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ABSTRACT Modern computer-integrated systems for oil and gas production rely on intelligent decision support systems for
monitoring, forecasting, diagnostics, and control of technological processes. The effectiveness of such systems significantly
depends on the reliability and completeness of input data, which are often affected by measurement errors, missing values,
noise, model inaccuracies, and variability of geological and production conditions. Under such circumstances, uncertainty
quantification becomes a critical component for ensuring the reliability of predictive models and supporting robust decision-
making in digital oilfield environments. The purpose of this paper is to analyze and systematize modern methods for
uncertainty quantification of data used in intelligent decision support systems of computer-integrated systems for oil and gas
production, as well as to determine their applicability under conditions of incomplete and uncertain information. The study
considers the specific features of technological data in oil and gas production, including heterogeneity of information sources,
nonlinear process dynamics, measurement uncertainty, and real-time operational constraints. The paper formalizes the
uncertainty quantification problem in intelligent decision support systems and analyzes the main types of uncertainty
affecting technological systems, including aleatoric, epistemic, measurement, model, and simulation parameter uncertainty.
A comparative analysis of Bayesian approaches, ensemble methods, Monte Carlo sampling techniques, probabilistic neural
networks, and calibration-based methods is performed from the standpoint of computational efficiency, robustness to noisy
and incomplete data, interpretability, and compatibility with industrial monitoring and control systems. The obtained results
demonstrate that no single uncertainty quantification method fully satisfies all requirements of computer-integrated oil and
gas production systems. It is shown that ensemble methods provide the most balanced solution for operational decision
support tasks, while Bayesian and Monte Carlo approaches are more suitable for reservoir modeling and long-term
forecasting. Calibration techniques are identified as necessary for ensuring prediction reliability in real-time applications. A
decision framework for selecting uncertainty quantification methods according to operational constraints and data
characteristics is proposed. The practical significance of the study lies in the possibility of applying the obtained
recommendations in the development of computer-integrated systems for monitoring, diagnostics, forecasting, and
intelligent decision support for technological objects operating under uncertain and incomplete data conditions.

KEYWORDS uncertainty quantification, intelligent decision support system, computer-integrated system, machine learning,
predictive uncertainty.

I. INTRODUCTION

led to the rapid development of computer-integrated

systems for oil and gas production (CIS), where
large volumes of heterogeneous data are continuously
generated by sensors, monitoring systems, geological
models, and production process control equipment. These
data are used in intelligent decision support systems for
forecasting, diagnostics, and optimization of technological
processes during exploration, drilling, and production [1-
3]. The efficiency of such systems strongly depends on the
reliability and completeness of the input data, which are
often affected by measurement errors, missing values,
noise, model uncertainty, and changing operating
conditions.

Unlike many other industrial domains, technological
objects in oil and gas operate under conditions of limited
and expensive measurements, indirect estimation of key
parameters, and strong dependence on physical and

D igital transformation of the oil and gas industry has

geological processes. A significant part of the data is
obtained from distributed sensor networks, well logging
systems, SCADA platforms, and reservoir simulation
models, which may produce inconsistent or incomplete
information. As a result, uncertainty becomes an inherent
property of the data used in intelligent decision support
systems for information-control systems of oil and gas
production.

Uncertainty in input data leads to degradation of
predictive model accuracy and may cause incorrect
decisions in production process control, drilling
optimization, reservoir monitoring, and equipment
diagnostics. In critical situations, unreliable predictions
can result in significant economic losses or safety risks.
Therefore, the development of methods for uncertainty
quantification is an important task in the design of
computer-integrated information systems used in the oil
and gas industry.

Machine learning methods are widely applied in
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computer-integrated systems for oil and gas production for
forecasting production parameters, detecting anomalies,
estimating reservoir characteristics, and supporting
operational decisions [4-6]. However, most traditional
machine learning models provide only point predictions
and do not estimate the reliability of the obtained results.
This limitation reduces the applicability of such models in
intelligent decision support systems, where it is necessary
to evaluate the confidence of predictions and take into
account possible errors in input data.

In recent years, various approaches for uncertainty
quantification in machine learning have been proposed,
including Bayesian models, ensemble methods,
probabilistic neural networks, Monte Carlo sampling
techniques, and calibration methods [7-10]. These
approaches allow estimating predictive uncertainty,
separating different types of uncertainty, and improving
the robustness of decision-making under incomplete or
noisy data conditions. However, the selection of
appropriate uncertainty quantification methods for
intelligent decision support systems in technological
systems remains a complex task due to strict requirements
for computational efficiency, interpretability, real-time
operation, and resistance to measurement errors [11].

Computer-integrated decision support systems for oil
and gas production impose additional constraints on data
processing algorithms. Such systems must operate with
heterogeneous data  sources, support real-time
monitoring, handle missing or corrupted measurements,
and provide reliable results even under limited training
data. Therefore, the analysis of uncertainty quantification
methods should be performed taking into account the
specific features of technological system data and the
requirements of computer-integrated monitoring and
control systems.

The purpose of this paper is to analyze modern
methods for uncertainty quantification of data used in
intelligent decision support systems of computer-
integrated systems for oil and gas production and to
determine their applicability for computer-integrated
monitoring, forecasting, and production process control
systems operating under conditions of incomplete and
uncertain information.

The object of the research is intelligent decision
support systems integrated into computer-integrated
systems for oil and gas production. The subject of the
research is methods for uncertainty quantification of data
applied in machine learning models and information
processing algorithms for decision support under
conditions of incomplete, noisy, and heterogeneous data.

The scientific novelty of the paper consists in
systematization of modern uncertainty quantification
methods from the standpoint of their applicability in
IDSS of computer-integrated systems for oil and gas
production.

The practical significance of the obtained results lies in
the possibility of using the considered methods in the
development of computer-integrated systems for
monitoring, diagnostics, forecasting, and decision support
in technological systems for oil and gas production under
conditions of uncertain and incomplete data.
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Il. FEATURES OF DATA IN INTELLIGENT DECISION
SUPPORT SYSTEMS OF COMPUTER-INTEGRATED
SYSTEMS FOR OIL AND GAS PRODUCTION

One of the main characteristics of data in computer-
integrated systems for oil and gas production is their
heterogeneity. Information used in decision support
systems may include continuous sensor measurements,
discrete event logs, geological parameters, simulation
results, and expert assessments. These data have different
formats, sampling rates, and accuracy levels, which makes
their integration in a single information system a complex
task. In addition, some parameters cannot be measured
directly and must be estimated using indirect methods or
physical models, which introduces additional uncertainty.

Another important feature of data is the presence of
measurement errors and noise. Sensors installed in wells
and surface equipment of the technological object operate
in harsh environmental conditions, including high
pressure, temperature variations, and mechanical
vibrations. As a result, measurement errors are unavoidable
and may significantly affect the quality of predictions.

Computer-integrated decision support systems also
have to operate with incomplete data. Missing values may
appear due to sensor failures, communication errors,
irregular sampling, or limitations in measurement
equipment. In addition, some parameters are measured
only periodically because of the high cost of logging
operations or laboratory analysis. Therefore, intelligent
decision support systems must be able to work under
conditions of limited information and provide reliable
results even when part of the data is unavailable.

A specific feature of oil and gas production processes
is the strong dependence of system behavior on complex
physical and geological processes. Reservoir properties,
fluid dynamics, and equipment performance are described
by nonlinear models with many uncertain parameters. In
practice, these parameters are often known only
approximately, and different models may produce different
predictions for the same operating conditions. This leads to
model uncertainty, which must be taken into account in
decision support systems.

Another important requirement for technological
systems in oil and gas production is real-time or near real-
time operation. Monitoring and control systems must

process incoming data continuously and provide
recommendations for operational decisions without
significant  delay. This requirement limits the

computational complexity of algorithms and restricts the
use of methods that require extensive sampling or long
training time. Therefore, uncertainty quantification
methods used in intelligent decision support systems must
provide a balance between accuracy and computational
efficiency.

Decision support systems must also ensure high
reliability of results. Incorrect predictions may lead to
improper control actions, increased production process
costs, equipment damage, or safety risks. For this reason,
it is not sufficient to obtain only a predicted value of a
parameter; it is necessary to estimate the confidence of the
prediction and the possible range of error. The availability
of uncertainty estimates allows operators and automated
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control systems to make more robust decisions under
changing operating conditions.

In addition, data in computer-integrated systems for oil
and gas production often contain correlations across
different time scales and spatial locations. Measurements
from different wells, production units, and monitoring
systems may be interdependent, and ignoring these
dependencies may lead to incorrect conclusions.
Therefore, data processing algorithms must be able to take
into account temporal and spatial correlations as well as
possible inconsistencies between different data sources.

All these features impose strict requirements on
methods used in intelligent decision support systems for
digital oilfields. Such methods must be robust to noise and
missing data, capable of working with heterogeneous
information, computationally efficient for real-time
operation, and able to provide quantitative estimates of
uncertainty. Consequently, the analysis and selection of
uncertainty quantification methods should be performed
taking into account the specific constraints of oilfield data
and the requirements of computer-integrated monitoring
and control systems.

IIl. FORMALIZATION OF THE UNCERTAINTY
QUANTIFICATION PROBLEM IN INTELLIGENT DECISION
SUPPORT SYSTEMS
A. General problem statement. Let a technological object
of control in oil and gas production be characterized at time

t by a state vector

x(t) € R, 1)
representing physical process variables (wellhead pressure,
flow rate, water cut, bottomhole temperature, etc.). Direct

observation of x(t) is unavailable; instead, the monitoring
system acquires a measurement vector:

z(t) = h(x(t)) +v(t), )
v(t) ~N(O,R), 3)

where
h: R" > RP, 4)

is the sensor observation function, v(t) is measurement
noise with covariance matrix R € RP*?, and p is the
number of sensor channels.

The IDSS employs a predictive model:

fO: RP*T —» R™, (5)

parameterized by 6 € @ that maps a window of T

consecutive measurement vectors to a prediction of m

target quantities (e.g., future production rate, equipment
remaining useful life, reservoir pressure):

Jyt+k) = fO0zt—-T+1),..,2z(t)). (6)

The uncertainty quantification problem is stated as

follows: given a trained model f6, a dataset of historical
observations

J == )’i)};p )
and a new input z(t), determine:
— the predictive distribution capturing total uncertainty
in the prediction:

p(t+k)|z(1:t),9); tS)
— the decomposition of total predictive variance into
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aleatoric and epistemic components:
Var|y|z] = EO[Var|y|z0]] + VarO|E[y | z 6]];(9)

—aprediction interval [y,, yy] at confidence level (1 —
a), such that
Py e [yLyUD) =21 -« (10)
— a calibration assessment verifying that the predicted
confidence level matches the empirical coverage
frequency.

B. Types of uncertainty in technological systems for oil and
gas production. Data used in intelligent decision support
systems of computer-integrated systems for oil and gas
production are affected by different types of uncertainty
caused by measurement errors, incomplete information,
model inaccuracies, and variability of geological and
production process conditions. Correct identification of
uncertainty sources is necessary for the selection of
appropriate data processing and prediction methods [9]. In
the context of machine learning and probabilistic
modeling, uncertainty is usually divided into several
categories.

Aleatoric uncertainty is related to the natural variability
of the observed process and measurement noise. This type
of uncertainty cannot be eliminated even if the model is
perfectly known, because it is caused by random
fluctuations of physical parameters, sensor errors, and
environmental conditions.

Let the measured value be represented as

y=f(x)+e, (11)
where f(x) is the true dependence between variables, ¢ is
a random error term.

The error term is usually assumed to follow a

probability distribution
g ~N(0,02). (12)

In technological systems for oil and gas production,
aleatoric uncertainty appears due to sensor noise,
fluctuations of pressure and temperature, and variability of
reservoir properties.

Epistemic uncertainty is caused by insufficient
knowledge about the technological object and can be
reduced by collecting additional data or improving the
model. In computer-integrated decision support systems,
this type of uncertainty appears when the number of
observations is limited or when the parameters of the
geological model are not known exactly.

Let the prediction of a model be written as:

y = f(x,80) (13)
where 6 are model parameters. If the parameters are

uncertain, they can be treated as random variables with
distribution

6 ~ p(0). (14)
The predictive distribution is then obtained as
p( 1 %) = [ p(y | x6)p(6)do. (15)

This formulation is widely used in Bayesian machine
learning models applied in information-control systems for
oil and gas production.

Model uncertainty appears when several models can
describe the same data with different accuracy. In
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computer-integrated systems for oil and gas production,
different reservoir models, simulation settings, or machine
learning algorithms may produce different predictions for
the same input data.

Let the prediction be obtained from a set of models

y == D fi (@) (16)

Such an approach is widely used in ensemble methods
for uncertainty quantification.

Measurement uncertainty is caused by limitations of
sensors and data acquisition systems. In oil and gas
production, measurements are often performed under high
pressure and temperature conditions, which reduces their
accuracy.

If the measured value is

Ym =y +96, 17)
where y is the true value, & is measurement error, the error
may depend on operating conditions:

&5 ~ N (0,02 (x)). (18)
In technological systems for oil and gas production, the
variance of measurement error may change depending on
sensor type, well depth, and environmental conditions.
Simulation and Model Parameter Uncertainty
Decision support systems in computer-integrated
systems often use reservoir simulators and physical
models. These models contain parameters that are not
known exactly and must be estimated from limited data.
Let the simulator output be

y=9x9),
where ¢ are uncertain model parameters.

If parameters are uncertain, their distribution can be
written as

(19)

¢ ~p(P). (20)

The uncertainty of the output is obtained by sampling

y® = g(x,0®). (21)
Such uncertainty is typical for reservoir simulation and
production forecasting.

C. Requirements for uncertainty handling in decision
support systems. Considering the features of technological
system data, uncertainty quantification methods used in
intelligent decision support systems must satisfy several
requirements:
- ability to work with noisy and incomplete data,
- support for heterogeneous data sources,
- possibility of real-time or near real-time operation,
- capability to provide confidence intervals or
probability distributions,
- robustness to model errors,
- compatibility with machine learning and simulation
models.

Therefore, the selection of uncertainty quantification
methods should be based not only on prediction accuracy
but also on their suitability.

The comparative analysis shows that aleatoric
uncertainty is predominant in operational monitoring tasks,
whereas epistemic uncertainty becomes critical in
forecasting scenarios with limited historical observations.
Measurement uncertainty mainly affects sensor-driven
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control applications, while model uncertainty is most
significant in reservoir simulation and long-term
production planning. This differentiation indicates that
uncertainty quantification methods should be selected
according to the dominant uncertainty source rather than
applied uniformly across all decision support tasks.

IV. MACHINE LEARNING METHODS FOR UNCERTAINTY
QUANTIFICATION

Machine learning methods are widely used in
intelligent decision support systems of computer-
integrated systems for oil and gas production to perform
forecasting, anomaly detection, reservoir parameter
estimation, and optimization of production processes [5,
12]. However, traditional machine learning models usually
provide only point predictions and do not estimate the
reliability of the obtained results. For decision support
systems operating under uncertain and incomplete data
conditions, it is necessary to use special approaches that
allow quantifying prediction uncertainty.

Uncertainty quantification methods can be divided into
several groups, including Bayesian approaches, ensemble
methods, sampling-based techniques, probabilistic neural
networks, and calibration methods. Each group has its own
advantages and limitations when applied in computer-
integrated monitoring and control systems.

Bayesian models provide a natural way to represent
uncertainty by treating model parameters as random
variables [9]. Instead of estimating a single value of
parameters, Bayesian methods compute their probability
distribution based on observed data.

Let the model parameters be denoted by 6.

The posterior distribution is defined as

(D16) p(6
p(81D) =PCE, (22)

where D — observed data, (8) — prior distribution, (D | 8)
— likelihood function.

Prediction uncertainty is obtained from the predictive
distribution

p1xD)=[py|x6)p@6I1D)ds.  (23)
Bayesian methods are suitable for information-control
systems because they allow combining measurement data,
simulation models, and expert knowledge. However, their
application may be limited by high computational
complexity, which makes real-time use difficult.
Ensemble methods estimate uncertainty by combining
predictions of multiple models [8]. Differences between
model outputs are interpreted as uncertainty of prediction.
Let predictions of individual models be

yvi=fi(x),i=1,..,M, (24)
The mean prediction is:
" 1
y=2Lv (25)
Uncertainty can be estimated as variance
M A
o= iV (26)
i=

Ensemble methods are widely used in computer-
integrated systems for oil and gas production because they
are relatively easy to implement and provide stable results
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even when the data are noisy or incomplete. They are also
suitable for real-time decision support systems if the
number of models is limited.

Sampling-based methods estimate uncertainty by
generating  multiple  predictions  using  random
perturbations of model parameters or input data. One of the
commonly used approaches is Monte Carlo sampling.

Let the model output depend on uncertain parameters 6

y=fx0). @7)
Random samples of parameters are generated
0" ~p(),k=1,..,N. (28)
Predictions are computed as
y® = f(x,00). (29)

The mean and variance of predictions are used as
uncertainty estimates

N N
y=2 2%, (30)

2 _ 1N ot Dz
ot=i). W -y (31)
Monte Carlo methods are often used together with
reservoir simulation and probabilistic forecasting models
in computer-integrated systems for oil and gas production.
Their main limitation is high computational cost.

Neural networks can be extended to provide
uncertainty estimates by introducing stochastic elements
during prediction. One of the widely used approaches is
Monte Carlo Dropout [7].

During prediction, dropout is applied multiple times

y® = f e, w), (32)

where W (k) are randomly masked weights.
The predictive mean and variance are computed as

(33)
(34)
Such methods are suitable for complex nonlinear

dependencies typical for technological system data, but
they require careful tuning and may be computationally

expensive.
In decision support systems, it is important not only to
predict values but also to estimate confidence

intervals [10].
If the model predicts distribution parameters

y~N(uo?). (35)
Confidence interval can be written as
y € [u—ko,u+ kol. (36)

Calibration methods adjust predicted uncertainty so
that it corresponds to real prediction errors. This is
important for decision support systems where incorrect
confidence estimates may lead to wrong control actions.

When uncertainty quantification methods are used in
digital oilfield decision support systems, additional
requirements must be considered:

- ability to work with heterogeneous sensor data,

- robustness to missing measurements,

Vol 4, No 1, Paper 01014, pp. 1-10 (2026)

- compatibility with simulation models,

- real-time operation,

- interpretability for operators,

- stability under changing operating conditions.

Therefore, the choice of uncertainty quantification
method should be based not only on theoretical accuracy
but also on the constraints imposed by oilfield data and
computer-integrated monitoring and control systems.

V. REQUIREMENTS FOR UNCERTAINTY
QUANTIFICATION METHODS IN DIGITAL OILFIELD
DECISION SUPPORT SYSTEMS

Intelligent decision support systems wused in
computer-integrated systems for oil and gas production
operate under conditions that differ significantly from
standard machine learning applications. The data
processing algorithms must satisfy strict requirements
related to reliability, real-time operation, and robustness
to incomplete or noisy data. Therefore, the selection of
uncertainty quantification methods cannot be based only
on prediction accuracy. It is necessary to consider the
constraints imposed by the oil and gas domain and by
computer-integrated monitoring and control systems.

One of the main requirements is the ability to operate
with heterogeneous data sources. Information may be
obtained from downhole sensors, surface equipment,
geological models, reservoir simulators, and historical
databases. These data may have different formats,
sampling rates, and accuracy levels. Therefore,
uncertainty quantification methods must be able to
process multi-source data and provide consistent
estimates even when the input information is incomplete
or partially contradictory.

Another important requirement is robustness to noise
and measurement errors. Sensors used in technological
system conditions operate under high pressure, high
temperature, and mechanical stress, which leads to
significant measurement uncertainty. In addition, some
parameters are obtained indirectly through calculations or
simulation models. For this reason, uncertainty
quantification methods must provide stable results even
when the input data contain random errors or systematic
bias.

Decision support systems for oil and gas production
must also operate in real time or near real time.
Monitoring and control system algorithms should process
incoming data continuously and provide
recommendations without significant delay. This
requirement limits the computational complexity of
uncertainty estimation methods. Algorithms that require
long training time or large numbers of samples may be
difficult to use in operational systems. Therefore, the
selected methods must provide a compromise between
computational cost and accuracy of uncertainty
estimation.

Another important requirement is interpretability of
results. In oilfield applications, the output of the decision
support system is often used by operators or engineers
who must understand the reliability of the prediction
before  taking action.  Therefore, uncertainty
quantification methods should provide results in a form
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that can be easily interpreted, such as confidence
intervals, probability distributions, or risk indicators.
Black-box models without reliability estimates are not
suitable for critical decision-making tasks.

Computer-integrated decision support systems must
also be compatible with physical and simulation models.
Many operational decisions are based on reservoir
simulation, production models, or engineering
calculations. Machine learning algorithms should be able
to work together with these models and take into account
their uncertainty. Therefore, uncertainty quantification
methods must support integration with simulation-based
predictions and allow combining data-driven and
physics-based approaches.

Another requirement is stability under changing
operating conditions. Oil and gas production processes
are non-stationary, and the statistical properties of data
may change over time due to equipment wear, reservoir
depletion, or changes in operating mode. Uncertainty
estimation methods must remain reliable even when the
distribution of input data changes. This requirement is
especially important for long-term monitoring systems.

For intelligent decision support systems, it is also
important to estimate not only the predicted value but also
the confidence of the prediction. Let the model output be
represented as

where y is predicted value, A is uncertainty estimate.

For reliable decision making, the uncertainty estimate
must correspond to the real prediction error. This
requirement can be expressed as

Ply—yl<8) ~a (39)

where « is the required confidence level.

Such formulation allows evaluating whether the
uncertainty quantification method provides calibrated
predictions suitable for decision support systems.

Taking into account the considered constraints,
uncertainty quantification methods for information-
control systems in oil and gas production must satisfy the
following criteria:

- robustness to noisy and incomplete data;

- ability to process heterogeneous information;

- low computational complexity for real-time
operation;

- interpretability of uncertainty estimates;

- compatibility with simulation and physical

models;
stability under non-stationary conditions;
ability to provide calibrated confidence intervals.
The analysis of machine learning methods from the
standpoint of these requirements allows selecting the most
suitable approaches for intelligent decision support
systems.

VI. SELECTION OF UNCERTAINTY QUANTIFICATION
METHODS FOR COMPUTER-INTEGRATED DECISION
SUPPORT SYSTEMS

The selection of uncertainty quantification methods
for intelligent decision support systems used in computer-
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integrated systems should be based on the specific
requirements of technological object data processing,
real-time operation, and reliability of predictions.
Different methods considered in the previous sections
have different computational complexity, robustness, and
applicability to heterogeneous data sources. Therefore,
their suitability for oil and gas production applications
must be analyzed taking into account the constraints
imposed by monitoring, forecasting, and production
process control systems.

Bayesian methods provide a theoretically correct
framework for uncertainty estimation and allow
combining measurement data with prior knowledge and
simulation models. This makes them suitable for
reservoir characterization and long-term forecasting
tasks. However, Bayesian approaches often require
significant computational resources due to the need to
evaluate posterior distributions, which limits their use in
real-time control systems.

Ensemble methods are widely used in practical
applications because they provide stable uncertainty
estimates and can work with noisy and incomplete data.
They are relatively easy to implement and can be applied
to different types of machine learning models. Ensemble
approaches are suitable for many tasks in computer-

integrated  systems, including production process
forecasting, anomaly detection, and equipment
diagnostics. Their main limitation is the increased

computational cost when a large number of models is used.

Sampling-based methods, including Monte Carlo
techniques, allow estimating uncertainty for complex
nonlinear models and simulation-based predictions.
These methods are often used together with reservoir
simulators and probabilistic production models.
However, they require multiple evaluations of the model,
which may be computationally expensive. For this
reason, such methods are more suitable for offline
analysis or decision support systems that do not require
strict real-time performance.

Probabilistic neural networks and Monte Carlo
Dropout methods allow estimating uncertainty in deep
learning models and are suitable for complex nonlinear
dependencies typical for technological system data.
These methods can be used in tasks such as pattern
recognition, anomaly detection, and prediction of
production parameters. However, they require careful
tuning and may be sensitive to the amount of training
data, which is often limited in oil and gas applications.

Calibration methods are important for information-
control systems because they allow adjusting uncertainty
estimates so that predicted confidence intervals
correspond to real prediction errors. This property is
critical in operational decision making, where incorrect
confidence estimation may lead to wrong control actions.
Calibration techniques can be combined with different
machine learning models and are suitable for monitoring
systems and control systems.

Taking into account the requirements formulated in
the previous sections, the applicability of uncertainty
quantification methods for computer-integrated decision
support systems can be summarized in Table 1.
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TABLE 1. Applicability of uncertainty quantification methods for decision support systems in computer-integrated systems for oil and

gas production.

. Suitable for
Method Accuracy Computational .Real- RObl{St to simulation Interpretability Recommepded
cost time use  noise application
models
Bayesian High High Limited High Yes High Reservoir modeling,
methods forecasting
Ensemble High Medium Yes High Yes Medium Monitoring,
methods prediction,
diagnostics
Monte Carlo High High Limited High Yes Medium Simulation, offline
methods analysis
MC Dropout/ Medium— Medium Possible Medium Limited Low—Medium Pattern recognition,
probabilistic NN High prediction
Calibration Medium Low Yes Medium Yes High Decision support,
methods control systems

The analysis shows that no single method satisfies all
requirements of computer-integrated decision support
systems. Bayesian and Monte Carlo approaches provide
the most accurate uncertainty estimation but may be too
computationally expensive for real-time control system
operation. For computer-integrated oil and gas production
systems operating under strict latency constraints,
ensemble methods demonstrate practical superiority over
Bayesian approaches. Although Bayesian models provide
more theoretically rigorous uncertainty estimates, their
computational overhead limits operational deployment in
real-time monitoring environments. Therefore, ensemble-
based architectures should be considered the baseline
solution for field-level decision support systems.

For intelligent decision support systems of computer-
integrated systems, the most effective approach is often a
combination of several methods. For example, ensemble
models may be used for prediction, while calibration
techniques are applied to adjust confidence intervals, and
simulation-based methods are used for long-term
forecasting. Such hybrid approaches allow improving
reliability of decisions under conditions of uncertain and
incomplete data. The selection of the appropriate hybrid
configuration follows Algorithm 1 (Fig. 1).

Algorithm 1. Selection of uncertainty quantification method
for an intelligent decision support system of a computer-
integrated system

Input: D_char =
stationarity, noise_level);
B = (T_max, memory_limit);
A req = (output type,
real_time_flag, interpretability need)
Output: Selected UQ method M_UQ, configuration
parameters P_config

(N_samples, N_features,

coverage level o,

Step 1. Determine the uncertainty type profile.

1.1. Known sensor accuracy classes — flag
measurement uncertainty as quantifiable.

1.2. N_samples < 500 or out-of-distribution regime
— flag high epistemic uncertainty.
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1.3. Stochastic production process (multiphase flow)
— flag high aleatoric uncertainty.

1.4. Both flags raised — require uncertainty
decomposition capability.

Step 2. Evaluate computational feasibility.

2.1. real time flag = TRUE and T max <1s —
class := ‘lightweight’.

2.2. T_max € [1 s, 60 s] — class := ‘moderate’.

2.3. T _max >60s — class := ‘unrestricted’.

Step 3. Select the UQ method:

3.1. IF lightweight AND coverage guarantee —
M_UQ := Split Conformal;

P_config := {a, cal fraction=0.2}.

3.2. IF lightweight, no decomposition — M_UQ =
MC Dropout;
P_config := {T=10, dropout=0.1}.

3.3. IF moderate AND decomposition required —
M_UQ := Deep Ensemble (PPM-UD);

P_config := {M=5, NLL_loss=TRUE}.

3.4. IF unrestricted, full posterior— M UQ :=

Bayesian NN (VI);
P_config := {prior=N(0,1), KL=1/N}.

Step 4. Apply calibration verification.

4.1. Compute ECE on calibration set D_cal.

4.2. IF ECE > 0.05 — apply post-hoc recalibration
(temperature scaling or isotonic regression).

Step 5. Validate integration with CIS.

5.1. Verify M_UQ output compatible with DSS
reasoning engine R.

5.2. Verify inference latency < T max on target
hardware.

5.3. IF fails — return to Step 3, select next best
method.

Step 6. Return (M_UQ, P_config).
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FIG.1. Decision framework for selecting uncertainty
quantification methods for intelligent decision support systems of
computer-integrated oil and gas production.

When designing computer-integrated decision support
systems for digital oilfields, the choice of uncertainty
quantification method should be based on the following
factors:

- required prediction accuracy;

- available computational resources;

- need for real-time operation;

- amount and quality of training data;

- necessity of integration with simulation models;

- required level of interpretability.

Considering these factors allows selecting uncertainty
quantification methods that provide reliable operation of
intelligent decision support systems in digital oilfield
environments.

Unlike existing comparative reviews that mainly
provide qualitative  descriptions of  uncertainty
quantification approaches, the proposed selection
algorithm introduces a structured decision framework that
explicitly  incorporates operational constraints  of
computer-integrated oilfield systems, including latency
requirements, interpretability demands, and uncertainty
decomposition capability.

VII. DISCUSSION

The performed analysis shows that uncertainty
quantification is a critical component of intelligent
decision support systems of computer-integrated systems
for oil and gas production. Unlike many standard machine
learning applications, data of technological objects are
characterized by heterogeneity, measurement errors,
incomplete information, and strong dependence on
complex physical processes. These features impose
additional constraints on data processing algorithms and
require the use of special methods that allow estimating the
reliability of predictions.

The comparison of different uncertainty quantification
approaches demonstrates that no universal method can
satisfy all requirements of information-control systems for
oil and gas. Bayesian methods provide the most rigorous
probabilistic interpretation of uncertainty, but their
computational complexity may limit their use in real-time
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control systems. Ensemble methods offer a good
compromise between accuracy and computational cost and
can be applied in monitoring systems, forecasting, and
diagnostics tasks. Sampling-based approaches, including
Monte Carlo methods, are suitable for simulation-based
analysis and reservoir modeling, but they may be too
expensive for operational decision support systems.

Neural network-based approaches with uncertainty
estimation, such as Monte Carlo Dropout and probabilistic
neural networks, are effective for modeling complex
nonlinear dependencies typical for oil and gas production
data [4, 7]. However, their performance strongly depends
on the availability of training data and correct model
configuration. In practical applications, these methods
should be combined with calibration techniques that allow
adjusting uncertainty estimates to real prediction errors.

An important feature of computer-integrated systems
for oil and gas production is the need to integrate machine
learning models with physical and simulation models.
Reservoir simulators, production process models, and
engineering calculations are widely used in the oil and gas
industry, and uncertainty in these models must also be
taken into account [6,11,13]. Therefore, the most
effective solutions are hybrid approaches that combine
data-driven methods with physics-based modeling.

Another important aspect is the requirement for
interpretability of results in the decision support system. In
operational conditions, decisions are often made by
engineers or operators who must understand the reliability
of the predicted values. For this reason, uncertainty
quantification methods should provide confidence
intervals, probability distributions, or risk indicators that
can be used in decision making. Methods that do not
provide interpretable uncertainty estimates are not suitable
for critical applications.

The results of this study confirm that the selection of
uncertainty quantification methods for intelligent decision
support systems in computer-integrated systems for oil and
gas production should be performed taking into account the
specific  features of technological object data,
computational constraints, and the need for reliable
operation under uncertain and incomplete information. The
proposed analysis can be used as a basis for the
development of computer-integrated monitoring and
decision support systems for technological systems in oil
and gas production.

A significant limitation of current uncertainty
quantification approaches is their insufficient adaptation to
concept drift caused by long-term reservoir depletion and
changing operational regimes. This issue remains
underexplored in existing studies and requires dedicated
investigation.

VIIl. CONCLUSION

Intelligent decision support systems play an important
role in computer-integrated systems for oil and gas
production, where large volumes of heterogeneous data are
used for monitoring, forecasting, and control of
technological processes. One of the main problems in such
systems is the presence of uncertainty caused by
measurement errors, incomplete information, model
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inaccuracies, and variability of geological and production
process conditions. Without proper uncertainty estimation,
the reliability of predictions decreases, which may lead to
incorrect decisions and increased operational risks.

In this paper, modern methods for uncertainty
quantification used in machine learning and probabilistic
modeling have been analyzed from the standpoint of their
applicability in intelligent decision support systems of
information-control systems for oil and gas production.
The main types of uncertainty — aleatoric, epistemic,
measurement, and model uncertainty — have been
considered and their influence on the performance of
decision support systems discussed.

The specific features of oil and gas production-related
data have been analyzed, including heterogeneity of
information sources, presence of noise and missing values,
limited availability of measurements, dependence on
physical models, and requirements for real-time operation.
These factors impose strict constraints on uncertainty
quantification methods used in computer-integrated
monitoring and control systems.

A comparative analysis of Bayesian, ensemble,
sampling-based, neural network, and calibration methods
has been performed. Based on the performed analysis, deep
ensemble models combined with post-hoc calibration
appear to be the most practically justified uncertainty
quantification strategy for intelligent decision support
systems in digital oilfields due to their balance between
predictive reliability, computational feasibility, and
robustness to heterogeneous industrial data.

It has been shown that the most effective solution for
oil and gas production applications is the use of hybrid
approaches that combine several uncertainty quantification
methods and allow integrating machine learning models
with physical and simulation models. Such approaches
provide more reliable operation of intelligent decision
support systems under conditions of incomplete and
uncertain data.

The scientific novelty of the obtained results consists in
the systematization of uncertainty quantification methods
from the standpoint of their applicability in intelligent
decision support systems for oil and gas production and in
the analysis of constraints imposed by oil and gas data on
machine learning algorithms and predictive models.

The practical significance of the work lies in the
possibility of using the proposed recommendations when
developing computer-integrated systems for monitoring,
diagnostics, forecasting, and decision support in
technological systems for oil and gas production operating
under uncertain and incomplete data conditions.

Further research may be related to the development of
hybrid uncertainty estimation methods adapted to real-time
decision support systems and to the integration of machine
learning algorithms with reservoir simulation models and
industrial monitoring platforms.
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MeToAau KinbKiCHOI OLiHKM HEBU3HAUYEHOCTI AaHUX ANA
IHTeNIeKTyaNIbHOI NiATPUMKU-NPUNHATTA PilLEeHb Y
KOMMN'IOTEePHO-iHTErpoOBaHUX CUCTEMAX
Ha¢pTOrazosngobyTKy

Amutpo Kuumen!, Onena MoiiceeHko?"

1IBaHO-®paHKIBCbKMI HaLiOHANbHWIA TEXHIYHWIA yHiBEpCUTET HadTy i rasy, IBaHO-PpaHKiBCbK, YKpaiHa
2 Kadeapa Komn'toTepHMX cucTeM | Mepex/ 1BaHO-PPpaHKiBCbKUI HaLOHAIbHMI TEXHIYHWI YHiBEpcMTET HadTH i rasy, IBaHo-OpaHKiBCbK, YKpaiHa

*ABTOp-KOpecnoHAeHT (EnekTpoHHa agpeca: olena.moiseienko@nung.edu.ua)

AHOTALLIA CyyacHi Komn'toTepHOo-iHTerpoBaHi cMcTemun BUAOBYTKY HAadTU i rasy LUMPOKO BUKOPUCTOBYIOTb iHTENEKTYasIbHi
CUCTEMU MIATPUMKM NPUMHATTA pilleHb AN MOHITOPUHIY, MPOrHO3YBaHHA, AIarHOCTUKM Ta KepyBaHHS TEXHO/IOMYHMMMU
npouecamu. EpekTMBHICTb GYHKLOHYBaHHA TaKMX CUCTEM 3HAYHOM MiPOHO 3a/1EXKUTb Bif, [OCTOBIPHOCTI Ta MOBHOTM BXigHUX
LaHUX, AKi YaCTO XapaKTepPU3yTbCA HAABHICTIO MOXMOOK BUMIpIOBAHb, WYMY, MPONYLLEHUX 3HAaYEHb, HETOYHOCTEN MOAeNei
Ta MiHUBICTIO reONOTIYHUX | BAPOOHMUMX YMOB. 3@ TaKMX 06CTaBMH Ki/lbKiCHa OLiHKa HEBU3HAYEHOCTi € KPUTUYHO BaXKIMBUM
KOMMNOHEHTOM A/1A 3a6e3neyeHHA HaZiMHOCTI NPOrHO3HUX MoAenen Ta NiATPUMKM OBrPYHTOBAHOIO MPUUHATTA pilleHb Y
LuMbpoBUX HapTOrazoBux cuctemax. MeTor pobOTM € aHani3 i cucTemaTmsalis Cy4aCHUX METOAIB KiNIbKICHOT OUiHKK
HEeBW3HAYeHOCTi JaHUX, LLO BUKOPUCTOBYIOTLCA B iHTE/NIEKTYaIbHUX CUCTEMAX NIATPUMKN NPUAHATTA pilleHb KOMN'IoTEPHO-
iHTErpoBaHux cuctem BUA0OYTKY HadTK i rasy, a TaKOXK BM3HAYEHHA X MPMAATHOCTI ANA pPobOTM B yMOBAX HEMoBHOI Ta
HeBM3HayeHoi iHbopmaUii. Y AocniaskeHHi po3raaHyTo cneundiyHi 0cobaMBOCTI TEXHOMOTIYHMX AaHMX HAadTOra3oBoi ranysi,
30Kpema: HeoAHOPIAHICTb AKepen iHpopmaLii, HeNiHIMHMI XapaKTep NpoLeciB, HEBU3HAYEHICTb BUMIPIOBaHb Ta BUMOTU A0
JYHKLiOHYBAaHHA B peXuMi peasbHOro 4vacy. Y craTTi ¢opmanisoBaHO 3a4audy KiNbKiCHOI OLiHKM HEeBW3HAYeHOCTi B
iHTEeNIeKTyaNlbHUX CUCTEMaAX NiATPUMKM MPUAHATTA pilleHb Ta NPOaHaNi30BaHO OCHOBHI TUMW HEBU3HAYEHOCTI, L0 BMN/IMBaOTh
Ha TEXHOJIOFYHI CUCTeMM, a came: aNeaTopHy, enicTemiyHy, BUMIpIOBaNbHY, MOAENbHY Ta NapaMeTpuUyHy HeBU3HaAYeHICTb
CUMYNALINHUX Moaenei. MpoBeseHO NOPIBHANbHUIA aHani3 H6aeciBCbKMX NiaxoAais, aHcambaieBuUx meToais, metosis MoHTe-
Kapno, MMOBIpHICHUX HEMPOHHUX MepeX i MeToAiB KanibpyBaHHA 3 NO3ULIN 064MCNOBaNbHOT edEeKTUBHOCTI, CTIMKOCTI A0
LIYMOBMX i HEMOBHUX OAHWX, IHTEPNPETOBaHOCTI pe3y/bTaTiB Ta CYMiCHOCTI 3 MPOMMUCIOBUMWU CUCTEMAMU MOHITOPUHTY 1
KepyBaHHA. OTpMMaHi pe3ynbTaTv NOKasasau, WO KOAEH OKPEMUA MeToA He 33[0BOJIbHAE MOBHOK MipOk BCi BUMOTU
KOMN'OTEPHO-IHTErPOBAHUX CUCTEM BUA006YTKY HadTH i rasy. BcTaHOB/IEHO, Lo aHCambaeBi meToam 3abe3neyytoTb HalbinbL
36as1aHCcOBaHe CMiBBIAHOLWEHHA MiXK TOYHICTIO OLiHIOBaHHA, 06UYNC/HOBA/IbHOI CKAAAHICTIO Ta MOXK/ANBICTIO BUKOPUCTAHHSA B
onepaTUBHUX cUCTEMAX NIATPUMKM NMPUIMHATTA pilleHb, ToAi AK baeciBcbki meToam Ta metogn MoHTe-Kapno € gouinbHumm
ONA 33434 MOZEeNtoBaHHA NAACTIB | JOBrOCTPOKOBOIO NPOrHO3yBaHHA. 3aNpPoNoOHOBAHO Niaxig, 40 BUOOPY MeToAiB KiNbKiCHOI
OLHKM HEBWU3HAYEHOCTi 3aNeXHO BifJ, XapaKTEPUCTUK AaHWX Ta onepauimHUX obmerkeHb cucTtemu. lNpakTUYHE 3HaAYeHHsA
pob0TM NONATAE Y MOXKIMBOCTI BUKOPUCTAHHA OTPMMAHMUX peKoMeHAaLi Nnig Yac po3pobieHHA KOMN'ITEPHO-IHTErpOBaHMX
CMUCTEM MOHITOPUHTY, AiarHOCTUKM, MPOTrHO3YBaHHA Ta MNiATPMMKU NPUAHATTA pilleHb 419 TEXHONOTIYHUX 06’ eKTiB BUAOOYTKY
HadTK i rasy B ymoBax HEBM3HAYEHMX i HEMOBHUX AAHUX.

K/TKOYOBI C/IOBA KinbKicHa OLiHKa HEBU3HAY€HOCTi, iIHTeNIeKTya/ibHa CMCTeMA NiATPUMKMN MPUMAHATTA PilleHb, KOMN'IOTEPHO-
iHTEerpoBaHa cMCTemMa, MalMHHE HaBYaHHA, MPOrHOCTUYHA HEBU3HAYEHICTb.

@ @ This article is licensed under a Creative Commons Attribution 4.0 International License.
To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
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