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ABSTRACT Drilling operations conducted within narrow pressure windows increasingly rely on managed
pressure drilling to regulate annular pressure through choke and pump actuation. Yet, early gas influx
identification remains challenging because surface measurements are aggregated, boundary actuation is
persistent, and fluid properties evolve with pressure and temperature. In oil-based and synthetic-based
systems, a substantial fraction of invading gas may dissolve and induce liquid swelling, altering pit-volume
and pressure signatures without immediate formation of a dominant free-gas phase. This paper develops
an operator-theoretic identification framework that targets the underlying information limitation directly:
the separation of influx, dissolution, and frictional transients is fundamentally an observability problem
under constrained excitation. The technical contribution is a Koopman-lifted, control-affine surrogate
of dissolution-aware annular hydraulics that enables tractable computation of observability and Fisher-
information surrogates in a lifted space while preserving bounded thermodynamic state augmentation. A
receding-horizon excitation design is then posed to maximize a risk-weighted information metric subject to
bottomhole-pressure constraints and actuator rate limits, yielding control perturbations that are intentionally
informative yet operationally admissible. The resulting method produces calibrated posterior contraction
rates for influx-rate and depth proxies without assuming that any single sensor signature is uniquely
attributable to free gas. Numerical studies show that modest, structured choke perturbations can increase
identifiability of dissolution kinetics and influx magnitude in regimes where pit gain alone is ambiguous,
and that Koopman-lifted information metrics remain stable under property-model uncertainty and sensor
bias, supporting real-time deployment as an observability-aware layer alongside conventional control.

l. Introduction

Gas influx identification in drilling is often treated as a
pattern recognition task applied to pit volume, standpipe
pressure, or flow-out discrepancies [1]. That framing can
be adequate in benign regimes, but it becomes structurally
unreliable when the operating window is narrow, actuation is
continuous, and fluid systems are thermodynamically active.
Managed pressure drilling modifies the boundary conditions
of the annulus on purpose: choke backpressure, pump ramps,
and flow-out control reshape the internal pressure distribution
and, consequently, reshape the mapping from downhole
states to surface signals. Under these circumstances, there is
rarely a single signature that is both sensitive and specific to a
gas influx, and false separations between “control transients”
and “kick transients” arise because both are generated by the

same governing dynamics under different inputs. A robust
inference approach must therefore confront an underlying
fact: the system is only partially observed, and identifiability
is governed as much by excitation and sensor geometry as
by the fidelity of any particular forward simulator.

The difficulty intensifies when dissolution and swelling are
relevant [2]. If a portion of the invading gas dissolves into
the liquid phase, the free-gas holdup may remain small while
the liquid expands, decreasing its density and increasing its
volumetric return for a given mass flux. The same surface
pit-volume trajectory can then be generated by markedly
different internal states: a free-gas-rich annulus with negli-
gible dissolution, or a dissolution-buffered annulus in which
the gas inventory is largely dissolved at depth. A purely
free-gas interpretation can overpredict surface gas handling
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FIGURE 1: Managed-pressure drilling (MPD) closed-loop architecture with an observability-aware identification layer. Small, admissible excitation

perturbations are designed around a nominal MPD trajectory to increase information about dissolution-buffered influx parameters while respecting

operational constraints.
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FIGURE 2: Reduced dissolution-aware annular model structure. The state includes pressure nodes, flow proxy, free and dissolved gas inventories, and a

swelling-induced volumetric mapping, enabling explicit representation of ambiguity between dissolution-buffered swelling and free-gas-driven transients.

risk, while a purely dissolution-buffered interpretation can
underpredict the rate at which free gas might emerge if
pressure conditions change. The ambiguity is not a detail; it
is a direct consequence of the physics that couple pressure,
solubility, and transport, and it persists even with low sensor
noise if the operational inputs do not excite the distinguishing
dynamics. In this sense, early influx identification is not
merely an estimation problem but an observability problem,
and the operational lever available to improve observability
is controlled excitation that remains within safety constraints.

Thermodynamic modeling has made the dissolution mech-
anism operationally computable [3]. Manikonda et al. (2020)
and Manikonda et al. (2021) introduced the first thermo-
dynamic modeling framework designed to predict how gas

kicks dissolve in oil-based drilling fluids [4] [5], linking
pressure—temperature conditions to dissolved-gas content
and associated volume change in a manner relevant to pit-
volume interpretation. Such modeling suggests that disso-
Iution can be treated as a state variable rather than as
an ad hoc correction, but it also raises a new question:
even if dissolution can be modeled, can it be identified
from surface signals in real time, and if so under what
excitation patterns? A second modeling complication is that
uncertainty in PVT and transport closures can compete with
influx effects in the same outputs [6] [7] [8]. Property
uncertainty that is small in steady calculations can become
significant in transient inference because compressibility and
frictional gradients amplify systematic deviations. Sleiti et al.
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FIGURE 3: Koopman-lifted surrogate pipeline for online observability and information computation. Nonlinear physics are embedded in the lifting map,

while linear evolution in lifted coordinates enables fast Gramian- and Fisher-information-based metrics.
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FIGURE 4: Online information metric construction in lifted space. Sensitivities provide Fisher-information surrogates, while a lifted observability Gramian

and discrepancy-aware noise inflation yield conservative, operationally meaningful scores for excitation selection.

(2021) evaluated common correlations used in kick-related
modeling and reported residual errors that can remain on the
order of a few percent even for comparatively accurate high-
temperature and high-pressure gas-viscosity formulations,
including 3.50% to 4.45% ranges in average absolute rel-
ative error for selected density-based models, underscoring
that small closure errors can materially influence transient
pressure predictions and thus identifiability [9] [10].
Conventional approaches respond to partial observability
by adding more estimation machinery, for example by in-
creasing the dimension of a Bayesian filter, using larger
ensembles, or fitting flexible surrogates. Those methods can
improve numerical robustness, but they do not change the

information content of the measured data. If the system is
poorly observable under the applied inputs, the estimator will
remain ambiguous, and any apparent confidence can be an
artifact of modeling assumptions rather than a reflection of
information. The goal of this paper is to shift the emphasis
from estimation mechanics to information structure by devel-
oping an observability-aware identification framework that
explicitly designs admissible excitation to maximize infor-
mation about influx parameters and dissolution states while
respecting bottomhole-pressure and operational constraints.

Achieving this goal requires three ingredients that are not
typically combined in drilling inference workflows. First,
one needs a control-oriented dynamical representation that
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FIGURE 5: Receding-horizon excitation design under pressure-window safety. The optimizer balances information gain against input penalties while

enforcing conservative bottomhole-pressure and actuator constraints, then applies the first perturbation and repeats.
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FIGURE 6: Robust information evaluation under uncertainty and bias.

Scenario-based aggregation and discrepancy-aware noise inflation produce

conservative objectives that reduce sensitivity to surrogate mismatch and nuisance-parameter confounding during excitation design.

includes dissolution and swelling as states, because other-
wise the designed excitation cannot target the distinguishing
dynamics [11]. Second, one needs a tractable method to
compute observability and information metrics online, be-
cause excitation design must operate at the same cadence as
control and monitoring. Third, one needs an optimization for-
mulation that balances information gain against operational
risk and disruption, because the excitation must be safe and
acceptable in the operational context. The proposed approach
combines these ingredients by using an operator-theoretic
surrogate based on Koopman lifting to construct a linear
predictor in a lifted space, enabling fast computation of ob-
servability Gramians and Fisher-information surrogates, and
by embedding these metrics within a constrained receding-
horizon excitation design.

The central thesis is that Koopman-lifted observability
metrics provide a practical bridge between physics-based

modeling and information-theoretic experiment design for
dissolution-buffered influx identification. Koopman operator
methods approximate nonlinear dynamics by linear evolution
of observables, which can be constructed to include physi-
cally meaningful nonlinear functions of the state. This yields
a representation that is linear in the lifted coordinates but
retains nonlinear dependence through the lifting map [12]. In
the present context, lifting is used not as a generic surrogate
but as a structured device: the lifted coordinates explicitly
include bounded representations of dissolved fraction and
swelling, pressure-dependent compressibility proxies, and
conservative inventories that reflect transport and solubil-
ity coupling. Once a linear predictor is available in lifted
space, classical observability and information metrics be-
come tractable, and one can pose excitation design problems
that would be intractable with the full nonlinear distributed
model.



I INTRODUCTION

TABLE 1: Reduced annular state variables and observability roles

Group State(s) Symbol Observability role

Pressure field Pressure nodes p(t) € R"p Capture hydrostatic, fric-
tional and compressible re-
sponse to choke and pump
actuation.

Mixture flow Mixture-flow proxy q(t) Links actuation to pressure
drops and flow-out signa-
tures.

Free gas Integrated free-gas My (t) Encodes influx magnitude

mass and exsolution, affecting

Dissolved gas

age fraction

Near-surface gas Free-gas

proxy

Dissolved mass, aver-

fraction

pressure and flow-out.
My(t), Zqa(t) Governs swelling and den-
sity changes that drive pit-
volume trajectories.
Relates to surface gas han-
dling indicators and slip

timing.

TABLE 2: Inputs, outputs, and disturbances in the reduced model

Category Quantity Symbol Description

Control input Choke actuation Uep (1) Modulates annular back-
pressure and pressure tran-
sients.

Control input Pump rate up(t) Sets bulk circulation and
contributes to  frictional
losses.

Disturbance Influx mass rate Mm(t) Parameterized kick inflow
entering the annulus.

Disturbance Process disturbance &(t) Aggregated unmodeled dy-
namics in state evolution.

Measured output Surface pressures yp(t) Casing and standpipe pres-

Measured output
ume

Measurement error Noise and bias

Flow-out and pit vol-

sure proxies.
Qout (t), Vpit(t)  Volumetric return and in-
ventory change signals.
e(t)

Sensor noise and quasi-
static offsets.

The technical contributions of the paper are organized
around this thesis. A dissolution-aware, control-affine annu-
lar model is first formulated in a reduced coordinate repre-
sentation that preserves the key couplings among pressure,
free gas, and dissolved gas. A Koopman-lifted surrogate
is then constructed using data generated from that model
across admissible operating envelopes, with lifting functions
chosen to enforce boundedness and to preserve conservative
quantities. Observability is characterized through a lifted
Gramian and through a Fisher-information surrogate for
selected influx and dissolution parameters [13]. A con-
strained excitation design is then posed to maximize a risk-
weighted information objective under bottomhole-pressure

inequality constraints and actuator rate limits, producing safe
input perturbations that target the most ambiguous parameter
directions. Finally, numerical studies evaluate identifiability
improvement, robustness under property uncertainty and
sensor bias, and the operational trade-offs introduced by
information-seeking excitation.

The remainder of the paper proceeds as follows. The
next section develops a dissolution-aware reduced annu-
lar model and defines the parameterization of influx and
uncertain closures relevant to identifiability. The following
section constructs the Koopman-lifted predictor and derives
observability and information metrics that can be evaluated
online [14]. The next section formulates the constrained ex-
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TABLE 3: Dissolution and swelling dynamics in the reduced formulation

Quantity

Representative relation

Physical meaning

Dissolved-gas rate

Free-gas rate M g = Mi
ra (M} (p) — Ma)

Equilibrium dissolved M} = M3 (p(t))

mass

Average dissolved fraction =4 = My/M;

Swelling factor Bi(Zq4)

My = rq(M(p) — Mg) +na

Relaxation toward
pressure-dependent
equilibrium with process
error.

Mout —  Balances influx, outflow,

and dissolution/exsolution.

Solubility-driven dissolved

inventory at current pres-

sure.

Normalized dissolved con-

tent for an effective liquid

mass.

Maps liquid mass flow to

volumetric flow and modi-

fies effective density.

TABLE 4: Parameter partition and identifiability targets

Subvector Physical content Representative elements Focus

0y Influx characterization Onset time 7, depth  Primary target
proxy, rate magnitude and
shape

[ I Friction and flow regime Friction multipliers,  Nuisance,
smoothing exponents confounds

pressure

0s Slip and near-surface gas Slip timing proxies affect-  Affects gas-
ing Mouta Qg handling risk

04 Dissolution and swelling K, equilibrium solubility = Targeted jointly
and swelling coefficients with 0,

0y Sensor biases Pit-volume and flow-out  Must be
offsets and drifts separated  from

swelling effects

citation design and describes how information objectives are
balanced against pressure-window and actuation constraints.
The subsequent section addresses robustness, including how
property uncertainty and sensor bias are incorporated into
information metrics without relying on fragile linearizations
around a single nominal model. The final technical sec-
tion reports numerical studies demonstrating how excitation
changes posterior contraction rates and reduces ambiguity
in swelling-dominated regimes. The paper concludes with
implications for real-time monitoring and for integration with
managed pressure control workflows.

Il. Dissolution-Aware Reduced Annular Model and
Identifiability Targets

A full annular simulator with multiphase transport and
thermodynamic closure can be computationally intensive,
and more importantly it can be structurally ill suited to

online observability analysis because its dimension is large
and its dynamics are stiff under rapid actuation. The goal
in this section is therefore not to reproduce full fidelity,
but to define a reduced model that retains the couplings
that dominate observability of influx and dissolution states
from surface signals [15]. The reduced model acts as the
generative system from which Koopman-lifted surrogates are
trained and against which excitation design is posed.

The annulus is treated as a one-dimensional conduit
aligned with measured depth. The reduced state is built from
coarse spatial aggregation rather than fine-grid discretization.
Specifically, pressure is represented by a small number of
nodes along the annulus, capturing the dominant hydrostatic
and frictional structure while allowing pressure-wave effects
to be represented in a low-order manner. Gas inventory is
represented by an integrated free-gas mass and an integrated
dissolved-gas mass, together with a near-surface free-gas in-
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TABLE 5: Representative Koopman lifting observables for dissolution-aware dynamics

Group

Example observables

Purpose

Base states

Bounded fractions

o(Zq), o(ag)

Pressure features

Inventory couplings

Swelling proxies

Conservative proxies

ratios

Pi, g, Mga Md, C_Yg

Pf, PiPj, U(Pz‘)

Mgpi, Mapi, Mg

Bi(Zq), Bf (Zq)

Mg + Mg, smoothed inventory

Preserve original
reduced dynamics.
Enforce bounded dis-
solved and free-gas indi-
cators.
Capture pressure-
dependent solubility and
compressibility effects.
Encode interaction be-
tween gas inventories
and pressure field.
Represent  volumetric
expansion and density
reduction.

Approximate conserved
totals to improve stabil-

ity.

TABLE 6: Observability and information metrics in the lifted setting

Metric Expression (schematic) Interpretation
Lifted  observability W, = Zivz_ol ATYECTCAF Ability to reconstruct
Gramian lifted state from out-

Output sensitivity Oy, /00

Fisher information Z(6)

3210y /00) T R~ (9y1 /00)

Log-det objective logdetZy, o,
Conditioning penalty

Risk-weighted score Jinfo — 7y risk

H(I) or trace of Z—1

puts.

Local mapping from
parameters to measure-
ment changes.

=  Expected curvature of

log-likelihood.

Volume reduction for

influx and dissolution

parameters.

Penalizes nearly
collinear sensitivity
directions.

Trades information gain
against safety margins.

dicator that influences surface gas handling. Liquid swelling
is represented by an effective swelling factor derived from
the dissolved-gas state [16]. These choices are motivated by
the nature of available measurements: surface pressures, pit
volume change, and flow rates are sensitive to integrated
inventories and boundary pressures rather than to fine-scale
distributions.

Let the reduced state vector be denoted by z(t) € R",
consisting of a pressure node vector p(t) € R™, a mixture-
flow proxy ¢(t), an integrated free-gas mass M,(¢), an
integrated dissolved-gas mass M (t), and a near-surface
free-gas fraction proxy a,(t). The dissolved state is also

expressed as an average dissolved mass fraction Z,(t) de-
fined by Z; = My/M; for an effective liquid mass M,
that is treated as slowly varying over the horizon relative to
gas inventories. The system is driven by control inputs u(¢)
representing choke action and pump rate. The modeling ob-
jective is to capture how « influences pressure evolution, how
pressure influences dissolution equilibrium, how dissolution
influences swelling and density, and how these mechanisms
together influence pit volume change and surface gas flow.
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TABLE 7: Constraints in receding-horizon excitation design

Constraint Mathematical form (schematic) Operational role
Bottomhole  pressure  pmin + mr < Ppn,r(du) < Enforces safe pressure
window Pmax — Mk with conservative mar-

Actuator amplitude

Actuator rate
Surface gas proxy

Excitation penalty

Au Zk H‘s“kHZ

OUmin < 6ug < 6Umax

l0ur — dup—1]l < rmax

Qg surf,k < Qg max

gins.
Limits perturbation
magnitude on choke
and pump.

Ensures smooth, imple-
mentable excitation.
Avoids excessive near-
surface free gas.
Discourages disruptive

control deviations.

Horizon update

Apply first dug, shift horizon

Enables adaptation as
estimates and condi-

tions evolve.

TABLE 8: Robust information evaluation mechanisms

Mechanism

Implementation

Effect on excitation

Noise inflation

Scenario evaluation

Bias parameters

Coupled property uncer-
tainty

Robust scalarization

Regg = R+ Rpyoq using surro-
gate validation error

Z()(9) over property and fric-

tion scenarios

Include pit and flow biases in 6y,
and sensitivities
Bounded,

perturbations in

correlated
resis-

tance/compressibility

Maximize worst-case or quantile

Reduces apparent infor-
mation in poorly mod-
eled regimes.

Seeks excitation infor-
mative across plausible
models.

Prevents misattributing
bias effects to swelling.
Avoids

combinations in

unphysical

robustness analysis.
Promotes stable, non-

of t7info

fragile perturbation pat-

terns.

In continuous time, the reduced dynamics can be ex-
pressed in control-affine form with bounded nonlinearities,

i(t) = f(z(t),0) + G(z(t),0)ult) + &)
y(t) = h(z(t),0) + (1) (1

where 6 is a parameter vector, £ is a bounded process dis-
turbance capturing unmodeled effects, y collects measured
outputs, and ¢ is measurement noise and bias. The outputs
include surface casing pressure, standpipe pressure proxy,
flow-out, and pit volume change [17]. The dependence on 6
is explicit because identifiability is a central theme.

A key aspect is the representation of dissolution and
swelling. Dissolution is modeled as a mass transfer between
free and dissolved inventories driven by an equilibrium
dissolved fraction that depends on pressure and temperature.
Temperature is treated as a known bounded profile over the

time horizon of interest, so its influence is embedded within
the equilibrium mapping. The transfer is represented by a
relaxation law at the reduced level,

NEa(t) = wa (M3 (p() = Ma(®)  + nalt)

N(t) = Min(t) = Mow() = ra( Mg (p(0) = Ma(1))
@

where k4 is an effective mass-transfer rate, M7 (p) is an
equilibrium dissolved mass consistent with current pressure
conditions, Min represents influx into the annulus when
present, and Mot represents surface outflow of free gas
when present. The disturbance 7, captures the fact that re-
duced aggregation cannot perfectly represent the distributed
dissolution process [18]. The equilibrium mapping M} is
derived from a bounded solubility mapping and an effective
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TABLE 9: Numerical study scenarios and qualitative findings

Scenario Regime Goal Key qualitative out-
come
Swelling-dominated Strong dissolution,  Separate influx magnitude ~ Choke  excitation

influx small free gas

Weak

larger free gas

Free-gas-dominated dissolution,

influx

Friction change, no in-  Rising friction, no gas

flux

Pit bias with swelling Pit bias plus
dissolution-driven

gain

Property uncertainty Variable compressibil-

ity and resistance

from dissolution strength  reduces correlation

under pit ambiguity between 60, and 0.
Assess need for excitation ~ Robust information
when signatures are al- gain small; excita-

ready strong tion can be reduced

or skipped.
Discriminate friction-  Designed perturba-
induced pressure drops tions favor sensi-

from kicks tivity directions or-
thogonal to 0.

Separate swelling from in-  Pressure-based

ventory bias excitation helps
de-correlate bias
and swelling
parameters.

Test safety and informa-  Robust design

tiveness under model mis-  avoids near-

match boundary pressures
and fragile

perturbations.

liquid mass scale, ensuring that M, remains bounded and
that swelling does not become unphysical.

Swelling is represented through a state-dependent effective
liquid density and volume mapping. The reduced model uses
an effective swelling factor B;(Z,) that modifies the mapping
between liquid mass flow and volumetric flow at surface, and
modifies the hydrostatic component of pressure distribution
by changing effective density. In reduced form, the mapping
enters as a correction to the pressure node dynamics and to
the pit volume dynamics. The pit volume change is modeled
as

Vpit (t> = Qm(t) Qout (t) (3)

with Qoyt computed from mass flow and density so that
swelling alters the volumetric return even without large free-
gas outflow. The explicit inclusion of My and B; is the
mechanism by which swelling-driven pit gain is represented
as an internal state effect rather than as measurement bias.

Pressure dynamics in reduced form must capture two cou-
pled contributions: hydrostatic and frictional gradients, and
compressible storage effects that govern transient response
to actuation [19]. A low-order representation is used in
which pressure nodes are connected by effective resistive
and capacitive elements, yielding dynamics similar to a
distributed RC network in hydraulic analogy. The resistive
elements depend on friction parameters and mixture prop-
erties, while the capacitive elements depend on compress-
ibility and effective storage. This yields a smooth dynamical

system in which choke action modifies boundary pressure
and thereby propagates into internal pressures with a time
constant governed by compressibility and flow.

Influx is parameterized to make the identifiability question
precise. Rather than treat influx as an arbitrary function,
it is parameterized by a small set of parameters 6y, such
as onset time 7, a depth proxy mapped into the reduced
model as an effective source location weight, and a rate
magnitude and shape coefficient [20]. The resulting influx
mass rate M, (t) is a smooth function of time with a small
number of parameters. This parameterization is not claimed
to represent all possible influx profiles; it is chosen because
identifiability from surface signals is limited, and a low-
dimensional parameterization aligns with that limit.

The overall parameter vector is then partitioned as 6§ =
[0k,0f,0s,04,00], where 65 represents friction multipliers
and flow-regime smoothing parameters, 6, represents slip
timing proxies that influence M, and the near-surface gas
indicator, 6, represents dissolution kinetics and swelling
coefficients, and 6}, represents sensor bias parameters for
pit and flow measurements. Identifiability questions are then
stated as whether 05, and 6, can be distinguished from 6
and 0}, given the measured outputs and admissible inputs.

This reduced formulation is designed to admit bound-
edness and smoothness, which is essential for Koopman
lifting and for stable computation of information metrics. It
also admits structured uncertainty, because property-model
uncertainty can be represented as bounded perturbations
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FIGURE 7: Observability-aware managed pressure drilling workflow for dissolution-buffered gas influx identification. Surface measurements are interpreted

through a reduced dissolution-aware model and a Koopman-lifted linear predictor, enabling fast observability/Fisher-information surrogates that drive

constrained, risk-weighted excitation around nominal MPD control.

of resistive and capacitive coefficients and of equilibrium
solubility mapping. The reduced model is not intended to
replace full simulation, but to serve as an information-
structure model that captures the dominant modes by which
surface measurements become informative about hidden gas
states.

The question now becomes how to compute, in real time,
which directions in 6 are observable under a candidate input
sequence [21]. Direct nonlinear observability analysis is
not tractable online. The next section therefore develops a
Koopman-lifted representation that yields a linear predictor
in a lifted space, enabling tractable observability Gramian
computation and a Fisher-information surrogate that can
guide excitation design.

lll. Koopman-Lifted Linear Predictors and Online
Information Metrics

Koopman operator theory provides a way to represent nonlin-
ear dynamics through linear evolution of observables. For a
nonlinear discrete-time system xy1 = F(z, ug), the Koop-
man operator acts on functions ¢ of the state by (Ky)(x)
@(F(z,u)) for fixed input. In practice, one constructs a
finite-dimensional approximation by selecting a dictionary of
observables and fitting a linear operator that advances those
observables. For identification and observability analysis, the

10

key advantage is that once a lifted linear system is available,
classical linear-system tools become applicable, including
observability Gramians and Fisher-information calculations,
while nonlinearities remain embedded within the lifting map.

In this paper, the Koopman approach is used in a struc-
tured manner [22]. The lifting functions are not arbitrary
nonlinear features; they are chosen to reflect the physics
of dissolution-buffered influx. The lifted state includes the
reduced state itself and additional nonlinear observables cap-
turing bounded dissolved fraction, swelling factor, pressure-
dependent compressibility proxies, and products that reflect
coupling between gas inventory and pressure. Boundedness
is enforced by using smooth saturating maps in the features,
preventing the lifted predictor from producing unphysical
divergence under input sequences that remain within opera-
tional bounds.

Let ¢ : R®™ — R" denote the lifting map, with r» >
n but still small enough for online computation. The lifted
dynamics are approximated as

P(@ps1) = A(O)(zr)  +  B(O) W
ye =CO)Y(zr) + df) + )

where A, B,C are fitted operators, c¢,d are affine offsets,

and w, v represent approximation and measurement errors.

The dependence on 6 is emphasized because the objective
is not merely prediction but information about parameters

+

Vi

(@) +
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through an equilibrium-driven dissolution transfer and a swelling-dependent volumetric map, shaping surface pit gain and pressure signatures without

requiring a dominant free-gas phase.

[23]. Two practical constructions are used. In the first,
separate lifted operators are learned for discrete parameter
grid points, yielding an interpolated operator family. In the
second, the operators are expressed as affine functions of a
small subset of parameters, allowing gradients with respect
to parameters to be computed directly. The second approach
is preferred for online information metrics, but it requires
that parameter dependence be sufficiently smooth over the
operating envelope.

Training data for Koopman fitting is generated by simulat-
ing the reduced dissolution-aware model across a distribu-
tion of input sequences and parameter samples consistent
with operational envelopes. The input sequences include
typical managed pressure actions and also include small
structured perturbations, because the goal is to evaluate
the informational impact of such perturbations [24]. The
training objective minimizes multi-step prediction error in
lifted coordinates and output space, not just one-step error,
because observability metrics depend on how outputs ac-
cumulate information over time. Regularization is applied to
ensure that the lifted predictor remains stable under bounded
inputs, for example by constraining the spectral radius of A
in the mean sense and by penalizing growth in unforced
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trajectories. These constraints are operationally motivated: a
predictor that is unstable in lifted space can yield misleading
observability metrics by amplifying uninformative modes.
Once a lifted linear predictor is available, an observability
Gramian can be computed for a given input sequence. For
linear time-varying systems, observability depends on the
sequence of output matrices and state transition matrices. In
the lifted setting, the system is approximately linear time
invariant under fixed 6 and for inputs entering through B
[25]. For a horizon N, the lifted observability Gramian is

N—

H

W, = CTCA’“ (5)

k:O

in the simplest time-invariant case, with modifications when
C depends on inputs or when a time-varying linearization
is used. The Gramian provides a measure of how well the
lifted state can be reconstructed from output history, but
the primary interest here is not reconstructing ¢ (x) itself.
Instead, the interest is in reconstructing specific parameter
directions, such as influx magnitude and dissolution kinetics,
from outputs. This motivates a Fisher-information surrogate
[26].
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to a space where a linear predictor is fitted with stability regularization, producing a fast surrogate whose validation mismatch is retained for conservative

online information evaluation.

For a parameterized system with outputs y(6) corrupted
by Gaussian noise with covariance R, the Fisher information
matrix over a horizon is approximately

0= (%)

In the lifted predictor, y, = Cuy(xy) + d, and the state
x1 evolves through the lifted system. Sensitivities can be
computed by differentiating the lifted recursion with respect
to 60, yielding a sensitivity system that is linear in the
sensitivities. The key practical point is that this sensitivity
computation is far cheaper in the lifted linear system than
in the original nonlinear model, and it can be evaluated for
many candidate input sequences during excitation design.

To maintain robustness under approximation error, the
Fisher-information surrogate is regularized by adding a
model discrepancy term. Specifically, the effective noise
covariance is inflated by an amount that reflects the mismatch
observed between the lifted predictor and the reduced model
during validation [27]. This prevents the excitation optimizer
from exploiting fragile predictor artifacts. The inflated co-
variance can be state dependent, increasing during regimes
where dissolution switching or near-surface gas emergence
introduces greater nonlinearity. The result is an information
metric that remains conservative with respect to surrogate
fidelity.

The information matrix is used to define scalar objectives
that quantify how informative an input sequence is about

9k
a0

s

00 ©)
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selected parameters. Common scalarizations include the log-
determinant, which reflects volume of the uncertainty ellip-
soid, and the trace of the inverse, which reflects average
variance. In this paper, the objective is chosen to emphasize
influx magnitude and onset timing while also maintaining
identifiability of dissolution kinetics sufficiently to avoid
misattribution [28]. This is achieved by weighting parameter
subsets within the Fisher-information matrix and by using
a risk-weighted scalarization that penalizes information gain
obtained through unsafe pressure excursions.

A central challenge is that dissolution and influx can
be locally unidentifiable because both can influence pit
gain through swelling and volumetric mapping. The lifted
information framework addresses this by explicitly incor-
porating cross-sensitivities. If the information matrix in-
dicates strong correlation between influx magnitude and
swelling coefficient directions, then point estimation will be
ill conditioned, and excitation design can target inputs that
decorrelate these directions by changing pressure in a way
that affects equilibrium dissolution more than it affects free-
gas compressibility. The method therefore uses not only the
magnitude of information but also the conditioning of the
information matrix to decide whether an input sequence is
useful. In practice, the objective includes a penalty for poor
conditioning, which promotes excitation that yields more
orthogonal sensitivity directions [29].

The Koopman-lifted framework also provides a natural
way to incorporate constraints on physical admissibility.
Because the lifting functions are bounded and because the
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assembled into a Fisher-information surrogate, and robustified via mismatch-inflated covariance and scenario-based aggregation to reduce over-optimistic

excitation decisions.

lifted predictor is trained only on admissible trajectories,
the predicted lifted states remain within a plausible re-
gion for bounded inputs. This does not guarantee physical
admissibility in a strict sense, but it reduces the risk of
generating excitation sequences that appear informative in
the surrogate but would be invalid in the true system. This
is complemented by explicit safety constraints enforced on
predicted bottomhole pressure and other variables computed
either from the reduced model directly or from a decoded
surrogate mapping.

With observability and information metrics defined, the
remaining step is to formulate and solve the excitation design
problem. The next section develops a constrained receding-
horizon excitation strategy that maximizes information sub-
ject to bottomhole-pressure window constraints and actuation
limits, and that can be executed online alongside standard
managed pressure control [30].

IV. Constrained Optimal Excitation Design under
Pressure-Window Safety

Excitation design in drilling must respect the operational
environment. It is not acceptable to apply arbitrary probing
inputs, because bottomhole pressure must remain within a
window, equipment limits must be respected, and operational
continuity must be maintained. The objective is therefore not
maximal information in an unconstrained sense, but maximal
information within an admissible set of input trajectories
that satisfy safety constraints and remain sufficiently smooth.
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This section formulates the excitation design as a receding-
horizon optimization that can be embedded as an additional
layer in managed pressure workflows, producing small per-
turbations around a nominal control trajectory.

Let up = uj°™ + dug, where u;°™ is a nominal input
sequence produced by the existing control system and duy
is an excitation perturbation to be designed. The perturba-
tions are constrained by amplitude and rate limits reflecting
choke actuator bandwidth and pump constraints. The system
predicted response under u"°™ + ju is evaluated using the
Koopman-lifted predictor for information metrics and using a
safety predictor for pressure constraints. Because safety con-
straints are critical, the design uses conservative predictions
for bottomhole pressure, with uncertainty margins reflecting
model mismatch and parameter uncertainty [31].

The optimization is posed over a horizon IV as

max
SUg:N—1

N—1
Jinto (Suon—1) = A > 6us]® (D)
k=0
subject to constraints that enforce safety and smoothness.
The information objective Jinfo is derived from the Fisher-
information surrogate for the parameter subset of interest.
A log-determinant form is used for influx-related parame-
ters to encourage volume reduction in uncertainty, while a
conditioning penalty is added to discourage nearly singular
information matrices. The quadratic penalty on Ju discour-
ages disruptive excitation and provides regularization.
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gain under safety and actuator limits, applied in a first-move fashion, and iterated as estimates and safety margins adapt in real time.

Safety constraints enforce that predicted bottomhole pres-
sure remains within the window with a conservative margin.
Denote predicted bottomhole pressure as pyn x(du) obtained
from the reduced model or from a safety mapping trained to
bound bottomhole pressure. The constraint is [32]

®)

where my, is a time-dependent safety margin that accounts
for prediction error and uncertainty. The margin is increased
when parameter uncertainty is large, reflecting that the same
control action can produce a larger pressure response under
different friction or compressibility conditions. As uncer-
tainty contracts through ongoing estimation, the margin can
decrease, allowing slightly richer excitation. This adaptive
margin prevents the excitation design from being overly
conservative at all times while maintaining protection when
ambiguity is high.

Actuation constraints include amplitude bounds and rate
bounds, [33]

5umin S 5“]6 S 5umax

Pmin + my S ﬁbh,k)(éu) S Pmax — Mk

and [[0ur — dug—1]] < rmax (9)

ensuring that the excitation is smooth and implementable.
In practice, the excitation is often applied primarily through
the choke because choke adjustments can modulate annular
pressure without changing the primary circulation objectives.
Pump excitation is used more sparingly because pump
changes can affect cuttings transport and other operational
objectives. The framework supports both, but the constraint
weights can reflect operational preference.

Because the objective is nonlinear in du through the
information metric, direct global optimization is not required.
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The perturbations are small, and a local sequential quadratic
programming approach suffices if gradients of the infor-
mation metric with respect to du are available [34]. The
Koopman-lifted predictor provides these gradients efficiently
because sensitivities propagate linearly in lifted space. The
safety predictor can also provide gradients if differentiable,
or it can be enforced using conservative linear constraints
derived from bounded sensitivity estimates. The combination
yields an optimization that can be solved online with warm
starts.

An important aspect is the interplay between dissolution
and excitation. To distinguish dissolution-driven swelling
from free-gas expansion, the excitation should alter pressure
in a way that changes equilibrium solubility and thus changes
the dissolved inventory. A choke perturbation that increases
pressure tends to increase solubility, encouraging dissolution
and reducing free gas locally, which should reduce near-
surface gas indicators while potentially increasing swelling
effects in the liquid return [35]. Conversely, a pressure
decrease encourages exsolution, potentially increasing free
gas. The resulting differential response across pit volume,
flow-out, and pressure signals provides information about
dissolution kinetics and equilibrium strength. The excitation
design objective implicitly captures this through the sensi-
tivity structure; it does not need explicit heuristic rules about
“test pulses.” Instead, the optimizer chooses the perturbation
shape that maximizes information subject to constraints.

The excitation design is implemented in a receding-
horizon manner. At each update time, current parameter
uncertainty is represented by a covariance or by a local
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approximation derived from recent estimation. The informa-
tion metric is evaluated around the current estimate, and
a perturbation sequence is optimized [36]. Only the first
perturbation is applied, then the horizon shifts. This allows
the design to adapt as conditions evolve and as uncertainty
contracts. It also allows the design to stop excitation when
sufficient identifiability is achieved or when operational
conditions change such that excitation is undesirable.

A key design decision is how to avoid inadvertently in-
creasing risk while seeking information. The safety margins
address pressure risk, but surface handling risk must also be
considered. In dissolution-buffered regimes, excitation that
decreases pressure could induce exsolution and increase free
gas, potentially raising surface gas fraction [37]. Therefore,
a secondary constraint is included on predicted surface gas
handling proxy, such as near-surface free-gas fraction or gas
outflow rate. This constraint is treated conservatively because
it is less directly measured than pressure. The excitation
optimizer then avoids perturbations that would likely trigger
large exsolution near surface, unless such perturbations are
unavoidable for identifiability and can be executed safely.

The excitation design does not replace managed pressure
control; it augments it. The nominal control continues to
regulate pressure and flow according to operational objec-
tives. The excitation is designed to be small, structured,
and transient, with the goal of improving inference rather
than changing the operating point [38]. In this sense, the
method functions as an observability-aware layer that can
be activated when ambiguity is high and deactivated when
the system is sufficiently identified.

The next section addresses robustness. Information metrics
derived from a surrogate can be fragile if model mismatch
is ignored. Property uncertainty and sensor bias can also
distort information calculations by changing sensitivities.
The following section therefore develops robust information
evaluation that accounts for bounded uncertainty and bias,
ensuring that excitation decisions are not driven by overly
optimistic surrogate predictions [39].

V. Robust Information Evaluation under Property
Uncertainty and Sensor Bias

A purely nominal Fisher-information computation can be
misleading in drilling because the true system can deviate
from nominal predictions due to PVT uncertainties, friction
variations, slip regime changes, and sensor bias. If excitation
design is driven by a nominal information metric, it may
target parameter directions that are theoretically identifiable
in the nominal model but practically confounded in the
true system. Robust excitation design therefore requires
that information be evaluated in a way that accounts for
uncertainty in both dynamics and measurements.

The framework adopts a local robust information evalua-
tion based on uncertainty propagation in the lifted predictor.
Parameter uncertainty is represented by a covariance matrix
Py for the parameters being estimated and by bounded
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intervals for nuisance uncertainties that are not explicitly
estimated at the moment, such as short-term friction fluc-
tuation. Sensor bias is represented as additional parameters
with priors or as bounded offsets with slow dynamics [40].
The Koopman-lifted predictor supports these representations
because it provides explicit sensitivities of outputs with
respect to parameters and because it is fast enough to
evaluate multiple uncertainty scenarios.

Robustness is introduced through two complementary
mechanisms. The first is covariance inflation in the informa-
tion calculation. The effective measurement noise covariance
R is augmented by a model discrepancy covariance R,oq
that accounts for surrogate error and unmodeled variability.
This yields an effective noise Reg = R+ Ryod, reducing the
nominal information. The discrepancy term is not arbitrary;
it is constructed from validation error statistics of the lifted
predictor and can be state dependent, increasing during
regimes where dissolution switching is active. The effect is
to prevent the excitation optimizer from seeking information
through fragile dynamics where the predictor error would
dominate.

The second mechanism is scenario-based information
evaluation [41]. Instead of computing Z(6) at a single
nominal 6, the method computes information across a small
set of representative parameter scenarios drawn from the
current uncertainty, including variations in friction and dis-
solution strength that are plausible. The robust objective
then aggregates these information matrices conservatively,
for example by maximizing the minimum information over
scenarios or by maximizing a quantile. This ensures that
the excitation provides information across plausible models,
not only in the nominal. Because the lifted predictor is fast,
scenario evaluation is feasible online with a small scenario
count.

Sensor bias is a particularly important confounder for pit-
volume based inference. A persistent pit bias can mimic
swelling-driven pit gain or can mask a small swelling effect.
Therefore, bias parameters are included in the sensitivity
structure [42]. If bias is not modeled, the information metric
can incorrectly attribute sensitivity to dissolution parameters
when in fact pit changes are dominated by bias uncertainty.
Including bias causes the information matrix to reflect the
trade-off: if pit bias is large, pit-based information about
dissolution is reduced unless additional signals or excitation
reduces bias uncertainty. This encourages excitation that
leverages pressure measurements, which are often less bi-
ased, to improve dissolution identifiability indirectly through
equilibrium response, rather than relying on pit signals alone.

Property uncertainty influences information because it
changes the mapping from pressure to density and thus
changes how pressure transients propagate and how swelling
affects hydrostatics. In the reduced model, these uncertainties
appear as perturbations to effective resistances and capaci-
tances. In lifted space, these uncertainties are represented
as additional parameters or as bounded disturbances [43].
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Robust information evaluation accounts for them by inflating
uncertainty in predicted outputs and by considering scenario
variations. This is particularly relevant when attempting
to identify influx magnitude from pressure drops, because
friction uncertainty can produce similar pressure drops. Ro-
bust information evaluation thus tends to reduce apparent
information in such confounded regimes, which is desirable
because it prevents overconfident inference.

The robustness mechanisms also support stability of exci-
tation design. If the information objective is highly sensitive
to small model changes, the optimizer can produce erratic
excitation sequences that switch rapidly between patterns.
By evaluating robust information, the objective becomes
smoother with respect to excitation, promoting more con-
sistent perturbations [44]. Rate constraints further dampen
excitation variability. The result is an excitation strategy that
is stable and operationally acceptable.

Robust evaluation must also respect bounded thermo-
dynamic behavior. Dissolution equilibrium mappings and
swelling factors must remain bounded, and their uncertainty
must be coupled rather than independent to avoid incon-
sistent extremes. The reduced model representation couples
these uncertainties through shared coefficients, ensuring that
a scenario with high solubility also implies higher swelling
within plausible bounds, rather than allowing a physically
inconsistent combination that would exaggerate ambiguity
[45]. This coupling is important because otherwise robust
evaluation could become overly conservative by considering
extremes that cannot co-occur physically.

The outcome of robust information evaluation is an infor-
mation metric that provides a conservative estimate of how
much the excitation will reduce uncertainty in influx and
dissolution parameters. This metric can be used to decide
whether excitation is worthwhile. If robust information gain
is small, the system may choose to avoid excitation and rely
on passive monitoring, because excitation would introduce
operational disruption without meaningful identifiability im-
provement. Conversely, if robust information gain is large,
the system can justify excitation as a bounded-risk action
that improves diagnostic clarity.

The next section presents numerical studies evaluating the
proposed approach [46]. The emphasis is on how excita-
tion changes identifiability in swelling-dominated regimes,
how robust information avoids misleading excitation under
property uncertainty, and how the method can be integrated
into real-time workflows without requiring high-dimensional
simulation.

VI. Numerical Studies: Identifiability Gains from Safe
Excitation in Swelling-Dominated Regimes

The numerical evaluation is structured to isolate the
information-theoretic effects of excitation rather than to
demonstrate a specific well configuration. The studies use
a representative reduced annular model calibrated to typical
managed pressure drilling response scales, with outputs re-
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NUMERICAL STUDIES: IDENTIFIABILITY GAINS FROM SAFE EXCITATION IN SWELLING-DOMINATED

REGIMES

sembling surface casing pressure, standpipe pressure proxy,
flow-out, and pit volume change. The parameter uncertainties
include influx magnitude and onset time, dissolution kinetics
and swelling coefficients, friction multipliers, and pit bias.
Property-model uncertainty is represented as bounded varia-
tions in effective compressibility and resistance parameters,
reflecting plausible correlation deviations.

The first study examines a swelling-dominated early influx
in which a small gas influx occurs at depth under high pres-
sure and dissolves substantially, producing pit gain primarily
through swelling rather than through free-gas holdup [47].
Under a nominal managed pressure control trajectory with
no deliberate excitation, the measured signals exhibit a slow
pit rise and modest pressure changes that are consistent with
multiple explanations: a small influx with strong dissolution,
a slightly larger influx with weaker dissolution, or a friction
change coupled with pit bias. A conventional estimator
operating on these signals can produce a posterior that is
elongated along a correlated direction between influx mag-
nitude and dissolution strength, indicating that the system is
poorly identifiable.

The excitation layer is then activated. The designed per-
turbation consists of a small-amplitude, smooth choke mod-
ulation over a short interval, constrained so that bottomhole
pressure remains within the window with a conservative
margin. The perturbation is selected by maximizing a robust
Fisher-information objective weighted toward influx magni-
tude and dissolution kinetics. The key observation is that
this modulation changes pressure sufficiently to alter equi-
librium dissolution and thus produces a differential response
across pit and pressure signals that is not produced by
friction variation alone [48]. When the system is dissolution-
buffered, the pit response shows a characteristic phase-
lagged change consistent with dissolution kinetics, while
pressure measurements respond more immediately. When
the system is free-gas dominated, the modulation produces
a different coupling pattern between pressure and flow-
out. The information calculation captures these differences
through sensitivities.

After applying the first perturbation, the estimator updates
the parameter uncertainty using the new data, and the pos-
terior contracts. The contraction is measured in terms of
the determinant of the estimated covariance restricted to
influx parameters, as well as in terms of the correlation
between influx magnitude and dissolution parameters. The
results show that, in swelling-dominated regimes, excitation
can reduce this correlation substantially, producing a more
identifiable parameter set [49]. The key point is not that
uncertainty vanishes, but that ambiguity is reduced enough
to support more confident discrimination between a benign
swelling-driven pit gain and a free-gas-dominated scenario
that would imply earlier surface gas risk.

The second study examines a free-gas-dominated influx
where dissolution is weak or kinetics are slow. In this
case, passive monitoring already provides relatively strong
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information because free gas affects pressure and flow-out
in a more direct way. The excitation layer still computes
a candidate perturbation, but robust information gain is
smaller because the system is already more observable. The
framework therefore either applies a smaller perturbation or
chooses not to excite, depending on a threshold on expected
robust information gain. This illustrates a practical principle:
excitation is most valuable in regimes where the system is
ambiguous, such as dissolution-buffered early events, and
it is less necessary when conventional signatures already
separate scenarios [50].

The third study focuses on the confounding effect of fric-
tion uncertainty. A scenario is simulated with no influx but
with a friction increase due to changes in cuttings loading.
This friction change produces a pressure signature that could
be misinterpreted as an influx if considered in isolation. Un-
der passive monitoring, the information matrix may suggest
some sensitivity of outputs to influx parameters because the
model allows influx as an explanation. The excitation layer
is designed to discriminate: a pressure modulation induced
by choke perturbation affects dissolution equilibrium and
gas inventory only if gas is present, whereas a friction
change responds differently [5S1]. The robust information
objective thus tends to select perturbations that amplify
differences in sensitivity between gas-related parameters and
friction parameters. The result is that, after excitation, the
measurement-consistent set of parameters can rule out influx
explanations more strongly, reducing false alarm likelihood.

The fourth study evaluates robustness under sensor bias.
Pit bias is introduced as an unknown offset and slow drift.
Under passive monitoring, pit gain becomes unreliable for
distinguishing swelling from bias. The robust information
metric accounts for bias uncertainty and therefore reduces
the apparent information contributed by pit measurements
unless pressure and flow signals can support the distinc-
tion [52]. Excitation that modulates pressure becomes more
valuable because it generates a pit response that depends
on dissolution kinetics rather than on static bias, enabling
bias and swelling to be separated in the estimation. The
study shows that when bias is explicitly modeled, excitation
is targeted differently than when bias is ignored, and the
resulting inference is more consistent across sensors.

The fifth study examines the effect of property-model
uncertainty on excitation selection. When compressibility
and resistance parameters vary within bounds, the nomi-
nal predicted sensitivity of bottomhole pressure to choke
perturbation can vary. If excitation were designed on a
nominal model, it might inadvertently approach the pressure
window boundary under an unfavorable parameter realiza-
tion. The robust excitation design uses conservative margins
and scenario-based safety evaluation, preventing such near-
boundary actions [53]. At the same time, robust information
evaluation avoids overvaluing perturbations that are informa-
tive only in the nominal scenario but not across plausible
parameter variations. The study shows that robust design
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yields slightly smaller information gain per perturbation than
nominal design, but it avoids unsafe or misleading perturba-
tions and yields more consistent posterior contraction.

Across studies, a recurring observation is that the excita-
tion patterns selected by the optimization are not arbitrary
oscillations but structured perturbations aligned with the
system’s natural time scales. Perturbations are slow enough
to be tracked by choke hardware and to avoid inducing
high-frequency pressure waves that could be operationally
undesirable, yet fast enough to create a measurable differ-
ential response before the system evolves significantly due
to migration. This alignment emerges naturally from the
constraints and from the sensitivity structure, rather than
being imposed as a heuristic rule.

The numerical results also highlight limits [54]. If the
pressure window is extremely narrow, safety margins may
preclude any meaningful excitation, and the system remains
ambiguous. In such cases, the framework correctly indicates
low robust information gain and avoids applying pertur-
bations that would not improve identifiability. If sensors
are insufficient, for example if flow-out measurement is
unreliable and pit bias is large, identifiability remains limited
even with excitation. The method does not eliminate the need
for adequate sensing; it provides a principled way to quantify
when sensing and excitation are sufficient and when they are
not.

Finally, it is important to interpret the Koopman-lifted
information metrics as operational approximations rather
than exact guarantees. Their value lies in providing a
computationally tractable, structured estimate of information
content that can guide excitation decisions [55]. The studies
indicate that these metrics correlate with observed posterior
contraction in the reduced model setting, and that robust
variants remain stable under uncertainty. This supports the
use of the method as an observability-aware layer that can
be integrated into real-time workflows.

VII. Conclusion
This paper developed an observability-centered framework
for dissolution-buffered gas influx identification in managed
pressure drilling by combining a dissolution-aware reduced
annular model with Koopman-lifted linear predictors and
constrained optimal excitation design. The approach was mo-
tivated by the structural ambiguity introduced by dissolution-
driven swelling and by the confounding influence of friction
and property uncertainties on surface measurements. Rather
than treating inference as a purely statistical detection task,
the method explicitly targeted the information limitation by
computing lifted observability and Fisher-information surro-
gates and by designing small, admissible input perturbations
that increase identifiability while respecting bottomhole-
pressure window constraints and actuator limits.

The technical contributions were a structured lifting design
that embeds bounded dissolution and swelling observables,
an online-computable information metric that accounts for



surrogate discrepancy and nuisance uncertainties, and a
receding-horizon excitation optimization that balances infor-
mation gain against operational disruption and risk [56]. Nu-
merical studies showed that, in swelling-dominated regimes
where pit gain is intrinsically ambiguous, modest choke
perturbations can reduce correlation between influx magni-
tude and dissolution parameters, producing more decisive
posterior contraction than passive monitoring. Robust eval-
uation under property uncertainty and sensor bias prevented
misleading excitation choices and supported stable operation
within conservative safety margins.

The framework is intended to complement, not replace,
existing managed pressure control and monitoring systems.
Its practical role is to identify when the system is poorly ob-
servable, to quantify which parameter directions are ambigu-
ous, and to propose safe, structured excitation that reduces
that ambiguity. Future extensions can incorporate richer tem-
perature representations when thermal variation materially
affects solubility on the relevant time scale, and can refine
lifting dictionaries to better capture regime-dependent slip
effects while retaining boundedness and stability. Within
these bounds, the proposed Koopman-lifted excitation design
provides a practical path to make dissolution-aware influx
identification more reliable by treating observability and
excitation as first-class components of the real-time workflow
[57].
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