zk that can itself be uncertain. The state is driven
by boundary controls including pump rate, choke open-
ing, and applied backpressure, and is observed through
a limited set of measurements at or near the surface.

The surface measurements are modeled as a mea-
surement vector y(t) that can include standpipe pres-
sure, wellhead or choke pressure, flow-out rate, and pit
volume. The relationship between the distributed state
x(z, t) and the surface measurement y(t) is indirect:
pressure at the surface is influenced by the integrated
pressure gradient along the annulus, flow-out depends
on a convolution of compressibility and holdup dynam-
ics, and pit volume integrates net flow imbalance with
delays. Moreover, the mapping is history-dependent
because gas expansion and dissolution depend on the
pressure trajectory, not merely its instantaneous value
[10]. Consequently, the inference task is inherently a
dynamical inverse problem rather than a static regres-
sion.

A state-space representation is introduced by dis-
cretizing the annulus into N control volumes with rep-
resentative depths zi and defining a finite-dimensional
state vector X(t) that stacks pressure, holdup, and
dissolved-gas variables at each cell. The discretization
is chosen not merely for numerical convenience but to
preserve the observability structure of the surface mea-
surements. Since surface pressures respond strongly to
the integrated mixture density and friction, the dis-
cretization must capture gradients and transients that
influence these integrals. Likewise, since flow-out and
pit volume respond to compressibility and gas migra-
tion, the model must capture the transport of gas holdup
and the exchange between dissolved and free gas on
time scales comparable to operational sampling.

The inference objective is to estimate a set of la-
tent parameters θ that define the kick and uncertain
closures, together with the evolving state X(t), from
a measurement history {y(τ)}τ≤t and known control
history {u(τ)}τ≤t. The parameter vector can include
the influx rate function qk(t), the entry depth zk, effec-
tive permeability-like factors that map underbalance
to influx, friction multipliers, and dissolution kinetics
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Figure 1. Real-time workflow: sparse surface measurements and actuation drive a thermodynamic two-phase reduced-order
model, updated sequentially by Bayesian data assimilation to yield posterior kick-state distributions and uncertainty-aware
backpressure decisions.

Table 1. Surface measurement channels used in the reduced-order model and estimator.

Symbol Channel Units Description
psp Standpipe pressure bar Pump‑side pressure at the top of the drillstring
pwh Wellhead / casing pressure bar Annulus pressure at or near the surface
pch Choke pressure bar Pressure measured across the chokemanifold
qin Flow‑in rate L/s Pumped liquid rate into the drillstring
qout Flow‑out rate L/s Measured annular flow returning to surface
Vpit Active pit volume m3 Integrated inventory of surface mud system

or equilibrium parameters. In online settings, some el-
ements of θ may be treated as slowly varying states
to accommodate gradual changes in cuttings load or
temperature-dependent rheology.

A critical aspect is that the system is only partially
observable, and naive inversion can be ill-posed [11].
Similar surface pressure trajectories can arise from a
smaller influx at shallow depth versus a larger influx
at deeper depth when friction and compressibility com-
pensate. Gas dissolution can further mask pit gain
and delay pressure perturbations. The remedy is not
to seek uniqueness in a strict deterministic sense, but
to construct an estimator that yields posterior distri-
butions over plausible states and parameters, updated
sequentially as new measurements arrive. This proba-
bilistic formulation naturally represents ambiguity and
enables risk-aware control decisions that reflect uncer-
tainty rather than point estimates [12].

To enable this, the forward model must be fast

enough for repeated evaluation within an assimilation
loop, yet physically structured enough that its uncer-
tainties are interpretable. This motivates a reduced-
order multiphase model with thermodynamic consis-
tency and a measurement operator aligned with avail-
able instrumentation. The remaining sections develop
such a model and the corresponding Bayesian inference
strategy.

3. Thermodynamic‑MechanisticReduced‑OrderModel
The proposed forward model represents the annulus as
a one-dimensional two-phase mixture with optional dis-
solved gas in the liquid [13]. The governing structure
balances mechanistic fidelity with online tractability.
The formulation begins with conservation laws for gas
and liquid mass, coupled through dissolution and ex-
solution, and a quasi-steady momentum balance that
links pressure gradients to mixture weight and friction.
Energy is represented in a reduced form through a pre-
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Figure 2. Reduced-order forward model structure: depth-discretized two-phase annular flow with thermodynamic den-
sity/solubility, smooth slip closure, localized influx source parameterization, and stochastic discrepancy terms enabling
inference stability under model mismatch.

Table 2. Representative components of the distributed state vector in the annular model.

Symbol Description Units Spatial role
p(zi) Pressure at cell i bar Depth‑resolved field
αg(zi) Free‑gas volume fraction – Depth‑resolved field
ug(zi) Gas phase velocity m/s Depth‑resolved field
uℓ(zi) Liquid phase velocity m/s Depth‑resolved field
c(zi) Dissolved gas content mol/m3 Depth‑resolved field
T(zi) Temperature K Prescribed / slowly varying
ϕf(zi) Friction multiplier – Latent calibration field

scribed or slowly varying temperature profile, which is
often adequate for real-time estimation when tempera-
ture measurements are sparse and when the dominant
influence of temperature is mediated through density,
viscosity, and solubility.

Let αg denote the free-gas volume fraction and αℓ =
1 – αg the liquid fraction [14]. Let ρg(p, T) denote gas
density from an equation of state, and ρℓ(p, T, c) the
liquid density, which may depend weakly on dissolved
gas concentration c and pressure. Define gas and liq-
uid superficial velocities vg = αgug and vℓ = αℓuℓ.
The mass conservation equations in continuous form

can be written as

∂

∂t
(
αgρg

)
+
∂

∂z
(
αgρgug

)
= sg(z, t) – Γd(p, T, c,αg),

(1)
∂

∂t (αℓρℓ) +
∂

∂z (αℓρℓuℓ) = sℓ(z, t) + Γd(p, T, c,αg),
(2)

where sg is a gas source term representing influx and
possible gas liberation from formation fluids, sℓ repre-
sents liquid sources or sinks such as losses, and Γd is
the interphase mass transfer rate between free gas and
dissolved gas in the liquid [15]. The sign convention
is chosen so that Γd > 0 corresponds to dissolution
of free gas into the liquid, reducing free gas mass and
increasing dissolved content.
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Figure 3. Sequential Bayesian estimation: ensemble propagation through the reduced-order model, surface-likelihood
update with localized covariances, and a targeted non-Gaussian step for weakly identifiable kick parameters (e.g., entry
depth and recent influx-rate history).

Table 3. Key uncertain parameters jointly estimated with the state in the Bayesian framework.

Parameter Physical meaning Category Prior structure
zk Influx entry depth Kick geometry Uniform over open interval
qk(t) Influx rate history Kick forcing Low‑order basis coefficients
kloss Loss / gain factor Formation coupling Log‑normal around nominal
κ Dissolution relaxation rate Thermodynamic Log‑uniform over decade range
θVd Drift‑flux parameters Slip closure Gaussian about lab‑calibratedmean
ϕf(z) Friction multiplier field Hydraulics Smooth Gaussian process in depth

The dissolved gas is represented by a scalar concentration-
like variable c(z, t) that evolves by advection with the
liquid and by exchange with free gas. A convenient rep-
resentation is to define c as moles of dissolved gas per
unit liquid volume or as a mass fraction; the choice af-
fects scaling but not the structure. In a reduced model
suitable for real-time use, c evolves as

∂

∂t (αℓρℓc) + ∂

∂z (αℓρℓc uℓ) = Γd(p, T, c,αg). (3)

The dissolution closure can be taken as either equilibrium-
limited or kinetics-limited [16]. For online inference,
an equilibrium-limited closure is attractive because it
avoids additional stiff time scales. In this closure, c
is driven toward an equilibrium value c⋆(p, T) defined
by phase-equilibrium conditions, while kinetics are ap-
proximated through a relaxation rate κ:

Γd(p, T, c,αg) = καgρg (c⋆(p, T) – c) , (4)

with κ possibly treated as an uncertain parameter to be
estimated. This structure ensures that when free gas
is absent, αg → 0 and interphase exchange vanishes,
avoiding unphysical dissolution without gas [17].

The equilibrium solubility c⋆(p, T) can be defined
through fugacity equality between phases using a cu-
bic equation of state for the gas and activity correc-
tions for the liquid when needed. A fully compositional
approach would be expensive, but a single-component
approximation is often adequate for inference about
methane-dominated kicks or when the measurement
channels cannot resolve detailed composition. A ther-
modynamic approach of this type has been shown to
match commercial process simulation outputs with de-
viations on the order of 8% for methane liquid-phase
mole fraction in representative synthetic-based mud
conditions, while also providing consistent bubble-point
estimates [18]. The present work adopts the same prin-
ciple of equilibrium-based solubility, but embeds it into
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Distributed state
X = {pi, αg,i, ci, ϕf,i}N

i=1

Integrated gradient
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Pit volume
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∫
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Noise model
vk ∼ N (0, R)

Figure 4. Surface observability map: sparse surface channels are nonlinear functionals of the depth-resolved state through
integrated pressure-gradient effects and compressibility-driven flow and volume dynamics, with explicit measurement-noise
modeling.
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{X(m), θ(m)}
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simulate H steps / member
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(backpressure knots)

Commanded action
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Figure 5. Decision support layer: the posterior ensemble is rolled forward over a short horizon to evaluate pressure
constraints and uncertainty-aware objectives, yielding conservative backpressure actions when state ambiguity remains
high.

a state-space model explicitly designed for sequential
inference, where uncertainty in solubility parameters
can be propagated into posterior kick-size distributions
[19].

Momentum is modeled through a pressure gradient
relationship that captures mixture hydrostatics and
frictional losses. For a one-dimensional annulus with
hydraulic diameter Dh and inclination close to vertical,
a quasi-steady balance is

∂p
∂z = ρmg + f

2Dh
ρmum|um| +∆acc(z, t), (5)

where ρm = αgρg + αℓρℓ is mixture density, um is a
mixture velocity, f is a friction factor or friction coef-
ficient that can depend on Reynolds number and rhe-
ology, and ∆acc represents acceleration and transient
terms. For many drilling transients, including kick mi-
gration on time scales of minutes, acceleration contri-
butions are small relative to hydrostatic and frictional

terms when represented at the scale of control volumes,
but they can be retained in reduced form as a correc-
tion term parameterized and estimated online. Since
friction is a major source of uncertainty, f is modeled
as a baseline function of local mixture properties multi-
plied by a slowly varying factor ϕf(z, t) that represents
unmodeled rheology changes, cuttings effects, or eccen-
tricity [20]. The estimator treats ϕf as a latent field
with prior smoothness, which improves robustness to
friction mismatch that would otherwise be falsely at-
tributed to influx.

A closure is required for slip between phases, since
ug and uℓ differ when buoyancy drives gas migration
relative to the liquid. A full regime-dependent slip
model would be complex and potentially discontinu-
ous. Instead, a smooth drift-flux style closure is used:
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Figure 6. Experiment coverage used to probe identifiability and robustness: circulating vs. shut-in transients, solubility-
driven masking and delayed exsolution, and depth-/time-varying friction effects, evaluated via detection latency and
posterior calibration.

Table 4. Summary of conservation relationships represented in the reduced-order annular model.

Balance State variables Dominant source / sink terms
Gas mass αg,ρg, ug Influx sg, dissolution Γd

Liquid mass αℓ,ρℓ, uℓ Formation losses sℓ, dissolution Γd

Dissolved gas c,αℓ,ρℓ Relaxation toward c⋆(p, T) via Γd

Mixture momentum p, um Hydrostatics, friction, acceleration∆acc

Energy (reduced) T(z) Prescribed profile, slow thermal relaxation

[21]

ug = um + Vd(αg, ρg, ρℓ,µℓ, Dh), (6)

uℓ =
αℓ

αℓ + βαg
um – βαg

αℓ + βαg
Vd, (7)

where Vd is a drift velocity function and β is a pa-
rameter controlling how mixture velocity partitions be-
tween phases. The functional form of Vd is selected
to be smooth in αg and to interpolate between small-
bubble and large-slug behavior without requiring dis-
crete regime switching. This is important for inference
stability because discrete regime boundaries can induce
non-differentiable likelihood surfaces and filter diver-
gence [22]. Uncertainty in Vd is represented through
a small set of parameters that can be updated online,
providing a means to accommodate regime variability
while retaining continuity.

The influx enters as a boundary source term local-
ized near zk. Instead of assuming a constant influx rate,
the model represents qk(t) as a low-dimensional func-
tion expanded in basis functions over a recent time
window. For example, qk(t) can be represented as a
weighted sum of exponentially decaying kernels or as a
spline with a small number of control points, enabling
the estimator to infer the recent history of influx rate
from the delayed surface responses [23]. This approach
recognizes that in practice the influx is driven by pres-
sure differential and formation connectivity, and thus
varies as backpressure and equivalent circulating den-
sity evolve.

The full continuous model is discretized into N fi-
nite volumes. Fluxes between volumes are computed
using an upwind scheme appropriate for advective trans-
port, while pressure gradients are computed from local
mixture density and friction. The resulting system is
a nonlinear differential-algebraic system in which pres-
sure is coupled algebraically through the gradient equa-
tion, while holdup and dissolved content evolve dynam-
ically. To make the system amenable to rapid propa-
gation, the algebraic pressure relation is solved in a
forward sweep from bottom to top using the known
boundary condition at one end, which can be specified
through bottomhole pressure estimates or through a
coupling to pump and choke models [24]. This sweep
is computationally light and aligns with how surface
pressures integrate annular gradients.

Because real-time inference must tolerate model mis-
match, the reduced-order model includes stochastic dis-
crepancy terms. These are introduced as additive noise
in the holdup and pressure-gradient dynamics, with co-
variance structures that encode smoothness in depth
and correlation in time. The resulting stochastic state-
space model can be written in discrete time with sam-
pling interval ∆t as

Xk+1 = F(Xk, θk, uk) + wk, (8)
yk = H(Xk, θk, uk) + vk, (9)

where F is the nonlinear transition defined by the reduced-
order multiphase solver, H maps the state to surface
measurements, wk represents model discrepancy and
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Table 5. Thermodynamic quantities used in the equilibrium-based solubility closure.

Quantity Symbol Dependence Comment
Equilibrium solubility c⋆(p, T) p, T EOS‑based phase equilibrium relation
Relaxation rate κ Localαg,ρg Controls approach to c⋆(p, T)

Gas EOS factor Z(p, T) p, T Cubic EOS compressibility factor
Liquid density ρℓ(p, T, c) p, T, c Weak dependence on dissolved gas content
Solubility uncertainty σc⋆ Fluid type Represented through parameter priors

Table 6. Elements of the drift-flux style slip closure for gas–liquid relative motion.

Quantity Symbol / form Dependence Inference treatment
Drift velocity Vd(αg) αg,ρg,ρℓ,µℓ, Dh Estimated via low‑orderθVd

Slip partition β Regime indicator Calibrated offline, mildly adjusted online
Mixture velocity um qout, geometry Diagnosed from flow balance
Regime blending adf αg Smoothly blends bubble and slug behavior

unmodeled disturbances, and vk represents measure-
ment noise. The parameter vector θk is allowed to
evolve slowly as θk+1 = θk + ηk to support joint state
and parameter estimation.

This structure provides a forward model that is
fast enough for repeated evaluation while remaining
grounded in mechanistic constraints. The next section
develops a Bayesian assimilation method that uses this
model to infer latent influx variables from surface sig-
nals and to output uncertainty-aware decision variables
for well control [25].

4. Bayesian Inference and Decision Support
The inference task is to compute the posterior distribu-
tion of states and parameters given measurements and
controls. In discrete time, with measurement history
y0:k and control history u0:k, the target is p(Xk, θk |
y0:k, u0:k). This posterior is generally non-Gaussian be-
cause the forward model is nonlinear and because pa-
rameters such as influx depth and rate history interact
multiplicatively with holdup and pressure. A purely
particle-based approach can be accurate but may be
computationally expensive or degenerate in high di-
mensions when the state includes depth-resolved fields.
A purely Gaussian filter can be efficient but may under-
represent multimodality, particularly when different
combinations of influx size and depth explain the same
surface signal early in an event [26]. The method devel-
oped here combines ensemble-based Gaussian updates
with targeted non-Gaussian representation of a small
subset of critical kick parameters.

The approach maintains an ensemble of M joint
state-parameter realizations {(X(m)

k , θ(m)
k )}M

m=1. Each
ensemble member is propagated forward with the reduced-
order model, including stochastic discrepancy, to pro-
duce a forecast ensemble. The forecast is then up-
dated using a measurement likelihood. For the high-
dimensional state components, the update uses an en-

semble Kalman-type correction based on sample co-
variances, which is efficient and stable [27]. For low-
dimensional but potentially multimodal parameters such
as influx depth zk and the shape parameters of qk(t),
the method uses a tempered likelihood weighting and
resampling step followed by rejuvenation moves that
preserve diversity. This hybrid strategy is designed to
avoid collapse in the depth parameter while retaining
fast, covariance-based correction for distributed fields.

Let X̄k and ȳk denote ensemble means, and let PXY
and PYY denote sample cross- covariance and covari-
ance between state and predicted measurement. The
Kalman-style update for member m is

X(m)
k ← X(m)

k + Kk
(

yk + ϵ
(m)
k – ŷ(m)

k

)
, (10)

Kk = PXY (PYY + R)–1 , (11)

where ŷ(m)
k = H(X(m)

k , θ(m)
k , uk) is the predicted mea-

surement, R is the measurement noise covariance, and
ϵ
(m)
k is a perturbation consistent with R to ensure

correct covariance in the ensemble. To control sam-
pling error in PXY and PYY, covariance localization
is applied in depth, exploiting the fact that surface
measurements are most directly sensitive to integrated
quantities and to near-surface states. Localization re-
duces spurious long-range correlations that can other-
wise cause physically implausible corrections deep in
the wellbore from a single surface pressure measure-
ment [28].

For the parameter subset θng
k that is treated non-

Gaussian, a likelihood weight is computed for each en-
semble member based on the measurement residual:

w(m)
k ∝ exp

(
–1
2

(
yk – ŷ(m)

k

)⊤
R–1

(
yk – ŷ(m)

k

))
. (12)

Weights are tempered by an exponent γ ∈ (0, 1] when
necessary to avoid degeneracy under sharp likelihoods,
and the resampled parameters are then perturbed by
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Table 7. Numerical experiment matrix used to probe observability, robustness, and control impact.

Scenario Circulation state Key feature Main estimator goal
S1 Steady circulation Modest underbalanced kick Early detection and rate reconstruction
S2 Shut‑in after kick Buoyancy‑driven migration Depth and holdup profile estimation
S3 High‑solubility mud Dissolution and delayed exsolution Influx mass under masked pit gain
S4 Friction mismatch Depth‑varying rheology changes Separation of friction and influx effects
S5 Sparse measurements Single‑pressure channel only Quantification of irreducible ambiguity
S6 Active choke control Variable backpressure trajectory Assessment of decision support layer

Table 8. Illustrative performance metrics for the estimator across representative scenarios.

Scenario Detection delay (median) [min] Influx mass RMSE [%] Entry depth 90% CI [m]
S1 1.2 8 150
S2 2.5 15 280
S3 2.0 12 220
S4 1.7 10 190
S5 3.0 22 350
S6 1.9 11 210

a small Markov move that respects prior bounds and
smoothness constraints, such as limiting the rate of
change of the inferred influx history. The state update
and parameter update are coupled by propagating the
resampled parameters through the next forecast step,
which allows the ensemble to explore different influx
hypotheses while remaining anchored to mechanistic
evolution.

A key feature is the explicit representation of solu-
bility and its uncertainty. Dissolution can cause free-
gas holdup to be smaller than expected for a given
influx mass, delaying surface pressure anomalies and
reducing pit gain [29]. If solubility is ignored, the es-
timator may compensate by inferring a smaller influx
or a deeper entry point, producing biased decisions.
In the proposed framework, solubility enters through
c⋆(p, T) and the relaxation rate κ. These are included
in θk with priors informed by fluid type and temper-
ature. During assimilation, the posterior over solubil-
ity parameters is updated implicitly through how well
each parameter realization explains observed pressure
and flow-out signals. This enables the estimator to
represent scenarios where an influx is largely dissolved
and later exsolves as pressure drops, producing delayed
surface manifestations [30].

The inference output is not limited to identifying
whether a kick has occurred. It yields a posterior
distribution over influx size, depth, and holdup dis-
tribution, which can be converted into risk metrics
and used in a decision support module. The deci-
sion problem is to choose a control trajectory u(t),
such as choke backpressure adjustments and pump-
rate changes, that drives the system toward a safe
state while respecting constraints and minimizing op-
erational cost. This can be formulated as a stochastic
optimal control problem over a finite horizon, with ob-

jective defined on expected pressure limits, expected
influx growth, and variance penalties that reflect un-
certainty [31]. A tractable approximation is to use a
receding-horizon control that optimizes over the ensem-
ble: for a candidate control sequence U = {uk, . . . , uk+H},
propagate each ensemble member forward and com-
pute an objective J(U) that aggregates expected con-
straint violations and operational penalties:

J(U) = E

 H∑
j=0

ℓ(Xk+j, uk+j)



+ λ [32]E

 H∑
j=0

max
(
0, pshoe – pbh

k+j
)2

[33] + µE

 H∑
j=0

max
(
0, pcsg

k+j – pfrac
)2

[34] + νVar
[
pwh

k+H

]
(13)

where ℓ encodes smoothness and effort costs, pbh is
bottomhole pressure, pcsg is casing shoe pressure, pfrac
is a fracture threshold, and the expectations and vari-
ance are computed over the posterior ensemble. The
optimization is performed over a low-dimensional con-
trol parameterization, such as piecewise-constant choke
setpoints, enabling real-time feasibility [35]. By ex-
plicitly penalizing variance, the controller naturally be-
comes more conservative when posterior uncertainty is
high, reducing the likelihood of destabilizing actions
based on uncertain estimates.

The inference and control layers together yield an
operational workflow in which surface measurements
continuously update a physically interpretable poste-
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Table 9. Control objective terms and weights in the receding-horizon decision module.

Objective term Symbol Description Typical weight
Stage cost ℓ(Xk, uk) Penalizes large choke and pump adjustments 1.0 (normalized)
Shoe underbalance penalty λ Squared violation of minimum bottomhole pressure 102–103

Casing fracture penalty µ Squared violation of casing fracture limit 103–104

Terminal pressure variance ν Uncertainty penalty on predicted wellhead pressure 10–102

Control smoothness ρ Penalty on changes∆uk between steps 1–10

rior, and control actions are chosen based on predicted
outcomes across that posterior. The next section evalu-
ates the approach through numerical experiments that
probe identifiability, sensitivity, and performance across
representative transients.

5. Evaluation and Sensitivity Analysis
Evaluation is performed through controlled numerical
experiments designed to reflect the information con-
straints of field operations while allowing systematic
variation of uncertain factors. The experiments simu-
late a vertical annulus with representative dimensions
and a range of circulating and shut-in scenarios [36].
The reduced-order model acts as both the inference
model and, in a perturbed configuration, as a surrogate
for the true system to test robustness under mismatch.
Measurement channels include surface pressure, choke
pressure, flow-out, and pit volume sampled at realistic
rates with additive noise. The estimator is initialized
with broad priors over influx depth, influx magnitude,
friction multipliers, and solubility parameters, reflect-
ing pre-event uncertainty.

The first set of experiments tests detection latency
and state reconstruction under dynamic circulation [37].
A baseline scenario includes steady circulation followed
by a transient underbalance event that induces a gas
influx with a time-varying rate over several minutes,
then a corrective backpressure action. The estimator
must infer the onset and magnitude of the influx from
modest deviations in surface pressure and flow-out that
may be partially masked by pump transients. In these
simulations, the posterior over influx rate concentrates
rapidly after the first coherent divergence between pre-
dicted and observed pressure trajectories, while the
posterior over entry depth remains broader early on
and then narrows as gas migration induces distinctive
time-of-arrival patterns in the surface signals. The
reconstructed gas holdup distribution exhibits the ex-
pected upward-migrating front, and the inferred mix-
ture density profile matches the synthetic truth within
uncertainty bounds [38]. Because the model explicitly
represents slip and compressibility, the estimator can
attribute certain signal components to gas migration
rather than to friction anomalies, reducing false attri-
bution to rheology changes.

A second set of experiments focuses on shut-in con-
ditions, where circulation stops and the annulus evolves

under buoyancy-driven migration and pressure redis-
tribution. In shut-in, flow-out is zero by construction,
and pit volume changes may be small, making pressure
the dominant observable. The estimator must then
rely on the temporal evolution of wellhead pressure
and its coupling to the internal holdup distribution.
Under these constraints, identifiability is weaker, and
the posterior tends to exhibit correlated uncertainty
between influx size and entry depth. Nonetheless, the
probabilistic representation remains valuable because
it quantifies ambiguity instead of providing a poten-
tially misleading point estimate. The estimator’s un-
certainty grows when measurements are uninformative
and contracts when pressure evolution becomes sensi-
tive to the migration front. In these experiments, im-
posing a prior smoothness constraint on depth-varying
friction and on influx history substantially improves ro-
bustness by preventing the estimator from fitting noise
with implausible parameter oscillations [39].

A third experiment set probes solubility sensitivity,
comparing scenarios with negligible dissolution to sce-
narios in which a substantial fraction of gas mass dis-
solves into the liquid phase at depth and later exsolves
as pressure decreases during migration. In dissolution-
dominant cases, early pit gain and free-gas holdup can
be small even when influx mass is significant. The esti-
mator that ignores solubility exhibits a systematic bias
toward smaller inferred influx mass and may predict de-
layed risk relative to the synthetic truth. In contrast,
the proposed model, which includes dissolved gas with
uncertain equilibrium and kinetics parameters, main-
tains multiple plausible hypotheses early on and then
resolves them as exsolution-induced changes appear in
pressure and flow-out [40]. The posterior over solu-
bility parameters narrows when the data contain sig-
natures of delayed gas liberation, and remains broad
when the event is too short or pressure changes too
small to inform dissolution dynamics. This behavior
aligns with the intuition that solubility is only identi-
fiable when the system traverses pressure and temper-
ature paths that materially alter phase partitioning.

Robustness to friction mismatch is evaluated by
generating synthetic truth with a depth-dependent fric-
tion factor and intermittent changes representing cut-
tings loading, while the estimator begins with a simpli-
fied friction model. Without friction adaptation, the
filter tends to interpret persistent pressure mismatch
as an influx or as a change in holdup, producing biased
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kick estimates [41]. With the latent friction multiplier
field ϕf(z, t) included as a slowly varying state, the fil-
ter separates friction-driven and holdup-driven contri-
butions more effectively. The posterior assigns part of
the pressure anomaly to friction changes when such an
assignment improves consistency with flow-out and pit
volume observations, and assigns part to influx when
the joint signature across channels supports that con-
clusion. This demonstrates an important operational
point: multi-channel fusion can disambiguate causes
of pressure change, but only if the model allows both
explanations to exist as competing hypotheses within
the posterior.

Performance is also examined in terms of compu-
tational feasibility. The reduced-order solver uses a
finite-volume discretization with N on the order of tens
to low hundreds, chosen to resolve the migration front
while keeping propagation costs low [42]. Ensemble
sizes on the order of a few hundred are sufficient in
these experiments to represent posterior variability, es-
pecially when localization is used to reduce sampling
noise. With these settings, sequential updates can
be performed at rates compatible with typical surface
data acquisition intervals, enabling continuous online
inference rather than intermittent batch interpretation.
The computational scaling is dominated by ensemble
propagation, which is embarrassingly parallel and can
therefore leverage available multi-core resources with-
out altering the inference logic.

Operational implications are illustrated by integrat-
ing the posterior into the receding-horizon decision mod-
ule [43]. In circulation scenarios with uncertain influx
depth, the controller selects backpressure trajectories
that maintain bottomhole pressure above pore pressure
with high posterior probability while avoiding excessive
casing shoe pressure. When uncertainty is high, the
controller chooses more conservative actions, reflected
in a higher variance penalty contribution, and gradu-
ally relaxes as the posterior contracts. In experiments
where the estimator is intentionally challenged by noisy
data or by abrupt friction changes, the variance-aware
control prevents aggressive choke actions that would be
justified only under a narrow, overconfident state esti-
mate. This coupling of inference uncertainty to control
conservatism is a central rationale for the Bayesian ap-
proach in safety-critical well-control contexts [44].

The evaluation highlights limitations as well. When
only a single pressure channel is available and when
operational transients are minimal, the system can re-
main weakly observable for extended periods, and the
posterior may remain broad. In such cases, the estima-
tor cannot conjure information absent from the data; it
can only represent uncertainty honestly. Furthermore,
if the true system undergoes abrupt regime changes
that violate the smooth slip closure, the reduced-order
model may exhibit structured bias [45]. The stochas-
tic discrepancy terms mitigate this to an extent, but

strong, persistent mismatch may require enriching the
model class, for example by adding additional latent
parameters controlling drift velocity shape or by in-
corporating auxiliary measurements such as acoustic
gas detection if available. These limitations motivate
future extensions, but they do not undermine the pri-
mary conclusion that a mechanistic, uncertainty-aware
state-space approach can improve interpretability and
decision support from surface-only data.

6. Observability, Identifiability, and Robust Online De‑
ployment
The practical difficulty of kick interpretation from sur-
face channels can be formalized as a question of ob-
servability: to what extent does the measurement his-
tory constrain the internal annular state and the ex-
ogenous influx parameters? In the proposed formula-
tion, the forward map from the latent distributed state
X(t) and parameters θ to measurements y(t) is nonlin-
ear, history-dependent, and partially integrating. This
structure implies that the inverse problem is typically
ill-conditioned at early times, particularly when the gas
mass is small, when dissolution is strong, or when oper-
ational transients dominate the measurement residual
[46]. For online decision support, it is therefore insuffi-
cient to report a point estimate that may be unstable
under small perturbations; instead, one must explic-
itly represent the directions in state-parameter space
that are weakly informed by data and manage how in-
ference uncertainty is translated into control actions.
This section develops a technically explicit view of the
information content of surface measurements, analyzes
identifiability mechanisms in the reduced-order model,
and describes algorithmic safeguards that maintain sta-
ble inference under common sources of mismatch and
nonstationarity.

A useful starting point is local linearization around
a nominal trajectory. Consider the discrete-time stochas-
tic state-space model Xk+1 = F(Xk, θk, uk) + wk and
yk = H(Xk, θk, uk) + vk with wk ∼ N (0, Q) and vk ∼
N (0, R). Around a nominal (X̄k, θ̄k), define perturba-
tions δXk = Xk – X̄k and δθk = θk – θ̄k. A first-order
approximation yields [47]

δXk+1 = Ak δXk + Bk δθk + Gk δuk + ξk, (14)
δyk = Ck δXk + Dk δθk + ζk, (15)

where Ak = ∂F/∂X, Bk = ∂F/∂θ, Ck = ∂H/∂X, and
Dk = ∂H/∂θ evaluated at the nominal trajectory, and
ξk, ζk combine linearized noise and truncation error.
In this local model, the ability to infer δXk and δθk de-
pends on how the pair (Ak, Ck) evolves with the control
sequence and on how parameter perturbations enter
through Bk and Dk. Importantly, Ck is typically low
rank because surface instrumentation yields only a few
channels, so information about deep states must be me-
diated through dynamical coupling encoded in Ak [48].
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When circulation is steady, Ak can be close to a trans-
port operator with weak mixing, making deep states
only slowly influential at the surface, whereas during
transients, changes in boundary conditions can excite
modes that carry information upward more rapidly.

An information-theoretic view complements local
observability. Under Gaussian assumptions, the in-
cremental information gained from measurement yk
about a parameter vector θ can be approximated by
the Fisher information contribution

Ik(θ) ≈
(
∂ŷk
∂θ

)⊤
R–1

(
∂ŷk
∂θ

)
, (16)

where ŷk denotes the predicted measurement under the
forward model. The matrix ∂ŷk/∂θ depends on both
instantaneous sensitivity Dk and accumulated dynam-
ical sensitivity through Bj and Aj for j < k. The rank
and conditioning of the accumulated Fisher informa-
tion

∑k
j=0 Ij indicate which combinations of parame-

ters are learnable from data. In kick scenarios, typ-
ical parameter combinations that become identifiable
include the product of influx rate and effective com-
pressibility (as it drives flow-out imbalance), the inte-
grated gas mass (as it drives density deficit and thus
hydrostatic changes), and the near-surface holdup dis-
tribution (as it influences surface pressure gradient and
choke response). By contrast, a common weakly iden-
tifiable direction early in a kick is the tradeoff between
influx depth and influx magnitude: a deeper influx ex-
periences longer migration time and more pressure ex-
posure, which can mimic a smaller influx at a shallower
depth in early surface signals [49]. Dissolution ampli-
fies this ambiguity by allowing a significant mass to
be hidden in the liquid phase until the pressure trajec-
tory crosses exsolution conditions, producing delayed
observability.

The reduced-order model in this work is designed to
express, rather than conceal, these identifiability prop-
erties. The use of smooth drift-flux closures avoids
discrete regime-switching discontinuities that can cre-
ate spurious sensitivity spikes, while the inclusion of a
dissolved-gas state makes delayed signal emergence a
modeled phenomenon rather than an unmodeled dis-
turbance. Nevertheless, the resulting posterior can ex-
hibit multimodality, particularly in the influx depth
parameter and in the inferred influx history when the
event is short [50]. Online filters that assume unimodal-
ity may collapse onto an arbitrary mode, producing
brittle decisions. The hybrid inference strategy miti-
gates this by allowing a non-Gaussian representation
for the small set of parameters that are prone to mul-
timodality while keeping the distributed state update
computationally efficient. A practical implication is
that, in early detection windows, the decision mod-
ule should be driven not by the maximum a posteri-
ori depth hypothesis but by risk metrics that integrate

across the posterior, such as the probability that bot-
tomhole pressure will fall below a safety threshold un-
der candidate actions.

The coupling between observability and control im-
plies that control inputs can be used to actively in-
crease information, within operational constraints [51].
Because Ak and the sensitivities ∂ŷk/∂θ depend on uk,
a control policy can be designed to be both stabilizing
and informative. In principle, this leads to dual con-
trol, but full dual control is rarely tractable in real time.
A practical alternative is to incorporate an informa-
tion regularizer into the receding-horizon objective that
rewards actions expected to increase the distinguisha-
bility of competing hypotheses without compromising
safety margins. One can define a scalar information
proxy such as log det(Ik:k+H + ϵI) over a short hori-
zon using ensemble-based sensitivity approximations,
and penalize low information when it does not conflict
with pressure constraints. This yields an objective of
the form

J(U) = E

 H∑
j=0

ℓ(Xk+j, uk+j)

+ λc E

 H∑
j=0

ψ(Xk+j)


(17)

– λi log det
(
Îk:k+H + ϵI

)
, (18)

where ψ encodes constraint violation penalties and Î
is an ensemble approximation of accumulated informa-
tion. The negative sign on the log-determinant term re-
flects preference for higher information. In deployment,
λi should be chosen conservatively so that information-
seeking behavior never drives actions near constraint
boundaries; rather, it provides a secondary preference
among multiple safe options. Even a modest informa-
tion term can reduce posterior multimodality by prefer-
entially selecting actions that create measurable differ-
ences between influx-depth hypotheses, such as gentle
modulations of backpressure that elicit distinguishable
compressibility responses while remaining within oper-
ational tolerances.

Robustness to model discrepancy is a central re-
quirement because reduced-order models inevitably omit
some physics and cannot capture every operational per-
turbation, such as transient cuttings beds in deviated
sections, eccentric annuli, or complex rheology changes.
If the inference algorithm is overconfident in the model,
it will force the state and parameters to explain dis-
crepancies that arise from unmodeled effects, poten-
tially creating false kick diagnoses or masking true
kicks [52]. In the proposed framework, robustness is ad-
dressed through explicit stochastic discrepancy wk and
through conservative treatment of measurement likeli-
hoods. The process noise covariance Q is not merely a
tuning knob; it encodes structural beliefs about which
aspects of the model are uncertain and how that un-
certainty correlates over depth and time. For exam-
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ple, uncertainty in friction is plausibly smooth in depth
and slowly varying in time, while uncertainty in near-
surface holdup may be more rapidly varying due to
regime transitions. By choosing Q to reflect these be-
liefs, the filter can absorb plausible mismatches into
appropriate state components rather than projecting
them onto influx parameters [53]. In practice, Q can
be adaptively scaled using innovation statistics. Let
rk = yk–¯̂yk denote the innovation. If the empirical inno-
vation covariance persistently exceeds the predicted co-
variance, this indicates under-dispersed forecasts and
motivates covariance inflation. A simple adaptive infla-
tion factor αk can be computed from a moving window
of innovation energy, and applied to the forecast ensem-
ble deviations to maintain consistency. This reduces
the risk of filter divergence and of spurious certainty
during unmodeled transients [54].

Measurement modeling is equally important. Sur-
face sensors can exhibit drift, calibration offsets, and
occasional spikes. Because the estimator is sequential,
a single outlier can disproportionately affect the poste-
rior if not handled properly. A robust likelihood can
mitigate this by replacing the Gaussian assumption
with a heavier-tailed distribution, effectively downweight-
ing large residuals. In ensemble implementations, this
can be approximated by inflating R conditionally when
residuals exceed an adaptive threshold based on recent
innovation statistics, or by tempering the likelihood
update for a single time step [55]. Such measures al-
low the filter to recover after sporadic sensor anomalies
without permanently biasing inferred influx parame-
ters. Additionally, it is beneficial to model certain mea-
surement biases as latent states. For example, a slowly
varying bias in choke pressure can be represented as
an additive state with a random-walk evolution. This
prevents the estimator from compensating for sensor
bias by inventing holdup changes or influx events, and
the posterior over the bias state can be monitored to
flag instrumentation issues [56].

Numerical stability and real-time constraints require
careful implementation choices. The reduced-order solver
couples advection-dominated transport of holdup and
dissolved gas with an algebraic pressure sweep. Ad-
vection schemes must avoid excessive numerical diffu-
sion that would smear the gas front and reduce the
time-of-arrival information content that helps identify
influx depth. At the same time, they must remain
stable under coarse discretization and uncertain ve-
locities [57]. A first-order upwind scheme is robust
but diffusive; a limited higher-order scheme can pre-
serve sharper fronts without introducing spurious oscil-
lations. In online inference, stability and predictability
are often more valuable than marginal accuracy, but
overly diffusive transport can harm identifiability by
making different influx scenarios appear more similar.
A practical compromise is to use a monotone flux lim-
iter that maintains boundedness while improving reso-

lution. The algebraic pressure sweep must also handle
rapid density changes without producing nonphysical
negative pressures or densities. Safeguards include en-
forcing positivity constraints on phase fractions and
densities, limiting time-step size based on a Courant-
like condition derived from mixture velocity and cell
size, and applying mild regularization to friction fac-
tors to avoid singular behavior at low flow rates.

The assimilation layer introduces additional stabil-
ity considerations because sample covariances can be-
come noisy in high-dimensional states. Localization is
used to reduce spurious correlations, but localization
must be chosen to respect the physics of integrated
measurements. Since surface pressure depends on an
integral of pressure gradients along the entire annulus,
naive localization that truncates correlations beyond a
short depth length can suppress legitimate long-range
influence and degrade performance [58]. The remedy
is to localize in a measurement-aware way: corrections
to deep pressure can be limited while allowing correc-
tions to integrated quantities such as friction multipli-
ers or average density deficits to have broader influence.
One approach is to represent the state not only as cell-
wise variables but also as a small number of global
and regional summary modes, such as coefficients of
a low-order basis for holdup distribution. The filter
then localizes strongly for high-frequency cellwise devi-
ations while allowing global modes to be updated from
surface measurements. This mixed representation im-
proves numerical conditioning and aligns with the phys-
ical reality that surface measurements are more sensi-
tive to low-order features of the distributed state than
to fine-scale variations [59].

A related issue is parameter-state confounding, where
different parameter adjustments can compensate for
each other in the forward model. For instance, increas-
ing friction multiplier and decreasing gas holdup can
produce similar surface pressure changes, especially when
flow-out is noisy. To mitigate confounding, the pa-
rameter evolution priors must encode realistic time
scales and magnitudes. Friction multipliers are typ-
ically slow relative to gas migration, whereas influx
rate can change quickly if underbalance changes [60].
By enforcing a slow random-walk prior on friction and
allowing faster variation in influx rate basis coefficients,
the estimator is encouraged to attribute rapid pres-
sure transients to influx dynamics rather than to fric-
tion drift. Similarly, solubility parameters should be
treated as quasi-static over an event, while dissolved-
gas concentration varies dynamically. These time-scale
separations are not arbitrary; they reflect the physi-
cal mechanisms and improve identifiability by reducing
the space of plausible explanations for a given measure-
ment sequence.

Deployment in operational environments also raises
the question of initialization and prior specification.
Because early inference is prior-sensitive when data are



14 Hammad Raza et al.

weakly informative, priors should be chosen to be con-
servative and to reflect operational knowledge without
being overly restrictive [61]. For influx depth, a prior
concentrated around permeable intervals or known haz-
ard zones can accelerate convergence when correct, but
can also bias inference if formation connectivity differs
from expectation. A safer approach is to use a broad
prior with mild weighting toward plausible intervals,
and to rely on data assimilation to contract the poste-
rior. For influx rate history, a prior favoring smooth
temporal variation prevents the estimator from fitting
measurement noise with oscillatory influx. For friction
multipliers and drift velocity parameters, priors can
be based on laboratory calibrations or past wells, but
should include sufficient variance to accommodate site-
specific conditions [62]. The estimator’s output should
be accompanied by diagnostic measures, such as inno-
vation consistency and posterior predictive checks, that
indicate whether the data are being explained within
expected noise levels. When diagnostics indicate per-
sistent mismatch, the decision support module should
treat inferred states with increased caution, reflected
through larger effective uncertainty or more conserva-
tive control actions.

Robust online deployment requires a clear inter-
face between inference outputs and operational deci-
sion rules. The posterior distribution over states and
parameters can be transformed into quantities that are
directly relevant to well control, such as the probability
that bottomhole pressure is below pore pressure, the
probability that casing shoe pressure exceeds a limit
under a candidate action, and the distribution of free-
gas volume expected to arrive at surface within a fore-
cast horizon [63]. These probabilistic quantities enable
chance-constrained decision making. A generic chance
constraint can be expressed as P(g(Xk+j, uk+j) ≤ 0) ≥
1 – δ for a safety function g and risk tolerance δ. In
ensemble form, this is approximated by requiring that
a sufficiently large fraction of ensemble members sat-
isfy the constraint. While such ensemble chance con-
straints can be conservative when the ensemble is small,
they provide an operationally interpretable safety mech-
anism that naturally tightens when uncertainty is high.
Importantly, the estimator’s uncertainty must be cal-
ibrated; otherwise, chance constraints may be either
overly permissive or unnecessarily restrictive. Calibra-
tion can be assessed offline using historical data by
comparing predicted credible intervals with realized
outcomes, and adjusted through noise model tuning
and inflation strategies.

7. Conclusion
This paper presented a real-time framework for kick
characterization and decision support that is designed
around the practical constraints of surface-only mea-
surement and operational actuation. The core idea is

to treat kick diagnosis as a nonlinear dynamical inverse
problem and to address ambiguity through a mechanis-
tic reduced-order model coupled to Bayesian sequen-
tial inference. The proposed model represents com-
pressible two-phase annular flow with slip, frictional
pressure loss, and a dissolved-gas state that captures
solubility and delayed exsolution effects in a computa-
tionally tractable way [64]. A hybrid ensemble-based
assimilation method estimates distributed states and
key influx parameters while maintaining uncertainty
over weakly identifiable quantities such as influx depth
early in an event. The resulting posterior distributions
are then used to inform a receding-horizon decision
layer that selects control actions based on predicted
outcomes and quantified uncertainty.

Numerical experiments demonstrated that the ap-
proach can reconstruct latent holdup and pressure-gradient
evolution from sparse surface streams across circulat-
ing and shut-in transients, and that explicitly modeling
dissolution can prevent systematic biases in inferred
influx magnitude when solubility masks early surface
manifestations. Robustness tests indicated that allow-
ing slowly varying friction multipliers as latent fields
helps separate rheology-driven and influx-driven pres-
sure changes, improving inference stability under model
mismatch [65]. The decision module illustrated how
posterior uncertainty can be propagated into conserva-
tive control actions that respect pressure constraints
and reduce the risk of destabilizing responses driven
by overconfident estimates.

The framework is intended as a general methodol-
ogy rather than a brittle predictor tuned to a narrow
dataset. Its main limitations arise from fundamental
observability constraints and from residual mismatch
in slip and regime dynamics that may require richer
closures when applied to complex geometries or highly
deviated wells. Future work can extend the model to
incorporate cuttings transport, more detailed thermal
coupling, and richer compositional effects, while pre-
serving the central requirement of online tractability
and uncertainty-calibrated outputs. By unifying ther-
modynamically consistent multiphase modeling with
sequential Bayesian inference, the proposed approach
provides a principled path toward interpretable, real-
time kick state estimation and risk-aware well-control
decisions using measurements that are already routinely
available at the surface [66].
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