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Abstract

Gas influx events during drilling remain a principal source of nonproductive time and a persistent
precursor to loss-of-well-control incidents. Modern rigs provide dense surface instrumentation,
yet the mapping from surface pressure and flow signals to evolving downhole multiphase states is
often nonunique because of coupled effects from compressibility, slip, friction, temperature vari-
ation, and transient boundary conditions. This paper develops a solubility-aware, reduced-order
digital twin and a Bayesian state-estimation scheme that jointly infer kick onset, influx mass, and
migration dynamics using only surface measurements and routine rig telemetry. The core model-
ing contribution is a thermodynamically consistent partition of the influx gas between dissolved
and free phases, coupled to a drift-flux-based annular momentum closure and a temperature-
dependent equation of state, enabling fast evaluation without solving full-field computational
fluid dynamics. The inference contribution is a sequential probabilistic filter that propagates un-
certainty through the reduced-order dynamics while assimilating standpipe/choke pressures, pit
volume, and pump-rate data, yielding posterior distributions over kick size and location rather
than point estimates. A regime-aware closure is introduced through a constrained, differentiable
surrogate for friction and slip that preserves physical monotonicity and mass conservation, al-
lowing robust operation across shut-in and circulating conditions. Numerical experiments over a
broad range of depths, mud properties, and influx scenarios demonstrate that incorporating dis-
solution reduces systematic bias in inferred influx volume and improves early-warning reliability
under realistic sensor noise. The resulting framework is designed for real-time use, emphasizing
identifiability, bounded computational complexity, and control-relevant outputs.

Gas kicks are intrinsically transient, multiscale phenomena that couple reservoir inflow, an-
nular multiphase transport, thermodynamic phase behavior, and surface-control actions [L].
The operational need is deceptively simple: detect an influx early, estimate its magnitude
and type, and choose choke and pump actions that restore overbalance while staying within
surface and downhole pressure constraints. The scientific difficulty is that the measurements
most readily available to the driller are not direct observations of the downhole multiphase
state; instead, they are filtered through a distributed, evolving hydraulic system whose re-
sponse depends on geometry, mud rheology, gas compressibility, slip, and thermal gradients.
Even when high-frequency surface data are available, multiple downhole state trajectories can
produce similar surface signatures, particularly during the early stage of an event when gas
holdup is small and the system is still close to nominal circulation.

A central limitation of many real-time kick-response tools is the separation of detection from



2 Le Quoc Truong et al.

Surface telemetry
PSPP, Pch, Vpits Qin/out

<

4

((

-
Sync & cleaning
de-bias, resample, QC

Bayesian sequential filter
particles / sigma-points

Y
v.
L}
Solubility-aware

reduced-order twin
drift-flux + EOS + thermal

o8
Physical wellbore
& surface equipment
hydraulics + actuation

Posterior outputs
M§7 Vga 39» L()

A

——
=
==

Risk-aware control
choke/pump setpoints

Figure 1. Real-time architecture: surface measurements are assimilated by a Bayesian filter wrapped
around a solubility-aware reduced-order digital twin. The estimator produces posterior distributions
over kick size, dissolved/free partition, and migration state; the control layer evaluates candidate
choke/pump actions under uncertainty to maintain pressure constraints while circulating out the
influx.

dynamics [2]. Threshold rules flag flow-out or pit gain deviations, while subsequent calcu-
lations assume simplified hydraulics or steady-state pressure gradients. These approaches
are vulnerable to false positives from operational transients, as well as false negatives when
dissolution or delayed gas breakout masks early pit gain. At the same time, fully resolved
transient multiphase simulators exist, but their computational cost and calibration burden
often exceed what is feasible in field decision windows. The practical gap suggests a modeling
target that is neither purely empirical nor fully resolved: a reduced-order mechanistic model
that is fast, identifiable from surface measurements, and expressive enough to represent the
main nonlinearities that govern early signal formation.

Surface pressure provides a particularly valuable diagnostic channel because it is continuously
observed, synchronized with pump controls, and directly linked to the integrated annular mo-
mentum balance [2]. Recent laboratory evidence has shown that surface pressure responses
can be systematically associated with annular flow regimes and kick evolution under circu-
lating conditions, motivating the idea that surface pressure can serve as a primary detection
and characterization signal when interpreted through an appropriate model [.]. However, a
purely data-driven mapping from surface pressure to regime or kick size risks brittleness under
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Figure 2. Thermodynamically structured dissolved/free partition used for real-time inference. An
EOS-derived solubility target ¢*(p, T) governs how total gas inventory splits into dissolved gas Mg and
free gas M{, through a bounded relaxation model. Pressure changes shift equilibrium and can rapidly
convert dissolved inventory into free gas, altering pit gain and casing/choke pressure trajectories even
when early free-gas indicators are weak.

changes in geometry, fluid properties, and temperature, while a purely mechanistic mapping
risks bias if critical physics, such as dissolution in nonaqueous muds, is neglected.

This paper advances a unified framework in which a solubility-aware reduced-order annular
model is embedded within a Bayesian sequential inference architecture. The thesis is that
real-time well-control decisions can be materially improved by treating kick characterization
as an online inverse problem with quantified uncertainty, where a physically constrained state-
space model maps controls and boundary conditions to surface observables [2]. The technical
contribution is not a synthesis of prior kick studies, but an integrated modeling and inference
methodology that emphasizes identifiability, computational tractability, and control relevance.
The model combines (i) a mechanistic two-phase transport core with slip, compressibility, and
distributed friction, (ii) a thermodynamic partitioning of gas between dissolved and free phases
coupled to temperature and pressure, and (iii) a regime-aware closure that can be learned
from data while enforcing conservation and monotonicity constraints. The inference layer (iv)
assimilates surface telemetry through a sequential filter that produces posterior distributions
over influx mass, location, and migration rate, enabling risk-aware control actions rather than
deterministic heuristics.

The remainder of the paper is organized as follows [C]. A system-level state-space representa-
tion is developed, including measurement operators that connect downhole states to surface
pressures and pit volume. A reduced-order multiphase dynamics model is introduced, em-
phasizing stable discretization and bounded computational complexity. A thermodynamic
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Figure 3. Bayesian sequential inference loop embedded around the reduced-order twin. Particles
(or sigma-points) propagate uncertainty through nonlinear multiphase dynamics, predict surface
measurements, and update weights via the multi-sensor likelihood. Resampling and mild rejuvenation
maintain diversity during kick onset and regime transitions, yielding posterior distributions over influx
magnitude, location, and dissolved/free inventories.

solubility closure is derived and coupled to the hydraulic core, highlighting its role in delay-
ing breakout and altering pit gain and pressure signatures. A Bayesian filtering strategy is
then constructed to solve the online inverse problem, followed by a regime-aware, physics-
constrained surrogate closure to handle friction and slip across operating modes. The paper
concludes with control-relevant outputs and numerical experiments that illustrate how solu-
bility and uncertainty quantification change operational decisions [Z].

Consider a wellbore annulus of measured depth coordinate s € [0, L], with s = 0 at the bit and
s = L at the surface. The annulus cross-sectional area is A(s) and hydraulic diameter is Dy(s),
both possibly varying with depth due to casing and open-hole sections. The drilling fluid is
treated as a liquid phase with density p¢(p, T) and effective viscosity we(y, T), while the influx
is a compressible gas phase with density p,4(p, T) and viscosity pg(7). The phases occupy
local volume fractions oy(s, t) and x¢(s, t) = 1-ag(s, t), with superficial velocities ugy(s, t) and
ug(s, t), and mixture velocity wum(s,t) = aguy + ogue. The objective is to infer, online, the
evolving downhole state z(t) from surface measurements y(¢) and known controls u(t), where
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Figure 4. Regime-aware differentiable surrogate closure integrated with the reduced-order dynamics.
A compact feature vector drives a soft gating model over a small set of regime experts whose outputs
blend into friction and slip closures. Constraint mechanisms enforce boundedness and conservation-
compatible behavior, improving stability when the estimator must explain surface pressure changes
across circulating and shut-in conditions.

the controls include pump rate, choke opening, and potentially backpressure setpoint.

A practical field implementation must balance fidelity and identifiability [2]. The distributed
multiphase flow problem is naturally expressed as a set of coupled partial differential equations
in s and t, but this level of detail is typically underdetermined by surface-only measurements.
The approach here is to define a reduced-order state vector that captures the dominant degrees
of freedom governing surface signals during a kick. One effective representation aggregates the
annulus into NN axial cells, with cell-averaged pressure p;(t), gas void fraction oty (), mixture
temperature T;(t), and a dissolved-gas state variable ¢;(¢) representing the amount of gas in
solution per unit liquid volume. The full state vector is then

o(t) = [p1(D), ..., pn (D), &g1(t), ... g n(t), T1(D),..., Tn(t), cl(t),...,cN(t)]T, (2.1)

with additional scalar states for influx source strength and location when needed [2]. This
state choice is designed to preserve the ability to predict surface pressure and pit gain while
avoiding unobservable fine-scale fields.

The governing reduced-order dynamics are obtained by integrating conservation laws over each
cell. For the mixture mass balance, assuming no significant compressibility of the liquid phase
over short time windows and treating gas compressibility explicitly, a cell-average mixture
continuity equation can be written in terms of volumetric flow rates Qp, i(t) = A;um,;(t) and
sources at the boundaries. The gas mass balance must account for both free gas and dissolved
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Figure 5. Control-relevant decision support from posterior ensembles. The estimators particle set is
rolled forward under a small menu of candidate choke/pump policies to quantify risk of pressure-limit
violation and forecast time-to-surface. Actions are selected by trading off constraint risk against
migration/expansion outcomes, then validated by immediate surface-response consistency as new
telemetry arrives.

gas. Let M];i(t) denote the free-gas mass in cell 7 and Mii(t) the dissolved-gas mass. Then
the total gas mass is My ;(t) = Mgi(t) + Mg)i(t), and its evolution is driven by axial transport
plus influx at the reservoir entry cell &:

dMy ;
dtg’l = Mg, 1—i~ Mg,isi+1 + dik Mg in(1). (2:2)

A key modeling element is that the partition between Mf and Md ; Is not arbitrary; it is
constrained by phase equilibrium and mass-transfer time scales For real-time inference, an
equilibrium or quasi-equilibrium assumption is often appropriate for small bubbles in a well-
mixed cell over the time scale of minutes, while still allowing delayed breakout due to pressure
changes. Accordingly, the dissolved state ¢;(t) is treated as a dynamic variable that relaxes
toward an equilibrium solubility ¢} (p;, T;) with a finite rate «;: [LL)]

dci
dt
This relaxation model provides a controlled way to represent non-instantaneous dissolution
without introducing detailed interfacial area dynamics that are rarely observable in the field.

= «i(cf (ps, Ts) — ¢;) + transport terms. (2.3)

Momentum balance provides the link from downhole states to surface pressures. For each cell,
an integrated steady-in-space, unsteady-in-time momentum approximation is used, in which
pressure drop is related to acceleration, hydrostatic head, and friction. The cellwise pressure
gradient can be written as

Pi+l —Pi _ migcos 0, fiPmitmiluma| —  dum

Phadui Ly 2.4
As; 9D : Om.i =0t (2:4)
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Table 1. Key notation for the annular geometry and multiphase state variables.

Symbol  Description Units Type / role

s Measured depth coordinate m Independent spatial coordinate along annu-
lus

L Total measured depth m Upper bound of s € [0, L] (surface at s = L)

A(s) Annular cross-sectional area m? Varies with casing / open-hole geometry

Dy (s) Hydraulic diameter m Geometric parameter for friction correlations

xg(s,t) Gas volume fraction = Local free-gas holdup in the annulus

um(s, ) Mixture velocity m/s  Volume-fraction-weighted phase velocities

a(t) Reduced-order state vector — Stacked pressures, holdup, temperature, dis-
solution

Table 2. Main model and inference components in the proposed framework.

Component Domain Brief description

Solubility-aware partition Thermodynamics EOS-based split between dissolved and free
gas constrained by phase equilibrium in
mud systems

Drift-flux transport Hydraulics Reduced-order annular momentum and
gas-slip representation using distribution
parameter and drift velocity

Thermal coupling Energy Lumped convective—conductive tempera-
ture model linked to solubility and gas den-
sity

State-space formulation ~ Systems Axial cell aggregation into a finite-

dimensional state for inference and control

Bayesian filter Inference Sequential probabilistic estimator produc-
ing posteriors over influx mass and migra-
tion state

Surrogate closure Data-driven closure Differentiable, regime-aware friction and
slip model with embedded physical con-
straints

where 0; is inclination, ppm,; = &g ipe(pi, Ti) + &g,iP4(pi, T;) is mixture density, and f; is an
effective friction factor that depends on rheology, regime, and void fraction. The model is
designed so that f; can be evaluated quickly via a regime-aware closure introduced later, while
maintaining monotonicity and boundedness needed for stable inverse estimation [L1].

Surface measurements are modeled as noisy functions of the state and controls. Let pspp(¢)
denote standpipe pressure and pep(t) choke manifold pressure or casing pressure depending
on rig configuration. Let Vpit(?) denote pit volume. Then a measurement model takes the
form

y(t) = [pspp(8); pen(D); Voic(t), Qun(), Qout(D)] (2.5)
= h(z(t), u(?)) + n(¥), 2.6

where 1(¢) represents sensor noise and unmodeled disturbances [L2]. In many operations,
@Qin is essentially a control input (pump rate), while Qout is measured and can be used as a
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Table 3. Structure of the reduced-order state vector used for estimation.

Group Symbols Dimension Physical meaning

Pressure states Ply--+3 DN N Cell-averaged annular pressure profile driv-
ing surface pressure signals

Gas holdup Xg1,..-,%gN N Free-gas volume fraction governing hydro-
statics and compressibility

Temperature Ty,...,Tn N Mixture temperature affecting EOS and
solubility limits

Dissolution Cly.--,CN N Dissolved-gas content per unit liquid vol-
ume in each cell

Influx parameters e.g. mg,in, k 1-3 Influx source strength, onset and location
indices

Table 4. Summary of the governing balances in the cell-averaged multiphase model.

Balance Primary variable Representative reduced-order relation

Mixture mass Q.4 Cellwise continuity in terms of volumetric flow rates and
boundary sources

: p aMg,i

Gas mass My ; Axial transport with influx source: == = Mgil—i—
My isit1 + OikMg,in

Dissolved gas ¢; Relaxation toward equilibrium: % = Ki(c;‘ - ¢) +
transport

Momentum i Integrated mixture momentum with hydrostatic, frictional
and accelerational terms

Energy T; 1D convective transport plus linearized heat exchange

with formation

diagnostic of imbalance. The mapping h(-) is constructed from the cellwise pressure drops and
the surface equipment models. Importantly, pit gain is influenced by both free gas expansion
and dissolved gas coming out of solution; therefore, the pit-volume prediction is computed
by integrating the net surface return flow, which depends on the evolving annular mixture
density and gas fraction.

A model intended for inference must also address identifiability. If the goal is to infer in-
flux mass and location solely from surface pressure, there must be sufficient excitation and
distinct signatures. In practice, pump-rate transients, choke adjustments, and natural pres-
sure evolution provide excitation, but they can also confound signals [L3]. The approach
taken here is to frame identifiability as a practical observability question over a moving time
window: whether variations in surface pressure and pit volume contain enough information
to distinguish changes in oy and c at depth. This framing motivates the Bayesian filtering
method developed later, where uncertainty reflects partial observability rather than assuming
the state is fully determined.

Static (shut-in) periods are particularly challenging because flow is minimal and pressure
gradients evolve primarily through gas migration and buoyancy-driven slip. Laboratory work
under static conditions has nevertheless shown that pressure-gradient patterns can be asso-
ciated with evolving flow regimes and that learning-based classifiers can distinguish influx
types from pressure response features [L1] [L1]. While this paper does not replicate those ex-
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Table 5. EOS and solubility-related quantities used in the dissolution closure.

Quantity Symbol Expression Notes
Attraction parameter a(7T) 0.45724 R2T2 o(T)/pe Peng—Robinson
EOS parameter
for pseudo-
component gas
2
Temperature factor «(T) [1 +k(1-+/T/ TC)] Encodes tem-

perature depen-
dence of a(T)

Soave coefficient K 0.37464 + 1.54226w — 0.26992w?2  Function of
acentric factor
w

Co-volume b 0.07780 RT¢/pc EOS excluded-
volume parame-
ter

Equilibrium mole fraction z ¢<9)y/¢(2) From equality
of component
fugacity be-
tween gas and
liquid phases

x

A . T Pe,i
Equilibrium dissolved state c7 i
1-z* M,

Converts equi-
librium mole
fraction to
moles per unit
liquid volume

perimental analyses, it motivates a key design decision: the reduced-order model must remain
valid under both circulating and shut-in conditions, and the inference method must gracefully
handle changing excitation and reduced information content.

A gas kick in synthetic-based or oil-based mud can exhibit substantial dissolution, especially
at high pressure and moderate temperature, delaying the appearance of free gas and altering
early-warning indicators such as pit gain and return flow. If dissolution is ignored, a state esti-
mator calibrated on free-gas expansion alone will tend to attribute missing pit gain to smaller
influx size, potentially underestimating hazard. Conversely, if dissolution is represented em-
pirically without thermodynamic structure, the model may extrapolate poorly outside the
calibration envelope [L0]. The present section develops a thermodynamic solubility closure
and couples it to the reduced-order hydraulic model in a way that remains computationally
bounded.

Let the influx gas be a mixture with overall composition vector z, with methane-dominant
composition as a common simplifying assumption in many operational contexts. The equi-
librium condition for component j between gas and liquid phases is equality of fugacity,

K. T.y) = £9 (0, T, ), (3.1)

where y and z are the phase compositions in gas and liquid, respectively. Using an equation
of state (EOS) framework, fugacity is expressed as f;g) = d)§g> y;p and f§.e) = ¢§~e)l’jp, with
fugacity coefficients ¢ determined by the EOS and mixing rules. For a reduced-order kick
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Table 6. Key stochastic elements in the Bayesian state-estimation formulation.

Object Symbol Role in sequential inference

Latent state ay Collects discretized pressures, holdup, tempera-
ture, dissolution and influx variables at time step
k

Static / slow parameters © Encodes friction scaling, EOS parameters, disso-

lution rates, sensor biases and surrogate weights

Process noise Wy Represents model discrepancy, unmodeled inflow
fluctuations and surrogate closure error

Measurement noise Vg Captures sensor uncertainty in standpipe, choke,
pit volume and flow measurements

Posterior p(z, ©]yo.x) Distributes belief over states and parameters given
surface data history

Table 7. Inputs and outputs of the regime-aware physics-constrained surrogate closure.

Category Variables Description

Gas / mixture fractions o, Pm,i Local holdup and mixture density influenc-
ing slip and friction

Dimensionless groups Rem,i, Fri, We; Reynolds, Froude and Weber numbers char-
acterizing flow regime

Geometry Dy, ;, 05 Hydraulic diameter and inclination angle of
each cell
Fluid properties P¢,ir Pg,ir Me,ir Mg Phase densities and viscosities derived from

rheology and EOS

Closure outputs fir Coyir Vi Friction factor, distribution parameter and
drift velocity returned by the surrogate

model, the full multicomponent flash calculation can be replaced with a computationally
efficient single-component or pseudo-component representation when appropriate, where x
becomes the dissolved mole fraction of the pseudo-component in the liquid [LZ]. Under this
approximation, the equilibrium relation reduces to

N ¢ (p, Ny
2 (p, T) = W (3.2)

The key requirement is that z* increases with pressure and decreases with temperature in
a physically consistent way for typical gas-in-mud systems, and that it yields a consistent
bubble-point condition defining when free gas emerges for a given dissolved concentration.

To enable real-time evaluation, the fugacity coefficients are computed via a cubic EOS with
precomputed or quickly evaluated parameters. The Peng—Robinson form is a common choice
because it balances accuracy and computational simplicity for hydrocarbon gases and is
amenable to analytic evaluation of ¢. For a pseudo-component with critical properties
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Table 8. Control-oriented scalars derived from the state posterior used in real-time decision support.

Quantity Symbol Definition Decision relevance
N i d . .
Total gas mass Myg.ann ) Mq 5 Mq,i Overall influx size that enters
=an kill-weight and risk calcula-
tions
Free gas volume Vg,ann N g, i AiAs; Controls expansion, pit gain

1=

and near-surface gas risk
N
=1 siocg,iAiAsi

Gas centroid depth Sg o Indicates migration progress
im1 %g,idiAsi+ € and proximity of free gas to
the surface
Violation probability ~ P(p > pmax) Probability that annular or cas- Supports choke and pump
ing pressure exceeds a specified adjustments under wellbore
limit over a forecast horizon and surface pressure con-
straints
Time-to-surface proxy — Derived from forward simulation Measures urgency of shut-in
of the posterior particles under a or circulation actions for haz-
candidate control policy ard mitigation

(Te, pe,w), the EOS parameters are [12]

272
a(T) = 0.45724 Rp CofT), o(T)=[1+«k(1-+/T/ Tc)]2, Kk = 0.37464 + 1.54226w — 0.26992w?,
C
(3.3)
T
b= 0.07780Rp °. (3.4)

Given (p, T), the compressibility factor Z solves the standard cubic relation, from which
¢ follows. For the liquid phase fugacity coefficient ¢(©), an analogous EOS evaluation
is performed using liquid-like root selection and mixing parameters tuned to the base mud
fluid. In field implementations where detailed mud composition is unavailable, ¢®) can be
represented by an effective activity model calibrated to lab PVT data while still preserving
the fugacity-equilibrium structure. The goal is not to perfectly predict phase behavior for
all possible mud chemistries, but to enforce a thermodynamically consistent pressure and
temperature dependence that prevents unphysical extrapolation.

The dissolved gas state ¢;(t) is defined here as moles of dissolved gas per unit liquid volume
in cell 4. The equilibrium value ¢ is related to the mole fraction z* through

_ 2 (ps, Ti) P,
1—a*(pi, Ts) My’

c; (pi, Ti) (3.5)
where M, is an effective molar mass of the liquid phase used for conversion. The free-gas
volume fraction &g ; is then determined by total gas mass balance:

d
Mg,i = Mg ;+ M, ;.

Mg,i = C; Mg Vg,i, VZ,i = (1 - O(gJ)AiASi, (3.6)

with Mg the pseudo-component molar mass. The free-gas mass relates to a4 ; through the
gas density,

M];,i = pg(pi, Tl) Vg7i7 Vg,i = ch’iAiASi. (37)
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Table 9. Representative numerical experiment configurations and qualitative outcomes used to assess
the framework.

Scenario Truth model Estimator model Main observation
Dissolution ignored in es- Solubility-aware No dissolution Estimator underestimates in-
timator flux size and places gas too

deep; actual breakout at sur-
face occurs earlier than pre-

dicted.
Uncertain dissolution ki- Solubility-aware with Same structure with Posterior initially  spans
netics finite relaxation uncertain k and EOS dissolved- and free-gas-
parameters dominated states and

gradually concentrates as
pressure, flow and pit signals
accumulate.

Circulating to shut-in Unified circulating / Unified model with Mixture-of-experts slip and

transition static model regime-aware closure  friction closure preserves
pressure prediction across
the transition without spuri-
ous changes in inferred gas
mass.

Control policy comparison Same dynamics for all Different choke and Ensemble forecasts expose
cases pump-rate strategies  trade-offs between pressure-
limit violation risk and gas-
migration risk, enabling se-
lection of conservative but ef-
ficient policies.

These relations imply an implicit coupling between c¢;, ¢4, 4, and p;; however, because the state
estimator advances in time with small steps, the coupling can be resolved efficiently through
a single Newton step per cell or through an explicit approximation when o, is small.

A practical reduced-order model must also represent the axial transport of free gas and liquid.
Drift-flux provides a compact representation of slip without tracking individual bubbles [L9].
The gas superficial velocity is written as

Ug = Cotm + ng, (3.8)

where Cp is a distribution parameter and Vy; is a drift velocity capturing buoyancy-driven
slip. Both terms depend on regime, inclination, and fluid properties. The gas void fraction
evolves according to a transport equation driven by the divergence of u, and gas generation
from breakout of dissolved gas. In cell-averaged form, [20]

d

Ef(fxg,iAiAsi) = Qg,i-1—i— Qgisit1 + T, (3.9)
where I'; represents volumetric gas release due to ¢; decreasing below equilibrium as pressure
drops, as well as any direct influx addition at the source cell. The release term is computed
from the dissolved gas dynamics:

M= (3.10)

1 Mg ;
pg(pi; Ti) ( dt )release7

ensuring that gas released from solution increases free-gas holdup and thereby affects mixture
density and pressure gradients.
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Temperature influences both solubility and gas density. For real-time performance, the ther-
mal model is reduced to a convective—conductive balance with lumped heat-transfer coeffi-
cients [2l]. Each cell temperature evolves as

de _ 7um,7,'
dt o ASi

(T Ti1) + Ai( Ty~ Ti), (3.11)

where Ty ; is the formation temperature and A; is an effective heat-transfer rate. This thermal
structure is sufficient to capture the major effect of warming returns and cooling inflows
without solving a detailed radial heat equation.

The computational target is to advance the reduced-order model at rates compatible with
surface data acquisition, often on the order of 1 Hz to 10 Hz. The model is therefore discretized
with small N (for example, tens of cells rather than hundreds) and evaluated using semi-
implicit time stepping that stabilizes stiff dissolution relaxation while keeping the per-step
cost bounded. The dominant per-step computations are EOS evaluations and the solution of
a banded linear system for pressures implied by momentum balance and boundary conditions
[22]. Because the state estimator requires repeated model evaluations for multiple particles
or sigma points, model cost must scale nearly linearly with N.

A thermodynamic solubility model of this general form has been shown to produce close
agreement with commercial process simulators for methane dissolution in synthetic-based
mud when coupled to a mechanistic kick model, including agreement on bubble-point pressure
and small deviations in predicted dissolved fractions [22]. The role of that observation in the
present work is limited but important: it supports using an EOS-based solubility closure
rather than an empirical correlation when the objective is robust inference across pressure
and temperature ranges encountered in deep wells [21].

Kick characterization is posed here as an online inverse problem in a nonlinear, partially
observed dynamical system. The reduced-order model provides a forward map from controls
and boundary conditions to predicted surface measurements. The inverse problem seeks the
posterior distribution of the state and uncertain parameters, conditioned on the measurement
history. This probabilistic framing is essential because early in an event the data may not
uniquely determine influx size or location, and because operational transients can masquerade
as kick signatures. Rather than producing a single deterministic estimate, the inference layer
produces a distribution that can be translated into risk-aware control decisions [21].

Let 2 denote the discretized state at time step k with sampling interval A¢, and let 8 denote
uncertain but slowly varying parameters, such as effective friction scaling, gas composition
parameter, dissolution relaxation rates, and sensor biases. The system is modeled as

Tpt1 = F(fEk, U, 9) + wg, (4.1)
Y = Mz, ug, 0) + v, (4.2)

where F'is the time-advance operator from the reduced-order dynamics, h is the measurement
operator, wy, is process noise representing unmodeled disturbances (such as unmeasured inflow
fluctuations, small cuttings effects, or simplifications in slip closure), and vy is measurement
noise. The process noise is critical: without it, the filter may become overconfident in an
imperfect model and reject real anomalies as noise [2C]. With it, the filter can represent
model discrepancy and maintain realistic uncertainty.
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The influx itself is represented as a boundary source term. A useful parameterization treats
the influx mass rate as piecewise constant over short windows, with an onset time T and
magnitude m to be inferred. Because the onset time is discrete in the sampled system, it can
be represented by a latent indicator that switches the source term on [27]. In practice, the
filter can augment the state with an influx-rate state mgy i, that is driven by a random-walk
prior, allowing the filter to discover onset through a change in posterior mass. This avoids
hard thresholding and provides a principled probability of an active kick.

A sequential Monte Carlo approach is well-suited for the nonlinearities introduced by gas
compressibility, phase partitioning, and regime transitions. In particle filtering, a set of P
particles {x,(cp ) , 9(1")}5:1 is propagated through F, and their weights are updated based on the
likelihood of observing ¥ given the particle prediction. With Gaussian measurement noise of
covariance R, the weight update is

i = ulyep (5l )R ), W = h w00, (43)
followed by normalization and resampling when the effective sample size drops below a
threshold. Because particle filters can suffer from degeneracy in high-dimensional states, the
reduced-order choice of z is crucial: it must be small enough to be tractable but rich enough
to reproduce surface signals [22]. Additional stabilization is obtained by marginalizing linear
substructures where possible. For example, if pressures satisfy a linear system conditioned on
holdup and friction parameters, those pressures can be solved deterministically per particle,
leaving the stochastic portion to focus on gas and dissolution states.

An alternative is a sigma-point filter such as the unscented Kalman filter, which approximates
the distribution as Gaussian and propagates a set of sigma points through F and h. This can
be computationally cheaper than particle filtering, but it may underrepresent multi-modality,
particularly during kick onset when both no-kick and kick hypotheses may be plausible.
The framework here therefore emphasizes particle-based inference, with optional Gaussian
approximations for speed when operational risk tolerance allows [29)].

A distinctive element of the present formulation is the use of physically interpretable inter-
mediate variables that improve the conditioning of the inverse problem. Rather than directly
filtering oy ; in each cell, the filter can track a lower-dimensional representation such as the
center-of-mass depth of free gas and its total mass, along with a shape parameter controlling
spread. This representation reflects the fact that surface pressures are often most sensitive
to integrated gas holdup and its depth distribution, rather than fine-scale variations. The
mapping from these low-dimensional latent variables to cellwise &y ; can be implemented as a
smooth basis expansion, such as a Gaussian or Beta distribution over depth, ensuring nonneg-
ativity and bounded holdup. The dissolved-gas profile can be treated similarly. This reduces
the inference dimension while preserving the ability to predict pressure gradients [20].

To relate surface pressures to downhole states, the measurement operator includes surface
equipment and boundary conditions. Standpipe pressure depends on drillstring hydraulics
and bit nozzle losses, while casing/choke pressure depends on annular losses and choke back-
pressure. In many rigs, both are measured and provide complementary information: stand-
pipe pressure is sensitive to pump-rate and internal losses, while casing pressure is sensitive
to annular density changes induced by gas holdup. The pit-volume signal integrates net re-
turn flow and can be delayed relative to downhole dynamics, but it provides a mass-balance
constraint that helps disambiguate friction changes from actual influx. In the filter, these
signals are assimilated jointly, with noise covariances tuned to reflect sensor accuracy and the
degree of unmodeled rig dynamics [21].
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A practical challenge is that operational transients can produce signals similar to kicks. Pump
start/stop changes can induce pressure spikes, and cuttings loading can change equivalent
circulating density. The Bayesian framework handles this by allowing process noise to account
for small deviations while requiring consistent multi-sensor evidence for a sustained kick
posterior. In addition, the filter can incorporate a prior on influx dynamics based on drilling
conditions, such as expected formation pressure distributions and pore-pressure uncertainty.
These priors do not require external references; they reflect standard engineering knowledge
encoded probabilistically rather than deterministically [22].

The output of the inference layer is a posterior distribution over control-relevant quantities:
influx mass, current free-gas volume, dissolved gas inventory, and gas centroid depth. From
these, the system computes the probability that free gas will reach the surface within a given
time horizon under current controls, the probability that casing pressure will exceed a limit,
and the probability that equivalent circulating density will drop below a threshold. These
probabilistic outputs support decisions that account for uncertainty rather than relying on a
single potentially biased estimate.

The reduced-order dynamics require closure relations for slip, friction, and interphase mass
transfer. In field environments, these closures face two competing demands: they must be
computationally inexpensive, and they must remain robust across regimes spanning bubbly
flow, slugging, churn, and potentially annular flow, as well as across circulating and shut-
in conditions [22]. Classical mechanistic correlations exist, but they may require regime
maps and parameters that are uncertain in real time, particularly in deviated wells and non-
Newtonian muds. Conversely, unconstrained machine learning surrogates may fit training
data well yet violate conservation, monotonicity, or boundedness, leading to unstable predic-
tions when embedded in a filter.

This section introduces a differentiable surrogate closure that is trained or calibrated from
data while enforcing physical constraints. The surrogate maps a local feature vector &; to
closure outputs such as friction factor f;, distribution parameter Cp ;, and drift velocity Vy; 4.
The feature vector includes dimensionless groups and state variables available in the reduced-
order model: [21]

E:i: [o‘g,i; Rem,i, Fria Weia Dh,’i7 ei, Pe,i» Pg,ir He,is Hg,i]a (51)

where Re,,; is a mixture Reynolds number, Fr; is a Froude number reflecting buoyancy
relative to inertia, and We; is a Weber number reflecting surface tension effects when rele-
vant. Even when some of these are uncertain, their approximate values help the surrogate
interpolate across conditions.

The surrogate is constructed to satisfy constraints that prevent unphysical behavior. For
friction, the key constraints are nonnegativity, continuity, and a reasonable monotonic de-
pendence on Reynolds number in the laminar and turbulent limits. For slip, drift velocity
should be nonnegative in vertical upward flow for buoyant gas, should increase with density
contrast, and should vanish as oy — 0 in regimes where bubbles are small and well-dispersed.
For distribution parameter Cj, values must remain within a plausible range that preserves
ug boundedness [12]. These constraints are enforced by parameterizing the surrogate outputs
through bounded activation functions and by adding penalty terms to the training objective
that measure violations of known inequalities. Because the surrogate is differentiable, it can
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be trained from lab or field data and can also be fine-tuned online within the Bayesian filter
by treating a small set of surrogate parameters as part of 0.

A particularly useful structure is a mixture-of-experts model with a latent regime variable
z; that represents flow pattern in a soft, probabilistic way. Rather than making a hard
regime classification, which can be unstable near boundaries, the model represents regime
membership probabilities m;, = P(z = r|&;) over a small set of regimes r. Each regime
expert provides closure outputs, and the final closure is a convex combination:

ﬁ = rﬂi,rfi,r(ai); CO,Z' = TT[i7TCO,'L.,T(EVi)7 ng,i = TT[’[,T ng,i,r(ai)- (52)

This structure is compatible with the observation that pressure signals correlate with regimes,
yet it avoids abrupt switching that can destabilize inference [2(]. The regime probabilities
can be informed by surface data through the filter because different closures lead to different
predicted pressures. In effect, the filter learns which regimes are most consistent with observed
data, without requiring direct downhole visualization.

The surrogate closure is integrated with the reduced-order model through a differentiable
solver. This has two advantages [2Z]. First, it enables efficient gradient-based calibration
of parameters using historical data, even when the model includes EOS-based solubility and
nonlinear pressure coupling. Second, it supports sensitivity analysis for identifiability, allow-
ing the practitioner to assess whether surface pressure data can distinguish between changes
in friction and changes in gas holdup. In many cases, pit volume provides the key disam-
biguation, but during shut-in, pit volume changes may be minimal; the differentiable model
enables quantification of uncertainty inflation in those cases.

To ensure that the closure does not violate conservation, the training loss incorporates resid-
uals of the discretized conservation laws evaluated on training trajectories. Suppose a dataset
provides time series of surface pressures and controlled pump rates along with occasional
downhole measurements from a wired drillpipe or downhole gauge in some wells [22]. The
surrogate can be trained to minimize mismatch between predicted and observed pressures
while also minimizing conservation residuals. The conservation residual for gas mass in cell 7
at time step k is

Toik = Mg ikt~ Mgk~ Dt(Mgi1ik — Mg imsit1 ks + SikMg,in k), (5.3)

with analogous residuals for mixture mass and energy. Penalizing r* discourages surrogate
behaviors that fit pressures by implicitly creating or destroying mass.

The closure must also be robust to non-Newtonian mud rheology [2Y]. In many drilling fluids,
apparent viscosity depends strongly on shear rate and temperature. Rather than embedding
a detailed rheological model, the surrogate uses an effective viscosity computed from a simple
rheology law evaluated at an estimated shear rate based on mixture velocity and hydraulic
diameter. The surrogate then adjusts friction factor as needed. This separation keeps the
mechanistic core simple while allowing data to compensate for rheology complexity [L0].

When the system transitions between circulating and shut-in, the relevant physics shift from
forced convection to buoyancy-driven migration. The surrogate accommodates this by in-
cluding mixture velocity in its features and by allowing a drift-dominated regime expert to
become active as u,, decreases. Under shut-in, frictional losses diminish, and pressure evo-
lution becomes dominated by hydrostatics and gas redistribution. The filter correspondingly
shifts weight toward pressure signals that reflect density changes rather than friction changes.
This adaptability is essential for a unified estimator that remains functional across operational
modes [LL].
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The result is a closure strategy that is neither purely mechanistic nor purely empirical. It
is mechanistically grounded through conservation, boundedness, and physically motivated
features, yet it is flexible enough to adapt to the specific well, mud, and sensor characteristics
encountered in practice. This is particularly important when solubility affects early signals:
dissolution changes the relationship between pressure drop and pit gain, and closure errors
can otherwise be misattributed to dissolution or vice versa. By constraining the surrogate and
incorporating it into the Bayesian estimator, the framework reduces the risk of compensating
errors that would undermine decision-making.

A key objective of modeling and inference in well control is not merely to reconstruct downhole
states, but to produce quantities that inform actionable decisions under constraints [12].
These decisions include adjusting choke backpressure, changing pump rate, initiating shut-
in, circulating out the influx, and selecting a kill mud weight. The proposed framework
yields posterior distributions over state variables, enabling computation of probabilities for
constraint violation and time-to-surface estimates. This section defines the control-relevant
outputs, explains how they are computed from the posterior, and discusses how solubility and
regime uncertainty influence decisions.

Let the posterior at time k be represented by weighted particles {zzrgcp ) .0 w;p )}. Control-
relevant scalars are functions g(z,0), and their posterior distributions are approximated by
the weighted sample [L2]. One central quantity is influx size, represented by total gas mass
in the annulus,

Myann = N (M + My ). (6.1)

However, operational consequences depend more directly on free gas volume and its depth
distribution. The free gas volume is

Vg,ann = i]:vl ch’iAiASi, (62)
and the gas centroid depth is

N
=1 Si(xg,iAiASi
N )
o g iAiAs;+ €

Sg:

(6.3)

with € a small positive constant to avoid division by zero in no-gas cases [L1]. The dissolved
inventory is similarly computed from c¢;. These quantities provide a compact summary of
where the hazard is and how quickly it may reach the surface.

The maximum allowable annular surface pressure (MAASP) and related casing pressure con-
straints are typically defined by formation integrity and casing shoe strength. In the frame-
work, the probability of violating a surface pressure limit ppax over a horizon H under a
candidate control policy 7t is computed by forward-simulating each particle under 7t

B(

ﬁlangpCh(k+ h) > Pmax | yO:k) ~

P (p) ( (p,m) )
1 k+h max ) 4
o wp 1{ max, Po, (k+h)>p (6.4)

p=1

where 1(-) is the indicator function. Similar probabilities are computed for bottomhole pres-
sure dropping below pore pressure, for exceeding pump limits, and for gas reaching the surface.
Because the reduced-order model is fast, this ensemble prediction can be computed online
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for a small set of candidate policies, supporting model-predictive decision support without
requiring large optimization solves [L2].

Solubility fundamentally changes these predictions. If a large fraction of influx gas remains
dissolved at depth, the immediate increase in free gas volume is limited, and pit gain may
remain small even as total gas mass grows. Under such conditions, a policy that relies on
pit gain thresholds may delay response. In the probabilistic framework, this manifests as
posterior particles in which My ann is significant while Vg ann remains modest, leading to a
wide uncertainty band for time-to-surface because breakout may occur rapidly once pressure
drops during circulation changes. The estimator explicitly tracks dissolved inventory, so it
can warn that latent gas mass exists even when free gas indicators are weak [LL].

Flow regime uncertainty affects predicted friction and slip, which in turn affect surface pres-
sure. If friction is underestimated, the model may attribute observed pressure increases to
gas holdup rather than higher losses, inflating estimated kick size. Conversely, overestimated
friction may mask gas signatures. The regime-aware closure and its probabilistic treatment
mitigate this by allowing multiple closure hypotheses to coexist in the posterior, with weights
adjusted by data consistency. The control layer can then account for the possibility that the
system is in a more severe regime than the mean estimate suggests, choosing conservative
actions when posterior tails indicate risk [LZ].

Real-time decision support also benefits from decomposing surface pressure signals into mod-
eled contributions. For each particle, the annular pressure drop from bit to surface can be
decomposed into hydrostatic, frictional, and accelerational components:

L dum

L fomtm|tm| ;o Eon s s (6.5)

Apann = gpmgcos O0ds + 0 2Dh

The posterior distribution over these components provides interpretability: if the data imply
a sudden hydrostatic reduction with relatively unchanged friction, that is consistent with
gas holdup; if friction increases dominate, that is more consistent with rheology changes
or cuttings. This interpretability is valuable in operational environments where trust and
accountability matter.

The digital twin can also generate synthetic diagnostic tests [1:]. For example, a small,
controlled pump-rate perturbation can be applied for a short time, and the predicted surface
pressure response under various posterior particles can be compared to observed response.
If the observed response is closer to particles with higher gas holdup, posterior weight shifts
accordingly. This is effectively an online experiment design, performed within operational
constraints, that increases identifiability. Because the reduced-order model is fast, the planner
can evaluate candidate perturbations and choose one that maximizes expected information
gain while respecting pressure limits.

In addition, the framework supports forecasting of pit gain [10]. The predicted pit gain over
a horizon depends on net return flow, which is influenced by both free gas expansion and
dissolved gas breakout. The estimator can output a distribution over pit gain trajectories,
allowing the driller to anticipate when a small gain might accelerate as pressure drops and
gas comes out of solution. This is particularly important when deciding whether to shut in
or circulate, because shutting in changes pressure profiles and can either suppress or promote
breakout depending on conditions.

The framework is designed to integrate with standard well-control workflows rather than
replace them [20]. It can provide probabilistic estimates of influx volume to inform kill-
mud weight calculations, and it can provide predicted casing pressure response to choke
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adjustments to support managed pressure drilling strategies. By reporting uncertainty, it
can indicate when the data are insufficient to confidently distinguish scenarios, prompting
conservative actions or additional diagnostic maneuvers.

This section presents numerical experiments intended to evaluate how solubility-aware model-
ing and Bayesian inference affect kick detection and characterization in scenarios representa-
tive of field operations. Because the focus is methodological, the experiments are constructed
to isolate key effects: dissolution versus no dissolution, regime uncertainty versus fixed clo-
sures, circulating versus shut-in transitions, and sensor noise. The experiments are not pre-
sented as definitive field validation; rather, they demonstrate internal consistency, sensitivity
trends, and failure modes that inform practical deployment [21].

A baseline well configuration is considered with a vertical section transitioning to a moderately
deviated section, with depth-dependent annular area and hydraulic diameter reflecting casing
and open hole. Mud density and rheology are set to typical ranges for synthetic-based systems,
and formation temperature increases with depth. The influx is introduced at depth as a
transient gas mass flow with an onset time and duration chosen to produce small early pit gain.
Surface controls include a nominal pump rate during circulation and a choke backpressure
setpoint during managed pressure drilling mode. Surface measurements are generated from
the reduced-order model with added Gaussian noise and occasional bias drift to emulate sensor
imperfections [22]. The estimator is then run on these measurements using the same model
class but with parameter uncertainty and process noise to represent modeling imperfections.

In the first experiment, dissolution is enabled in the truth model but disabled in the estimator.
The estimator must then explain why surface pressure and return flow signals deviate from
nominal despite limited pit gain. The typical failure mode is that the estimator infers either
a smaller influx or a deeper gas location than is true, because without dissolution the only
way to delay pit gain is to keep gas compressed at depth [22]. This bias manifests in posterior
distributions with underestimated total gas mass and delayed predicted breakout. When
a later operational transient reduces annular pressure, the truth model releases gas from
solution and pit gain accelerates, while the dissolution-blind estimator is surprised, producing
a sudden correction that can be too late for optimal control. This experiment illustrates a
mechanism by which ignoring dissolution can delay detection or understate risk even when
surface pressure signals are present.

In the second experiment, both truth and estimator include dissolution, but the estimator is
given an incorrect dissolution relaxation rate k and uncertain EOS parameters. The Bayesian
filter treats these as part of 6 with priors reflecting typical uncertainty [21]. The result is
that early in the event, posterior mass spreads across scenarios where gas is mostly dissolved
versus mostly free, because both can fit surface pressure within noise. As additional data
accumulate, including subtle changes in pressure response to pump perturbations and gradual
pit volume drift, the posterior tightens and correctly attributes a significant fraction of gas
to dissolution. The key observation is that uncertainty is not eliminated instantly; rather,
the posterior communicates ambiguity, enabling risk-aware actions. In operational terms,
the estimator can advise that while free gas indicators remain small, there is a nontrivial
probability that total gas mass is larger than a pit-gain-only interpretation would suggest.

In the third experiment, the system transitions from circulating to shut-in [22]. During shut-
in, mixture velocity drops and buoyancy-driven slip dominates. The regime-aware closure
becomes critical because drift velocity and holdup distribution change. The differentiable



20 Le Quoc Truong et al.

mixture-of-experts closure allows the estimator to shift toward a drift-dominated regime ex-
pert as u,, decreases, producing plausible pressure evolution without requiring explicit regime
switching rules. If the closure is fixed to a circulating regime, the estimator tends to mis-
predict pressure gradients and may incorrectly infer changes in gas mass to compensate [20].
With the regime-aware closure, the posterior remains consistent and uncertainty increases
appropriately due to reduced excitation.

Sensitivity analysis is performed by perturbing key parameters: friction scaling, gas critical
properties, formation temperature gradient, and sensor noise covariance. One consistent find-
ing is that casing/choke pressure is most informative about integrated gas holdup, while pit
volume is most informative about net gas mass when dissolution is weak. When dissolution
is strong, pit volume becomes informative later, while early detection relies more heavily on
pressure transients and on the models ability to distinguish friction changes from density
changes. Increasing sensor noise primarily inflates uncertainty rather than introducing sys-
tematic bias when the model class contains the correct physics, whereas structural mismatch,
such as omitting dissolution, introduces bias even under low noise [27].

Computational performance is evaluated by measuring the per-step cost for advancing the
reduced-order model across all particles. With N on the order of tens and P on the order of
hundreds, the cost is dominated by EOS evaluations and pressure solves. Precomputing EOS
tables over relevant (p, T) ranges and using fast interpolation can reduce cost substantially,
but even direct evaluation can remain within real-time constraints when implemented effi-
ciently. The key is that the model avoids expensive iterative multiphase solvers or fine spatial
discretization. This bounded complexity is essential because the filter must run continuously
and reliably [22].

A final experiment explores decision support. Candidate choke policies are evaluated under
the posterior to compute the probability of exceeding a casing pressure limit. Policies that
are aggressive in increasing backpressure quickly suppress gas expansion but risk exceeding
surface limits; policies that are conservative may allow gas to migrate upward and expand,
increasing later risk. The probabilistic forecast identifies policies that keep the probability
of violation below a chosen tolerance while still reducing the probability of gas reaching
the surface [29]. The effect of dissolution is again important: when much gas is dissolved,
moderate backpressure adjustments can keep gas in solution and reduce immediate free-gas
expansion, but if pressure is later reduced, breakout can occur rapidly. The policy evaluation
highlights this intertemporal coupling, encouraging strategies that avoid large pressure swings
when dissolution inventory is high.

Overall, the numerical experiments support the central thesis: incorporating thermodynami-
cally consistent dissolution into a reduced-order annular model, and embedding that model in
a Bayesian inference framework, improves both the accuracy and the honesty of kick charac-
terization. Accuracy improves by reducing bias in inferred influx volume and migration state,
while honesty improves by quantifying uncertainty when the data are ambiguous. These im-
provements translate into better control decisions because they reduce the chance of being
surprised by delayed breakout and because they provide explicit risk metrics rather than
binary alarms [00].

This paper developed a solubility-aware, reduced-order modeling and Bayesian inference
framework for real-time gas kick detection and characterization from surface measurements.
The approach treats kick interpretation as an online inverse problem in a nonlinear, partially
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observed hydraulic system, emphasizing computational tractability, physical consistency, and
control relevance. A reduced-order annular dynamics model was constructed that couples
drift-flux transport, distributed momentum balance, and a temperature-dependent thermal
approximation with a thermodynamically structured partition of gas between dissolved and
free phases. By tracking dissolved inventory explicitly and linking it to pressure and tem-
perature through an EOS-based solubility closure, the model captures delayed breakout and
altered pit gain signatures that can otherwise bias early estimates.

A sequential probabilistic filter was formulated to assimilate standpipe and casing/choke
pressures, pit volume, and pump-rate telemetry, producing posterior distributions over influx
mass, free gas volume, and migration state [(L]. The probabilistic representation enables
risk-aware decision support by forecasting constraint-violation probabilities under candidate
control actions, rather than relying on deterministic thresholds. To handle operating-mode
transitions and regime-dependent friction and slip, a regime-aware, physics-constrained dif-
ferentiable surrogate closure was introduced, designed to preserve mass conservation, bound-
edness, and monotonicity while remaining adaptable to data.

Numerical experiments demonstrated how omitting dissolution can systematically underes-
timate influx size and delay effective response, while the solubility-aware estimator reduces
bias and better anticipates later breakout behavior. The experiments also showed that uncer-
tainty is an operationally meaningful output: early ambiguity is inevitable under surface-only
sensing, and quantifying it supports conservative yet targeted control actions. The resulting
framework provides a path toward real-time, model-based kick decision support that remains
robust across circulating and shut-in conditions and across varying mud and thermal envi-
ronments, with explicit accounting for solubility and uncertainty as first-class elements of the
inference and control loop [C2].
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