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Abstract
Gas kick events remain a recurring operational challenge in drilling, especially in complex trajectories where pres-
sure windows are narrow and operational variability is significant. Modern wells with extended reach, high-pressure
high-temperature conditions, and managed-pressure drilling introduce coupled physical and decision-making com-
plexities that motivate an integrated risk view. This paper develops a structured framework for risk assessment of
gas kick events that combines mechanistic modeling of wellbore hydraulics, probabilistic metrics, and data-driven
detection. The framework covers gas influx initiation, transient multiphase flow in the wellbore, and surface detec-
tion signals under realistic monitoring constraints. Deterministic models provide pressure and flow predictions that
are interpreted within a probabilistic setting to quantify likelihoods of operational exceedances such as loss of pri-
mary well control or approach to fracture limits. Statistical and machine-learning components are used to integrate
heterogeneous sensor streams and to derive early warning indicators calibrated to site-specific noise and operational
patterns. The proposed structure supports quantitative risk indices that can be updated in real time as measure-
ments are acquired and operational conditions evolve. Emphasis is placed on explicit representation of uncertainty,
including variability in formation pressures, friction factors, equipment response, and human decision processes.
The paper discusses numerical implementation aspects, including stability constraints for transient simulators and
their interaction with real-time inference and decision support. The overall framework is intended to be adaptable
across different drilling environments and operational philosophies, and to provide a consistent basis for evaluating
mitigation measures such as kick tolerance design, managed-pressure strategies, and automated shut-in logic.

1. Introduction

Gas kicks arise when the bottom-hole pressure falls below the local pore pressure and formation fluids
enter the wellbore, potentially evolving into loss of primary well control if not handled in a timely way
[1]. In conventional vertical wells, pressure management and kick response procedures are standard-
ized, while in complex wells the interaction of well geometry, heterogeneous formations, and active
pressure-management equipment leads to a wider range of possible influx scenarios. Complex drilling
environments include three-dimensional trajectories with long horizontal sections, high-pressure high-
temperature reservoirs, depleted zones, tight pressure windows, and managed-pressure drilling systems
with dynamic choke and back-pressure control [2]. In such settings, gas kicks may develop in more sub-
tle ways, with smaller initial inflow rates, non-intuitive transient responses, and detection signals that
are more difficult to distinguish from routine operational changes.

Traditional risk assessments for gas kicks often decompose the problem into static barrier dia-
grams and deterministic engineering calculations of kick tolerance and shut-in responses. While such
approaches remain widely used, they may under-represent uncertainties in formation properties, equip-
ment behavior, and human response time, particularly when the drilling program evolves during
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Table 1: Core components of the gas kick risk assessment framework

Component Domain Primary role Representative out-
puts

Deterministic
hydraulics

Wellbore / surface Simulate multiphase
flow, pressures, and
influx dynamics
along the wellbore

Bottom-hole pressure
trajectory, gas vol-
ume fraction profiles,
surface flow-out and
choke response

Probabilistic risk
module

Uncertainty /
statistics

Propagate uncer-
tain inputs to event
probabilities and risk
indices

%kick (C), %frac (C),
'()), exceedance
probabilities

Machine-learning
detection

Data-driven signals Map multi-sensor
time series to kick
likelihood and early
warning indicators

%̂ML (C), anomaly
scores, classification
labels

Decision and control
logic

Operations Translate risk
indicators into rec-
ommended actions
under operational
constraints

Alert levels, recom-
mended pump/choke
adjustments, shut-in
recommendations

Uncertainty
representation

Cross-cutting Maintain and update
distributions for key
parameters and model
errors

Posterior samples
of - , ensemble
statistics, sensitivity
indicators

operations [3]. Furthermore, increasing volumes of real-time measurements from surface and down-
hole sensors provide opportunities to move from static calculations toward dynamically updated risk
estimates. A systematic framework that combines mechanistic models, probabilistic metrics, and data-
driven analytics can support more consistent decision-making under uncertainty and facilitate evaluation
of alternative mitigation strategies.

This paper develops such a framework for gas kick risk assessment in complex drilling environments.
The focus is on integrating three principal components. The first component is a deterministic, physics-
based representation of gas influx and transient wellbore hydraulics that is suitable for real-time or
near real-time simulation. The second component is a probabilistic description of uncertainties and risk
metrics that translate model outputs and measurements into interpretable quantities such as likelihood
of loss of primary well control or proximity to fracture limits [4]. The third component is a data-driven
detection and early warning layer that interprets multi-sensor data streams and provides inputs to the
probabilistic risk module. The framework is structured to accommodate different drilling philosophies,
including conventional and managed-pressure drilling, and to support both planning-phase analysis and
operational decision support.

The paper is organized around a sequence of modeling and inference steps [5]. Gas kick mecha-
nisms and the characteristics of complex drilling environments are first described in terms of pressure
balance, influx pathways, and monitoring signals. A deterministic transient model of multiphase flow
in the wellbore is then formulated, based on one-dimensional conservation equations and closure rela-
tions for gas-liquid flow, with discussion of numerical solution strategies. Probabilistic risk metrics are
introduced, together with estimation procedures for model-parameter uncertainties and validation of
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Figure 1: Integrated architecture for gas kick risk assessment. Measurements from surface and downhole sensors
feed a deterministic wellbore model, which is embedded in a probabilistic layer to compute risk measures such
as %kick and %frac. A machine-learning component provides data-driven kick indicators that, together with model-
based risk metrics, support operational decision-making.

exceedance probabilities [6] [7]. A machine-learning-based detection layer is described that fuses sur-
face and downhole measurements into probabilistic kick indicators. These elements are finally combined
into an integrated risk assessment and mitigation framework that structures the flow of information from
sensors and models to risk metrics and operational decisions.

2. Gas kick mechanisms and complex drilling environments

Gas kicks are initiated when the bottom-hole pressure, including hydrostatic and frictional components,
falls below the formation pore pressure at some location along the open hole or within a permeable
interval [8]. Let I denote measured depth along the wellbore, with I = 0 at the surface and increasing
downward, and consider a column of drilling fluid with density d 5 (I, C). The static hydrostatic pressure
profile in the absence of flow is given by

?hyd(I) = ?B +
∫ I

0
d 5 (b)6 3b, (2.1)

where ?B is surface pressure, 6 is gravitational acceleration, and b is an integration variable [9]. During
drilling, circulation and pipe movement modify this profile through frictional losses and dynamic effects.
Denoting the frictional pressure loss per unit length by _ 5 (I, C), the approximate circulating bottom-hole
pressure can be written as [10]

?bh (C) ≈ ?B (C) +
∫ Ibh

0
d 5 (b, C)6 3b −

∫ Ibh

0
_ 5 (b, C) 3b, (2.2)

where Ibh is the depth of the bit or open-hole end. A gas kick may occur when ?bh (C) falls below the
local pore pressure ?? (I) at a permeable interval, either due to a reduction in mud density, a transient
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Figure 2: Schematic of a complex well with an extended horizontal section, highlighting a gas influx interval,
managed-pressure choke, and key monitoring points. The well trajectory traverses heterogeneous formations, while
sensors at surface and downhole locations provide pressure, temperature, and flow signals. A localized influx in
the horizontal section may lead to subtle and delayed responses at surface sensors, motivating combined use of
mechanistic models and data-driven detection.

swab effect during pipe movement, an abrupt change in flow regime, or an unplanned loss of surface
back-pressure.

In complex drilling environments, several features modify the onset and evolution of kicks compared
to simpler wells. Extended-reach trajectories often include long horizontal sections, in which gravita-
tional segregation of gas and liquid phases is more pronounced and frictional pressure losses may differ
from those predicted by vertical correlations. High-pressure high-temperature reservoirs may exhibit
strong temperature gradients and non-linear fluid properties, with density and viscosity dependent on
both pressure and temperature [11]. Depleted zones adjacent to high-pressure intervals create narrow
pressure windows, where the difference between pore pressure and fracture pressure is small, and where
small changes in mud density or flow regime can shift the system toward kick or losses.

Managed-pressure drilling (MPD) adds further complexity by introducing active surface equipment
that manipulates annular back-pressure and flow paths. In MPD, the effective bottom-hole pressure is
a combination of hydrostatic, frictional, and controlled back-pressure components [12]. The system
reacts to changes in flow or pressure through control loops that adjust choke positions and pump rates,
leading to coupled dynamics between reservoir inflow, wellbore hydraulics, and control logic. From a
risk perspective, MPD may reduce the frequency of kicks for a given mud weight but can also change
the character of detection signals, since flow and pressure deviations may be partially compensated by
the control system before they become apparent in raw measurements.

The presence of complex geometry and heterogeneous formations also affects monitoring [13]. Sur-
face flow-out, pump strokes, standpipe pressure, and pit volume are standard signals used for kick
detection. In complex wells, additional signals such as downhole pressure and temperature, distributed
fiber-optic measurements, and choke pressures are often available. These sensors have different laten-
cies, noise properties, and spatial sensitivities [14]. For example, a small influx at a deep horizontal
section may take a considerable time to affect surface flow-out, while it may appear earlier in downhole
pressure or fiber-optic temperature if these sensors are present. The spatial distribution of gas along the
wellbore, driven by slip and segregation, will influence the amplitude and timing of these signals.
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Figure 3: Structure of the deterministic wellbore model used for gas kick simulation. Mixture conservation
equations with drift-flux closure are coupled to reservoir inflow relations and surface pump/choke conditions. A
finite-volume scheme with appropriate CFL constraints advances the model in time, delivering transient predictions
of pressure, flow, and gas distribution along the wellbore.

Complex operational sequences, such as connections, tripping, reaming, and managed-pressure tran-
sitions, further complicate interpretation of signals, because they induce transient changes in flow and
pressure that can resemble kick signatures [15]. A connection event, for instance, normally involves
pump stoppage and restart, leading to transient reductions and increases in standpipe pressure and
flow-out. Distinguishing such routine operational transients from small influx signals requires both
mechanistic understanding and data-driven pattern recognition. The risk assessment framework consid-
ered in this paper therefore treats kicks as events embedded in a background of operational variability,
recognizing that detection thresholds and false-alarm rates depend on this context [16].

3. Deterministic modeling of gas influx and wellbore transients

A deterministic model of gas kicks in complex wells aims to represent the coupled dynamics of mul-
tiphase flow in the wellbore, reservoir inflow, and surface equipment. For risk assessment, the model
needs to capture the main features that influence pressure evolution, influx volume, and key detection
signals, while being computationally tractable. A common starting point is a one-dimensional represen-
tation of the annulus and drillstring, with depth coordinate I and time C [17]. The flow in the annulus
is usually modeled using mixture conservation equations for mass and momentum, with gas and liquid
phases represented through a slip or drift-flux formulation.

Let U6 (I, C) denote the gas volume fraction, d; the liquid density, and d6 (I, C) the gas density [18].
The mixture density is

d< = U6d6 + (1 − U6)d; . (3.1)

Assuming a single mixture velocity D(I, C) in the annulus and cross-sectional area �(I), the mass
conservation equation can be written as

mC (d<�) + mI (d<�D) = @<, (3.2)
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Figure 4: Probabilistic layer that maps uncertainty in model inputs and measurements to risk metrics. A prior
distribution over uncertain parameters is updated with incoming data to form a posterior ensemble, which is prop-
agated through the deterministic simulator. Event probabilities and consequence-based indices are computed from
the resulting distributions of pressures, influx volumes, and trajectory-wide safety margins.

where @< (I, C) represents distributed mass sources, including gas influx from the formation [19]. The
mixture momentum balance can be written in the form

mC (d<�D) + mI (d<�D2) + � mI ? = d<�6 cos \ − gF%F , (3.3)

where ?(I, C) is pressure, \ (I) is the local inclination angle, gF (I, C) is the wall shear stress, and %F (I)
is the wetted perimeter. Closure relations are needed to express gF in terms of mixture properties and
to define the gas distribution and slip between phases [20].

Gas dynamics are often represented using a drift-flux relation between gas and mixture velocities.
Denoting the gas velocity by D6, a common closure is

D6 = �0D ++3 , (3.4)

where�0 is the distribution parameter and+3 is a drift velocity term dependent on flow regime and fluid
properties [21]. The gas volume fraction is advanced using a transport equation of the form

mCU6 + D6 mIU6 = (6, (3.5)

where (6 (I, C) accounts for gas sources and sinks, including inflow from the formation and possible
dissolution or loss. The wall shear stress is often parameterized using a friction factor 5< for the mixture,
[22]

gF =
1
2
5<d<D |D |, (3.6)

where 5< depends on Reynolds number and relative roughness, possibly modified for multiphase effects.
The gas density is determined by a thermodynamic relation. For simplicity, one may adopt an

isothermal real-gas equation of state of the form [23]

d6 =
?"6

/')
, (3.7)



ispiacademy 7

Wave-Square
Multi-sensor time windows

(flow-out, pit, pressure,
choke, downhole data)

SLIDERS-H
Feature extraction:
trends, derivatives,
regime indicators

Brain
ML classifier/regressor
(logistic, RNN, CNN)

trained on kicks/non-kicks

Bell
Time-varying kick
probability estimate

%̂ML (C)

COGS
Synthetic training

scenarios from
deterministic simulator

Figure 5: Machine-learning pipeline for kick detection and early warning. Sliding windows of multi-sensor signals
are transformed into compact feature vectors, which are input to a supervised model trained on labeled kick and
non-kick intervals. Synthetic scenarios from the wellbore simulator can augment limited historical data, and the
resulting model outputs a calibrated probability of kick presence or onset as a function of time.

where "6 is the gas molar mass, / (?, )) is a compressibility factor, ' is the gas constant, and ) (I, C) is
temperature. In many operational simulations, temperature is approximated by a prescribed profile based
on geothermal gradient and circulation effects, though fully coupled energy equations can be included
when necessary. The liquid density d; may also depend on pressure and temperature, particularly for
oil-based muds, but is often treated as weakly compressible [24].

Formation inflow is represented by coupling the wellbore pressure to a reservoir model. For a given
permeable interval at depth I = IA , an inflow rate @6 of gas into the wellbore can be modeled as

@6 = �6
(
?? − ?(IA , C)

)
, (3.8)

where �6 is an inflow productivity index and ?? is the local pore pressure [25]. This expression reflects
Darcy-type inflow under slightly compressible conditions; more detailed models may incorporate non-
linearities, phase behavior, and multi-layer interactions. For risk assessment, the key aspect is the
sensitivity of influx rate to bottom-hole pressure and the uncertainty in both �6 and ?? [26].

Surface boundary conditions are defined by the interaction between pumps, choke, and separator
systems. At the standpipe, pump flow imposes a volumetric inflow rate, while at the annulus outlet the
choke pressure and flow relation introduces a non-linear boundary. A simple representation of choke
behavior is [27]

@ch = �2�2

√
2(?D − ?3)

d<
, (3.9)

where @ch is choke flow rate, �2 is a discharge coefficient, �2 is choke area, and ?D, ?3 are upstream
and downstream pressures. Managed-pressure drilling modifies ?3 through controlled back-pressure,
while in conventional drilling atmospheric conditions typically fix ?3 near constant. The coupling to
the wellbore model produces feedback between pressure, flow, and choke setting.
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Figure 6: Decision structure linking quantitative risk indicators to operational controls. Combined probabilistic
and data-driven measures are mapped to alarm states and escalation rules, which in turn select among available
mitigation options such as density adjustments, managed-pressure strategies, and controlled shut-in. The chosen
action is expressed as a control vector applied to pumps, choke, and related equipment, closing the loop between
risk assessment and well control execution.

The system of equations is discretized in space and time for numerical solution [28]. Finite volume
methods are commonly used to preserve conservation properties, with control volumes defined along
the depth coordinate. Let ΔI denote the spatial step and ΔC the time step. A semi-discrete form of the
mass balance for cell 8 can be written as [29]

3

3C
(d<,8�8ΔI) = �8−1/2 − �8+1/2 +&<,8 , (3.10)

where �8±1/2 are numerical fluxes at cell interfaces and &<,8 is the integrated source term. Stability
considerations lead to constraints on ΔC based on the Courant–Friedrichs–Lewy (CFL) condition, which
in simplified form can be expressed as

ΔC ≤ CFL
ΔI

|D | + 2<
, (3.11)

where 2< is a characteristic mixture wave speed and CFL is a chosen stability factor. Implicit time-
stepping schemes can relax this constraint but require solution of non-linear algebraic systems at each
step, which must be balanced against real-time computational requirements in operational settings.

The deterministic model described above provides time-dependent predictions of pressure, flow rate,
gas volume fraction, and related variables along the wellbore [30]. For risk assessment, key outputs
include bottom-hole pressure trajectories, total influx volume as a function of time, surface flow-out
signals, and possible approach to fracture or equipment limits. These outputs are sensitive to uncertain
inputs such as formation pore pressure, friction factors, gas properties, and operational parameters. In
the next section, these uncertainties are treated probabilistically to define risk metrics [31].
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Table 2: Characteristics of complex drilling environments relevant for gas kicks

Feature Impact on kick
behavior

Modeling implica-
tions

Detection challenges

Extended-reach and
long horizontal
sections

Enhanced gravita-
tional segregation
and gas holdup;
prolonged transport
times to surface

Inclination-
dependent friction
and slip models;
careful represen-
tation of phase
distribution along I

Small deep influxes
may be strongly
attenuated before
reaching surface
flow-out measure-
ments

High-pressure
high-temperature
(HPHT) reservoirs

Strong sensitivity of
densities and viscosi-
ties to ?–) variations

Pressure- and
temperature-
dependent fluid
properties; possi-
ble coupling to an
energy equation

Changes in signal
amplitude and tim-
ing as circulation
conditions alter the
thermal state

Narrow pressure
windows

Small variations in
mud weight or fric-
tion can trigger kicks
or losses

Accurate pore and
fracture pressure
envelopes; tight
bounds on Δ?min and
Δ?frac

Elevated false-alarm
risk if thresholds are
set too conservatively

Depleted zones near
high-pressure intervals

Highly heteroge-
neous inflow and loss
behavior along the
wellbore

Layered reservoir
inflow representation
and spatially variable
?? (I) and �6

Overlapping signa-
tures from influx and
losses complicate
interpretation

Managed-pressure
drilling (MPD)
systems

Active back-pressure
control modifies
bottom-hole pressure
dynamics

Coupled represen-
tation of choke,
back-pressure pump,
and control logic in
boundary conditions

Control action can
partially mask early
kick signatures in
raw surface measure-
ments

Complex operational
sequences

Routine transients
can resemble kick
onset in pressure and
flow signals

Explicit modeling of
operational steps and
transient hydraulics

Requires pattern
recognition to dis-
tinguish operational
events from true
influx

4. Probabilistic risk metrics and statistical calibration

A risk assessment framework for gas kicks requires translation of uncertain model inputs and noisy
measurements into probabilities of events of interest. Let - denote a vector of uncertain parameters
and inputs, including formation pore pressures, fracture gradients, friction factors, inflow indices, and
operational variables such as pump characteristics and choke coefficients. Let . (C) denote a vector of
model outputs at time C, including bottom-hole pressure, surface flow-out, and gas fraction distributions
[32]. Uncertainty in - induces uncertainty in . (C), and risk metrics are defined as functionals of this
induced distribution.

A basic risk quantity is the probability that bottom-hole pressure falls below an acceptable margin
above pore pressure. Let ?bh (C; -) denote the modeled bottom-hole pressure and ?? (Ibh; -) the pore
pressure at the relevant depth, both dependent on uncertain inputs. Define a safety margin Δ?min. The
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Table 3: Selected notation for the deterministic gas influx and wellbore model

Symbol Description Units

I Measured depth coordinate along the wellbore, pos-
itive downward

m

C Time variable for transient simulations s
?bh (C) Bottom-hole pressure, including hydrostatic and

frictional components
Pa (or MPa)

U6 (I, C) Gas volume fraction in the annulus mixture –
d< (I, C) Mixture density, d< = U6d6 + (1 − U6)d; kg m−3

D(I, C) Mixture velocity in the annulus m s−1

@6 (IA , C) Gas inflow rate from the formation at permeable
interval IA

kg s−1 or
m3 s−1

(standard)

Table 4: Summary of governing equations in the transient multiphase wellbore model

Equation Representative expression Physical role

Mixture mass balance mC (d<�) + mI (d<�D) = @< Conserves total mass of gas and
liquid in the annulus, accounting
for distributed sources and sinks

Mixture momentum
balance

mC (d<�D) + mI (d<�D2) +
� mI ? = d<�6 cos \ − gF%F

Describes acceleration of the
mixture due to pressure gra-
dients, gravity, and wall shear
stress

Gas volume-fraction
transport

mCU6 + D6mIU6 = (6 Tracks spatial redistribution of
free gas and its interaction with
formation inflow or loss

Gas equation of state d6 =
?"6

/')
Relates gas density to pressure
and temperature via a real-gas
compressibility factor /

Formation gas inflow @6 = �6
(
?? − ?(IA , C)

)
Couples wellbore pressure to
reservoir pore pressure and pro-
ductivity at permeable intervals

Choke flow boundary
condition

@ch = �2�2

√
2(?D − ?3)

d<
Links upstream pressure and
mixture density to outflow rate
through the surface choke

event of interest can be written as [33]

�kick (C) =
{
?bh (C; -) < ?? (Ibh; -) + Δ?min

}
. (4.1)

The time-dependent probability of entering this event is

%kick (C) = P (�kick (C)) = E
[
��kick (C ) (-)

]
, (4.2)
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Table 5: Categories of uncertain parameters in gas kick risk assessment

Category Example parameters Typical distribution
choices

Main data sources

Pore and fracture
pressures

?? (I), ?frac (I), safety
marginsΔ?min,Δ?frac

Normal or truncated
normal with depth-
dependent mean and
variance

Offset wells, geome-
chanical models, for-
mation tests

Friction and
rheology

Mixture friction fac-
tor 5<, rheological
parameters, rough-
ness

Lognormal or beta
distributions to
enforce bounds and
positivity

Flow-loop tests, cali-
bration against circu-
lation data

Reservoir inflow
properties

Productivity indices
�6, layer connectivity,
relative permeabili-
ties

Lognormal or mix-
ture models capturing
heterogeneity

Well tests, reservoir
models, analog fields

Equipment and
control parameters

Pump efficiency,
choke discharge
coefficient �2,
control-loop gains

Uniform ranges or
weakly informative
priors

Vendor data, factory
tests, on-site tuning
records

Operational and
human factors

Detection and
decision delays, pro-
cedural compliance,
response strategies

Scenario-based dis-
crete distributions or
hierarchical priors

Incident reports,
expert elicitation,
training exercises

where �� is the indicator function of event � . An analogous event �frac (C) can be defined for exceeding
fracture pressure at any depth, with corresponding probability %frac (C). These probabilities depend on
the joint distribution of uncertain inputs and on the deterministic model mapping - ↦→ . (C) [34].

To characterize kick severity, one may introduce a random variable representing influx volume
+inf () ; -) accumulated over a time horizon ) . Severity thresholds can be specified, for example the
probability that influx volume exceeds a given tolerance +tol,

%sev ()) = P (+inf () ; -) > +tol) . (4.3)

The joint behavior of onset and severity can be represented through a risk measure that combines
likelihood and consequence. A simple expected-loss risk index can be defined as

'()) = E [� (+inf () ; -))] , (4.4)

where � (·) is a non-negative consequence function that increases with influx volume and may include
step changes at operational thresholds [35].

Uncertainties in - are described by probability distributions informed by offset-well data, geome-
chanical models, laboratory measurements, and expert judgment. In many applications, a mixture of
parametric and non-parametric representations is convenient. For example, pore pressure at a given
depth might be modeled as a normal random variable with mean and variance estimated from nearby
wells, while friction factors may be described by lognormal distributions to ensure positivity [36]. Cor-
relations between parameters, such as between pore pressure and fracture gradient, can be modeled
through joint distributions or copulas. Let 5- (G) denote the joint probability density of - . The expected
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Table 6: Comparison of machine-learning approaches for kick detection

Model type Strengths Limitations Example use in this
context

Logistic regression Simple, interpretable
coefficients; fast
training and infer-
ence

Limited ability to
capture strong non-
linear interactions
unless features are
engineered

Baseline classifier
using aggregated fea-
tures from flow-out,
standpipe pressure,
and pit volume

Gradient-boosted
trees

Handles non-
linearities and mixed
feature types; robust
to moderate noise

Can be prone to
overfitting and less
transparent than lin-
ear models

Offline model for
ranking influen-
tial features and
generating feature
importance profiles

Convolutional neural
network (CNN) on
time windows

Learns local tempo-
ral patterns and edges
in multi-channel time
series

Requires larger
labeled datasets;
architecture selection
can be sensitive

Detection of subtle
shape changes in
pressure and flow
signals around con-
nection events

Recurrent network
(GRU/LSTM)

Captures longer tem-
poral dependencies
and context in opera-
tions

Higher computa-
tional cost and tuning
complexity; more
difficult to interpret

Streaming estimation
of %̂ML (C) based on
recent multi-sensor
history

Hybrid physics-
informed model

Augments data-
driven inputs with
mechanistic features
or constraints

Requires care-
ful design of
physics–ML cou-
pling and feature
engineering

Using modeled
?bh (C), predicted
influx rates, and mea-
sured signals jointly
as inputs

Unsupervised
anomaly detector

Does not require
labeled kick exam-
ples; can adapt to
site-specific normal
behavior

Output must be cal-
ibrated to kick prob-
ability; sensitive to
concept drift

Flagging deviations
from routine oper-
ational patterns as
candidates for opera-
tor review

values defining risk indices are then integrals of the form [37]

'()) =
∫
� (+inf () ; G)) 5- (G) 3G, (4.5)

which are generally evaluated approximately using sampling methods or surrogate models.
Parameter calibration and uncertainty quantification rely on statistical inference using measurements

collected during drilling. Let / denote observed data, consisting of time series of pressures, flow rates,
and other signals [38]. A Bayesian formulation is natural in this context. Starting from a prior distribution
5

prior
-

(G) representing initial beliefs about uncertain inputs, the posterior distribution given data is

5
post
-

(G |/) ∝ ! (/ |G) 5 prior
-

(G), (4.6)

where ! (/ |G) is the likelihood of observations given parameters. The likelihood is determined by the
deterministic model, measurement functions, and noise assumptions [39]. If [ denotes measurement
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Table 7: Layers of the integrated risk assessment and decision framework

Layer Main inputs Key outputs Time scale / update
rate

Physical simulation
layer

Current and planned
controls* (C), param-
eter ensemble - ,
wellbore / reservoir
configuration

Predicted pressure
and flow trajecto-
ries, influx volumes,
fracture margin indi-
cators

Seconds to minutes,
depending on model
fidelity and ensemble
size

Probabilistic
inference layer

Simulation outputs,
prior parameter
distributions, mea-
surement residuals

Updated param-
eter distributions
5- (G |� (C)), revised
risk metrics %kick (C),
'())

At measurement
update times; typi-
cally minutes to tens
of minutes

Data-driven detection
layer

Raw and pre-
processed sensor
streams, feature vec-
tors G:

%̂ML (C), anomaly
scores, classification
labels with confi-
dence measures

Near real time (sec-
onds) for streaming
monitoring

Decision support
layer

Combined risk indi-
cators, operational
constraints, candi-
date actions U

Recommended con-
trol actions, alert
levels, what-if com-
parisons across
options

Event-driven; trig-
gered when risk
indices cross prede-
fined thresholds

Monitoring and
visualization layer

Historical and real-
time risk indices,
model diagnostics,
operational context

Dashboards, trend
plots, audit trail of
risk estimates and
decisions

Continuous during
operations and for
post-well review

noise, a typical observation model may be written as

/ = ℎ (. (·; G)) + [, (4.7)

where ℎ maps model outputs to the measured quantities, possibly including downsampling and aggre-
gation. Assuming Gaussian noise with covariance Σ[ , the log-likelihood can be expressed as a quadratic
form in the residuals between measured and modeled signals [40].

In real-time applications, updating the full posterior distribution may be computationally demanding.
Sequential Monte Carlo methods and ensemble-based techniques offer approximate alternatives. In an
ensemble Kalman framework, an ensemble of parameter realizations {- (: ) } is propagated through the
deterministic model, and ensemble statistics are updated when new measurements arrive. The analysis
update for each ensemble member can be written as [41]

-
(: )
a = -

(: )
f +  

(
/ + n (: ) − ℎ

(
.
(: )
f

))
, (4.8)

where subscripts f and a denote forecast and analysis, is a gain matrix computed from ensemble covari-
ances, and n (: ) are perturbed observations consistent with measurement noise. The updated ensemble
approximates the posterior distribution and can be used to recompute risk indices '()) and probabilities
%kick (C).



14 ispiacademy

Table 8: Illustrative control actions and their qualitative impact on kick-related risk

Control action Expected impact on bottom-hole
pressure and influx

Risk trade-offs and considera-
tions

Increase mud density Raises hydrostatic pressure,
reducing likelihood of under-
balanced conditions and further
influx

May approach or exceed frac-
ture pressure; increases circulat-
ing pressures and equivalent cir-
culating density

Reduce pump rate Lowers frictional pressure losses
and can reduce transient under-
balance during operations

May delay transport of gas to
surface and reduce strength of
detection signals in flow-out

Increase annular
back-pressure (MPD)

Directly elevates bottom-hole
pressure while maintaining cir-
culation

Requires reliable control and
equipment; overcompensation
can elevate loss risk

Shut in the well Stops further influx if imple-
mented promptly; stabilizes
boundary conditions for well
control procedures

Rapid shut-in can generate pres-
sure transients; timing must con-
sider current influx volume and
margins

Circulate out influx
with controlled choke
schedule

Gradually removes gas while
managing pressures within
pore–fracture envelope

Requires accurate model-based
design and monitoring; sensitive
to parameter and measurement
uncertainty

Validation of probabilistic risk metrics is an important step. Because kick events are relatively rare,
direct empirical estimation of probabilities from event frequencies is limited [42]. Instead, assessment
relies on internal consistency checks, comparison with historical data, and stress tests under synthetic
scenarios. One approach is to generate synthetic kicks using the deterministic model under sampled
parameter sets and to compare the distribution of simulated detection times, influx volumes, and pres-
sures with available operational records. Statistical goodness-of-fit measures can be used to evaluate the
match between simulated and observed distributions, recognizing the limitations of sparse data [43].

In addition to event probabilities, diagnostic metrics can be defined to support decision-making. For
example, the probability that bottom-hole pressure remains between pore and fracture pressures over a
future time window [C, C + g] can be expressed as

%safe(C, g) = P
(
?? (Ibh; -) + Δ?min ≤ ?bh (B; -) ≤ ?frac (Ibh; -) − Δ?frac, ∀B ∈ [C, C + g]

)
, (4.9)

where ?frac is fracture pressure and Δ?frac is a margin. Estimation of such path-dependent probabil-
ities typically relies on approximations, such as discretization of time and evaluation over sampled
trajectories, but the resulting quantities provide a more complete description of risk than instantaneous
probabilities alone [44].

5. Machine-learning-based detection and early warning

While mechanistic models provide a physically interpretable description of gas kicks, real-time detection
often benefits from data-driven methods that can capture complex patterns in noisy signals. Machine-
learning approaches can be used to map multi-sensor time series to probabilistic indicators of kick onset,
severity, or likelihood of escalation. Such methods can operate in parallel with mechanistic models, using
many of the same measurements but without explicit reliance on a particular physical model structure
[45].
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Consider a set of measured signals B 9 (C), 9 = 1, . . . , �, including flow-out, pump strokes, standpipe
pressure, pit volume, choke pressure, downhole pressure, and possibly derived quantities such as rate-of-
change or filtered versions. At a given time C: , these signals and their recent history over a time window
[C: − Δ), C:] are encoded into a feature vector G: ∈ R3 . Labels H: are defined to represent states of
interest, for example H: = 1 if a kick is present or likely and H: = 0 otherwise, based on historical
annotations or expert interpretation. A supervised learning model seeks a function 5\ : R3 → [0, 1]
that estimates the probability of a kick given features, where \ denotes model parameters.

A baseline approach is logistic regression, in which [46]

?\ (H = 1|G) = f
(
F>G + 1

)
, (5.1)

where f(D) = 1/(1 + 4−D), F ∈ R3 , and 1 is a bias term. Parameters are estimated by minimizing the
empirical negative log-likelihood

� (F, 1) = − 1
#

#∑
:=1

[H: log ?\ (H: |G:) + (1 − H:) log (1 − ?\ (H: |G:))] , (5.2)

possibly with regularization terms to control model complexity. Although linear in the features, logistic
regression can capture non-linear effects if the feature vector includes non-linear transformations of raw
signals and their interactions [47].

To more fully exploit temporal structure in the data, recurrent or convolutional neural network
architectures can be used. In a recurrent formulation, a hidden state vector ℎ: evolves as

ℎ: = q (,ℎℎ:−1 +,GG: + 1ℎ) , (5.3)

where,ℎ and,G are weight matrices, 1ℎ is a bias, and q is a non-linear activation function [48]. The
kick probability is then computed as

?\ (H: = 1|G1::) = f
(
E>ℎ: + 1H

)
, (5.4)

with parameters \ = {,ℎ,,G , 1ℎ, E, 1H} learned from data. More advanced variants such as gated
recurrent units or long short-term memory cells can improve the handling of long-range temporal
dependencies, which are often present in slowly evolving drilling operations.

Training data for kick detection models are typically imbalanced, with many more non-kick than kick
samples [49]. This imbalance can be addressed through re-weighting of the loss function, resampling
strategies, or specialized metrics for model selection. For example, a weighted loss function can assign
higher weight to kick samples, [50]

�U (\) = − 1
#

#∑
:=1

[UH: log ?\ (H: |G:) + (1 − U) (1 − H:) log (1 − ?\ (H: |G:))] , (5.5)

where U ∈ (0, 1) is chosen to balance sensitivity and specificity. Performance is evaluated using met-
rics such as true positive rate, false positive rate, precision, and area under the receiver operating
characteristic curve, with particular attention to the trade-off between early detection and false alarms.

Integration with mechanistic models can proceed in several ways [51]. One approach is to use mech-
anistic simulations to augment training data, especially for rare or extreme scenarios that are poorly
represented in historical records. Synthetic signals generated by the deterministic model under varied
conditions and parameter realizations can be fed into the same feature extraction and learning pipeline,
labeled according to modeled kick states. This helps the machine-learning model generalize to situations
that have not yet occurred operationally but are physically plausible [52]. Another approach is to incor-
porate mechanistic quantities as features, for example predicted bottom-hole pressure or modeled influx
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rates under different parameter assumptions, thus combining physics-based predictions with observed
signals.

From a mathematical perspective, the machine-learning component provides an approximate map-
ping from observed data / to a probabilistic indicator that can be interpreted as an estimate of the
conditional probability of a kick,

%̂ML (C:) = 5\ (G:) ≈ P (�kick (C:) |/1::) . (5.6)

This estimate can be treated as one source of information in the probabilistic risk framework, to be
combined with outputs from Bayesian updating of mechanistic model parameters [53]. For example, the
machine-learning output may be used as a likelihood term or as an additional observation in ensemble-
based updating, with an associated noise model reflecting its calibration.

The robustness of machine-learning-based detection depends on the representativeness of training
data, the handling of concept drift as drilling practices evolve, and the treatment of missing or corrupted
signals. Techniques such as online learning, periodic retraining with new data, and explicit handling
of uncertainty in model outputs can mitigate some of these issues [54]. Uncertainty-aware methods,
including Bayesian neural networks or ensemble-based prediction intervals, can provide not only point
estimates of kick probabilities but also associated confidence measures, which can be valuable for
operators making decisions under uncertainty.

6. Integrated risk assessment and mitigation decision framework

The integrated framework combines the deterministic model, probabilistic risk metrics, and machine-
learning-based detection into a structure that supports both planning and real-time decision-making.
Conceptually, the framework operates as a mapping from available information and operational options
to risk metrics and recommended mitigation measures [55]. The mapping is updated as new data arrive
and as the drilling state changes.

Let � (C) denote the set of data available up to time C, including raw sensor readings, pre-processed
features, and contextual information such as current depth, trajectory, and drilling mode. Let* (C) denote
controllable operational inputs, such as pump rate, choke setting, and target mud density [56]. The
deterministic model can be written abstractly as

. (C) = M (-,* (·), C) , (6.1)

where - represents uncertain parameters and M denotes the solution operator of the multiphase flow
and reservoir inflow equations. The probabilistic component assigns a distribution to - conditioned on
data � (C),

5- (G |� (C)), (6.2)

and computes risk metrics such as %kick (C), %frac (C), and '()) as integrals over this distribution. The
machine-learning component produces a data-driven indicator %̂ML (C) using features extracted from
� (C). Combining these elements requires a coherent rule for integrating multiple sources of information
[57].

One approach is to treat the machine-learning output as an additional observation of an underlying
latent variable representing kick likelihood. Let Λ(C) denote a latent process summarizing the true but
unknown propensity for a kick at time C [58]. The mechanistic-probabilistic model provides a prior
distribution for Λ(C) given � (C) and* (C), while the machine-learning model yields a noisy observation,

%̂ML (C) = 6 (Λ(C)) + n (C), (6.3)

where 6 is a link function and n (C) represents model error. A Bayesian update can then be performed to
synthesize information and yield a posterior distribution for Λ(C), from which risk metrics and decision
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thresholds can be derived [59]. In practice, this may be approximated through heuristic weighting of
model-based and data-driven probabilities, with weights calibrated from historical performance.

Mitigation measures include adjustments in mud density, pump rate, and choke settings, as well as
procedural actions such as shutting in the well or initiating circulation to remove gas. These actions can
be represented as elements of a control setU. For each candidate control action D ∈ U, the deterministic
model can predict the evolution of pressures and flows over a future time window, subject to uncertainties
in - . Risk metrics can then be computed under each control and compared [60]. Formally, for a given
action D and time horizon ) , define a control-specific risk index

'D ()) = E
[
�
(
+D

inf () ; -)
) ����� (C)

]
, (6.4)

where +D
inf is the influx volume under control D. The decision problem can be cast as choosing an action

that minimizes expected risk subject to operational constraints, such as equipment limits and regulatory
requirements.

In practice, several simplifying assumptions are often introduced to render this optimization tractable
in real time [61]. One is to parameterize the control space in terms of a small number of discrete options,
such as “continue drilling,” “reduce pump rate,” “increase back-pressure,” or “shut in.” Another is to
use pre-computed response surfaces or surrogate models that approximate 'D ()) as functions of a small
set of state variables. These response surfaces can be generated offline using the deterministic model
and a range of uncertainty realizations, then queried rapidly during operations.

An example of a composite risk index suitable for real-time use is [62]

R(C) = F1%kick (C) + F2%frac (C) + F3%̂ML (C), (6.5)

where F1, F2, F3 are non-negative weights reflecting the relative importance of different risk compo-
nents and detection layers. Operational thresholds on R(C) can be defined to trigger alerts or specific
mitigation actions. The dependence of R(C) on uncertain parameters and modeling choices should be
examined during planning, so that thresholds are set with an understanding of their sensitivity.

An additional dimension of the framework concerns human factors and organizational procedures.
The outputs of the risk assessment need to be communicated in a way that supports operator understand-
ing and decision-making without overloading attention [63]. Quantitative risk indices can be mapped
to qualitative categories, such as low, moderate, or elevated risk, with associated recommended actions.
The mapping should be calibrated empirically to avoid systematic over- or under-reaction to particu-
lar patterns of signals. Logging of risk indicators, decisions, and outcomes supports later analysis and
iterative refinement of both models and procedures [64].

From a numerical standpoint, integrating deterministic simulation, probabilistic updating, and
machine-learning prediction requires attention to computational loads and latencies. The deterministic
simulator may be run at reduced spatial resolution or with simplified physics during real-time operations,
while more detailed models are used in planning or off-line analysis. Sampling-based uncertainty prop-
agation can be approximated with small ensembles, possibly combined with linearization techniques
[65]. Machine-learning models should be selected not only based on predictive accuracy but also on
computational efficiency and robustness to missing or delayed inputs.

The integrated framework is intended to be flexible enough to accommodate different levels of model
sophistication and data availability [66]. In wells with limited instrumentation, the machine-learning
component may play a smaller role and the probabilistic analysis may rely more heavily on prior distri-
butions and offset-well data. In wells with extensive real-time monitoring, including downhole sensors,
more detailed models and richer data-driven components can be deployed. In all cases, maintaining
a clear separation between model assumptions, data inputs, and resulting risk metrics helps ensure
transparency and facilitates continuous improvement [67].
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7. Conclusion

Gas kick events in complex drilling environments involve coupled physical and decision-making pro-
cesses that span reservoir inflow, multiphase wellbore hydraulics, surface equipment behavior, and
human response. This paper has outlined a risk assessment framework that integrates deterministic mod-
eling, probabilistic metrics, and machine-learning-based detection to provide a structured view of these
processes. The deterministic component employs one-dimensional conservation laws with appropriate
closure relations to describe gas-liquid flow in the wellbore, formation inflow, and surface boundary con-
ditions, with attention to numerical implementation considerations such as stability and computational
efficiency [68]. This mechanistic representation enables prediction of key quantities such as bottom-hole
pressure evolution, influx volume, and surface detection signals under varied operational scenarios and
parameter assumptions.

On top of the deterministic model, a probabilistic layer characterizes uncertainties in formation prop-
erties, equipment behavior, and operational conditions through parameter distributions and Bayesian
updating. Risk metrics such as probabilities of kick onset, fracture exceedance, and influx severity, as
well as composite indices based on expected consequences, are derived as functionals of the induced dis-
tributions of model outputs [69]. Sequential updating methods, including ensemble-based approaches,
allow incorporation of real-time measurements to refine parameter estimates and risk metrics as the
operation proceeds. This probabilistic perspective makes explicit the dependence of risk assessments
on uncertain inputs and provides a basis for evaluating the sensitivity of conclusions to assumptions.

The machine-learning component complements mechanistic modeling by learning patterns in multi-
sensor time series that are associated with kick events [70]. By mapping features extracted from flow,
pressure, and related signals to probabilistic indicators of kick likelihood, data-driven models can con-
tribute early warning signals and capture complex interactions that may not be fully represented in
simplified physical models. Training on historical and synthetic data, with attention to class imbal-
ance and temporal structure, supports calibration of these models for practical use. Integration of
machine-learning outputs with probabilistic mechanistic risk measures can proceed through Bayesian
or heuristic weighting schemes, yielding combined indicators that leverage both physics-based and
empirical information [71].

The combined framework provides a structure for evaluating mitigation measures such as changes
in mud density, pump and choke settings, and procedural actions, by predicting their impact on risk
metrics under uncertainty. It also highlights the importance of aligning quantitative risk outputs with
operational decision processes and human factors, including clear communication of risk levels and
associated recommended actions. While the framework does not eliminate uncertainties or guarantee
avoidance of gas kicks, it offers a systematic way to organize information, models, and decisions in
complex drilling contexts [72].

Future developments may include more detailed coupling of thermal and compositional effects in the
deterministic model, enhanced probabilistic representations of geomechanical and human factors, and
adaptation of machine-learning components to evolving operational practices through online learning.
Continuous evaluation using operational data, including non-event periods and recorded kicks, can sup-
port refinement of model structures, parameter distributions, and decision thresholds. In this way, the
framework can be iteratively improved as more information becomes available, maintaining relevance
across a range of drilling environments and technological configurations [73].
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