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INVESTIGATION OF THE ACCURACY OF UNDERGROUND CONTROL
SURVEYING NETWORKS THROUGH THE APPLICATION OF NEURAL
NETWORK MODELING

Purpose. To evaluate the accuracy of an underground mine surveying control network (UMSCN) by applying
neural network modeling and adaptive estimation of the position of the most distant traverse point. To conduct an
analysis of methods for estimating the root mean square errors of point positions.

Methodology. Application of deep learning techniques, specifically Conditional Tabular Generative Adver-
sarial Networks (CTGAN), to generate extended synthetic geodetic datasets for evaluating the accuracy of under-
ground mine surveying control networks (UMSCNs). The study also includes an analysis of regulatory frame-
works alongside both international and national scientific literature on assessing the accuracy and reliability of
mine surveying and geodetic networks using artificial intelligence approaches, such as neural network modeling
and adaptive estimation.

Findings. The use of neural network modeling and adaptive estimation enables a quantitative assessment of
the accuracy of an underground mine surveying control network (UMSCN) by modeling the angular and linear
root mean square errors (RMSE). This has a direct impact on the RMSE of the position of the farthest point
within the UMSCN and reflects the convergence of the network’s variance under the adaptive protocol. As the
level of uncertainty nears the Safety Constraint Layer, the system indicates that additional gyroscopic measure-
ments are required — data that cannot be derived through analytical approaches or handled using standard
spreadsheet tools.

Originality. For the first time, it is proposed to assess the accuracy of a designed underground mine surveying
control network (UMSCN) using modern artificial intelligence technologies. The assessment outcomes were exam-
ined in line with regulatory standards, applying both analytical techniques and modeling methods. The positional
errors of the most distant point, No. 15, were calculated in accordance with the defined tolerance. Furthermore, the
root mean square error (RMSE) of the measurements was determined, under which the required condition is met.
The RMSE of the position of the most distant traverse point should not exceed 0.3 mm on the plan, which corre-
sponds to 0.6 m for plans at a 1:2,000 scale in coal mines.

Practical value. The accuracy of the underground mine surveying control network (UMSCN) was evaluated us-
ing neural network modeling and adaptive estimation. As a result, a displacement of the farthest point in the net-
work was detected, and the probability of failure-free operation of the UMSCN was estimated at 71 %. The pro-
posed approach improves the reliability of accuracy predictions for surveying networks at both the design and op-
erational stages. The use of neural network methods allows for optimization of field measurement volumes, timely
identification of critical zones with increased uncertainty, and justification for additional observations (including
gyroscopic measurements). The results can be used to automate quality control processes for mine surveying, re-
duce operational risks in mining conditions, and enhance the safety of operations in coal mines. The proposed
methodology is also suitable for integration into modern geographic information and mine surveying decision-
support systems.
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Introduction. Underground mine surveying control
networks (UMSCNs) are used in many key areas of
mining and engineering activities, in particular:

1. To support mining operations and ensure the pre-
cise setting-out of design solutions in the field, including
the development of mine workings such as chambers,
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drifts, crosscuts, and shafts, as well as monitoring their
spatial positions.

2. To properly orient underground workings in plan
and elevation, and to accurately connect workings de-
veloped from different directions or horizons.

3. For monitoring rock mass movements, ground
subsidence, and deformations of mine workings and un-
derground structures.
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4. To serve as a basis for controlling hazardous zones,
boundary contours of mining operations, protective pil-
lars, and preventing inflows of water, gas, or adjacent
workings.

5. To provide accurate determination of geometric
parameters of deposits, and volumes of extracted and
remaining mineral resources.

6. Intended for application during the construction
and operation of underground facilities, including
mines, tunnels, subways, underground storage systems,
and utility networks.

7. To maintain the connection between surface and
underground geodetic networks, which is critical for the
consistency of all measurements.

8. For long-term monitoring of the condition of un-
derground workings, engineering structures, and equip-
ment during operation.

Thus, UMSCNs serve as the foundation for ensuring
safe and efficient mining operations, accurate transfer of
design solutions into the underground space, monitor-
ing of deformations and rock mass movements, and
compliance with regulatory requirements. Insufficient
accuracy or instability of the network’s positions can
lead to the accumulation of measurement errors, opera-
tional mistakes, and a reduction in the safety level of
underground activities.

The accuracy and reliability of an underground mine
surveying control network (UMSCN) may be affected
by a range of technical, geological, operational, and hu-
man factors, including:

1. Deformation of the rock mass: movements and
subsidence occurring during mining operations lead to
changes in the spatial positions of UMSCN points.

2. Damage or destruction of network points as a re-
sult of blasting, collapses, machinery movement, corro-
sion of supports, or flooding of workings.

3. Accumulation of measurement errors. Repeated
network expansion and the execution of traverse sur-
veys result in the accumulation of systematic and ran-
dom errors.

4. Non-compliance with measurement procedures.
Violations of surveying protocols, inaccurate instrument
centering, improper orientation, and failure to follow
regulations reduce network accuracy.

5. Adverse underground conditions. High humidity,
dust, temperature fluctuations, limited visibility, and
poor ventilation negatively affect measurement accuracy
and the stability of network points.

6. Wear or obsolescence of instruments. Using equip-
ment with insufficient metrological characteristics or
without timely calibration reduces the reliability of results.

7. Human factor. Operator errors, insufficient per-
sonnel qualifications, or inattention during field and of-
fice work can distort results.

8. Insufficient network control and monitoring. Lack
of regular inspections, repeat measurements, and analy-
sis of point conditions leads to delayed detection of ac-
curacy loss.

9. Failure to account for changes in mining-geologi-
cal conditions. Changes in mine development plans,
work depth, or mining stress without corresponding ad-
justments to the UMSCN reduce its reliability.

Together, these factors emphasize the necessity for
continuous monitoring of UMSCN accuracy and reli-

ability, as well as the use of advanced analytical meth-
ods, particularly neural network modeling and adaptive
estimation.

Unsolved aspects of the problem. During the estab-
lishment of underground mine surveying control net-
works (UMSCNSs), the requirements of current regula-
tory and technical documents are followed, which gov-
ern the procedures for their design, layout, measure-
ments, and accuracy assessment, including:

1. Rules for conducting mine surveying works during
the development of ore and non-ore mineral deposits [1].

2. Safety rules for mining operations in coal mines [2].

3. Mining Law of Ukraine [3].

4. State standards and industry norms in the field of
geodesy and mine surveying [4, 5].

5. Methodical guidelines for the creation and devel-
opment of geodetic and underground mine surveying
networks.

6. Requirements for permissible measurement errors
and the positional accuracy of network points depend-
ing on plan scale and working conditions.

Compliance with regulatory requirements ensures
the necessary accuracy, reliability, and stability of the
underground mine surveying control network (UM-
SCN), as well as the safe and efficient conduct of min-
ing operations.

Underground mine surveying networks serve as the ba-
sis for surveying mine workings and are formed from the-
odolite traverses that rely on control network points. This
highlights the need to assess the reliability of the points in
the underground mine surveying control network.

Literature review. According to the research pro-
gram, the authors H. S. Ishutina and S. V. Biehichev
employed both traditional analytical methods for pre-
liminary accuracy assessment of designed traverse sur-
veys [6, 7] and innovative mine surveying methods —
namely, the Monte Carlo method (MCM) — as well as
modern scientific approaches using adaptive algorithms,
which is the focus of this study.

The MCM for evaluating the accuracy and reliability
of underground mine surveying control network (UM-
SCN) points demonstrated a novel, more reliable, and
sensitive assessment approach compared to traditional
methods. In the search for a method that could validate
previously obtained MCM results and expand the re-
search program toward developing a reliable way to as-
sess UMSCN coordinate accuracy in comparison with
classical and Monte Carlo methods, the authors ana-
lyzed the root mean square errors of point positions us-
ing artificial intelligence (Al) techniques.

Therefore, performing an accuracy assessment of
UMSCN points using modern Al technologies is con-
sidered a highly relevant task. A comparison of these two
methods across various criteria is provided in Table 1.

In recent years, Al has emerged as a key tool for ad-
dressing complex challenges in engineering geodesy and
mine surveying. Al is a vast field that covers areas such as
understanding the nature of intelligence, knowledge
representation, and logical reasoning processes, ulti-
mately enabling the creation of computer programs ca-
pable of exhibiting intelligent behavior, which in turn
has significant practical applications.

Modern applications of AI methodologies in engi-
neering geodesy encompass geodetic data analysis, de-
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Table 1
Comparison of Al with the Monte Carlo method
(MCM)
Characteristics Al MCM
Principle Data-driven Repeated random
learning modeling
Basis Data + Probability +
algorithms statistics
Type of Data-driven Model-driven
approach
Source of Quality and quantity | Number of
accuracy of training data simulations
- ability to detect - transparent
hidden nonlinear mathematical
relationships; interpretation of
- high accuracy with | results;
large amounts of - does not require
data; large experimental
- automation of data sets;
complex processes; |- performs well with
- effective for random errors;
prediction and - easily incorporates
classification,; regulatory tolerances;
" - adaptability (can | - results have
ié;n “learn” over time) | probabilistic
= interpretation
_‘g (confidence intervals,
< probabilities)
- requires large and | - high computational
high-quality datasets; | complexity with a
- difficulty in large number of
explaining results iterations;
(black box); - accuracy depends
- risk of overfitting; | on the correctness of
- - dependence on specified error
EP data structure; distributions;
= - difficult to directly | - does not “learn”
fg link to regulatory from new data;
g requirements - cannot detect
A hidden patterns
Consideration | Indirectly Directly
of random
errors
consideration | Partially Explicitly
of systematic
errors
Probabilistic | Limited Fully
assessment
Interpretability | Low High
Regulatory Limited High
compliance
Working with | Poor Good
small datasets

formation monitoring, navigation, comparison of defor-
mation networks, optimization of complex measure-
ment procedures, and various other areas. The close
connection is explained by the fact that both geodesy in
general and Al largely rely on methods of mathematical
stochastic modeling. Furthermore, modeling the rela-
tionships between variables and parameters is funda-
mental for both disciplines.

Among the existing AI methods, the following can
be highlighted:

1. Symbolic (classical) methods, which include:

- expert systems (operate based on a knowledge base
and “if—then” rules);

- logical inference (propositional and predicate logic;
theorem proving, automated planning).

2. Probabilistic and statistical methods, which deal
with uncertainty and data noise. Among these methods,
the following can be highlighted:

- Bayesian methods (Bayesian networks; Naive Bayes
classifier);

- Markov models (Markov chains; Hidden Markov
models).

3. Machine Learning, which in turn can be divided
into:

- Supervised learning (Linear and Logistic Regres-
sion; Support Vector Machines (SVM); k-Nearest
Neighbors (k-NN); Decision Trees, Random Forest);

- Unsupervised learning (Clustering (k-means, DB-
SCAN); Principal Component Analysis (PCA));

- Reinforcement learning (Q-learning; Deep Rein-
forcement Learning).

4. Neural network methods (Deep Learning):

- Artificial Neural Networks (ANN) (Convolutional
Neural Networks (CNN) and Computer Vision, satel-
lite imagery);

- Recurrent Neural Networks (RNN, LSTM) (time
series, language);

- Transformers (GPT, BERT, Vision Transformer).

5. Evolutionary and bio-inspired methods:

- Genetic algorithms (optimization of complex sys-
tems);

- Swarm algorithms (Particle Swarm Optimization
(PSO); Ant Colony Optimization).

6. Fuzzy Logic, which operates with concepts like “par-
tially true” and is used in controlling technical systems.

7. Hybrid AI methods, which combine multiple ap-
proaches:

- Neural networks + fuzzy logic;

- Machine Learning + statistics;

- Al + Monte Carlo method.

8. Modern directions:

- Explainable AI (XAI);

- AutoML;

- Federated Learning;

- Generative Al (text, images, 3D).

The use of artificial intelligence methods in the Earth
sciences has been explored by both domestic and inter-
national researchers, including Mrowczynska M. [8],
Horb O. 1. [9], Reiterer A. [10], Neuner H. [11, 12],
among others.

Professor Benedikt Soja (Switzerland) develops Al/
ML applications to improve the quality of geodetic ob-
servations and products, such as automatic analysis of
GNSS data and processing of gravimetry [13, 14].

In publication [13], Benedikt Soja emphasizes that
classical statistical methods in geodesy remain impor-
tant but have limitations due to strict assumptions re-
garding distributions and models. Machine learning
methods offer greater flexibility and can efficiently han-
dle large and complex datasets. Al is particularly suitable
for tasks where it is difficult to construct an analytical
model or account for all influencing factors.

The best results are achieved by combining classical
approaches with machine learning rather than fully re-
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placing them. Key considerations remain the interpret-
ability of models, the quality of input data, and the
training of specialists proficient in modern technologies.

Maria Kaselimi (Greece) co-organizes Al research
in geodesy together with Soja, particularly in the context
of machine learning and spatial data analysis [15, 16].

Wenwen Li, Chia-Yu Hsu, and Maosheng Hu [17]
are the authors of a study on deep learning for spatial
object detection within geospatial Al, serving as an ex-
ample of current Al methods in geography, cartography,
and geodesy. Roberto Pierdicca and Marina Paolanti
have worked on Al approaches for processing complex
geodata [ 18, 19].

A comparative characterization of Al methods is
presented in Table 2.

Classical methods for accuracy assessment consider a
geodetic or mine-survey network as a static system, ig-
noring the dynamics of changing external conditions in
real time. Modern scientific approaches to managing
complex systems increasingly rely on adaptive algorithms
[20]. Although the study object in the cited work is traf-
fic, the mathematical framework of dynamic resource
redistribution (in our case — measurement weights) and
the safety constraint layer proposed by the authors, in
accordance with regulatory requirements, is critically
important for implementation in underground mine sur-
veying. Integrating such adaptive protocols allows trans-
forming passive monitoring (error recording) into an ac-
tive risk management system (error prevention).

In [21], the LF-GNSS framework is proposed,
which combines learning and filtering based on deep
neural networks. It is designed to enhance the reliability
of satellite positioning in challenging urban environ-
ments. The approach leverages deep learning capabili-
ties to analyze satellite signals in real time and adaptive-
ly form the observation noise covariance matrix. Inno-
vative vectors for the Kalman filter were also adjusted,
effectively reducing the impact of multipath effects and
non-line-of-sight (NLOS) signals.

Additionally, a new feature representation method —
DPC — was introduced, providing more accurate as-
sessment of the quality of individual satellite signals and
improving the measurement weighting procedure. The
use of a dynamic Hard Example Mining strategy allows
the model training to be more efficient by focusing on
the most challenging signals.

The results of ablation studies confirm the significant
contribution of both the DPC features and the HEM
method to the overall improvement of system perfor-
mance. The authors conducted experiments on both

Table 2
Al methods
Methods Key idea Example
Symbolic (classical) Logic Expert systems
Probabilistic and Probability Bayesian networks

statistical
Machine learning

Data-driven Classification

learning
Deep Learning Deep networks | Computer vision
Evolutionary and Optimization | Optimization
bio-inspired methods |search
Fuzzy logic Partial truth Control

public and proprietary datasets, which demonstrated
that the LF-GNSS approach provides higher position-
ing accuracy compared to both traditional methods and
contemporary deep learning—based solutions.

The aim of the study [22] was to evaluate the perfor-
mance of machine learning algorithms (GBM, Light-
GBM, RF, XGBoost) in determining horizontal veloc-
ity based on GNSS velocity fields in Turkey. Seventy
percent of the data were used for training and 30 % for
testing. Special attention was given to accounting for
tectonic structures: clustering was performed according
to tectonic plates, and the algorithms were trained on
the corresponding subsets of data. The results showed
that considering tectonics improved prediction accura-
cy: GBM demonstrated a reduction in root mean square
error, while RF exhibited the lowest error among all al-
gorithms (with a maximum deviation from the reference
field of 0.4 mm/year).

In the study [23], machine learning methods (XG-
Boost, LSTM) were applied for the analysis of GNSS
time series, enabling the automatic detection of disconti-
nuities and geodynamic changes, thereby improving the
accuracy of GNSS data monitoring and interpretation.

This study focuses on the use of machine learning
algorithms to improve the analysis of GNSS time series
in geophysics and geodesy. Machine learning methods
were applied, utilizing XGBoost and LSTM models on
data from the tectonically active Anatolia region to de-
tect discontinuities associated with earthquakes.

The authors of publication [22] demonstrated how
machine learning algorithms (Gradient Boosting, Ran-
dom Forest, XGBoost) can accurately estimate hori-
zontal velocities of GNSS networks, optimizing predic-
tions based on the tectonic structure of the region. This
significantly impacts the precision of motion assessment
in geodetic networks.

In publication [24], the author concluded that the
use of artificial intelligence in geodesy significantly im-
proves measurement accuracy and accelerates the data
collection process. Intelligent technologies can auto-
matically process large volumes of geospatial informa-
tion, reduce errors, and adapt to changing conditions
during operations.

The integration of unmanned aerial vehicles and
geographic information systems with Al enables auto-
mation not only of data collection but also of data analy-
sis. This significantly reduces the time required for geo-
detic tasks and enhances the efficiency of monitoring
territories.

The use of intelligent solutions reduces the impact of
the human factor, contributing to greater reliability of
the obtained results. Machine learning algorithms, lever-
aging accumulated data, continuously improve, increas-
ing accuracy and decreasing the likelihood of errors.

Despite numerous advantages, the implementation
of artificial intelligence in geodetic measurements is ac-
companied by certain challenges. Primarily, these in-
clude significant costs for equipment and software. Full
operation of Al-based systems requires powerful com-
putational resources and specialized programs, which
may be financially inaccessible for small companies or
individual specialists.

Another challenge is the insufficient level of per-
sonnel training. Working with Al technologies re-
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quires not only knowledge in geodesy but also skills in
programming and handling large datasets. Training
such specialists demands significant time and addi-
tional resources.

The classical approach to geodetic data analysis is
usually aimed at determining distribution parameters, in
particular the mean and variance, based on measure-
ments that contain uncertainty due to environmental
influences and instrument noise. Traditional methods,
focused on analytical solutions, often require strict ini-
tial assumptions regarding the problem setup and the
type of probability distributions, which limits their ef-
fectiveness in practical situations where regression un-
der Gaussian noise conditions does not apply.

In contrast, machine learning methods are charac-
terized by greater flexibility regarding the structure of
input data and the form of outputs, and they allow the
use of non-parametric stochastic models. At the same
time, this requires employing numerical approaches in-
stead of analytical solutions. In [25], the common fea-
tures of geodetic data analysis and machine learning are
explored, and examples are provided of applying both
supervised and unsupervised learning algorithms to
tasks such as optimal estimation, signal separation, risk
assessment, and the development of measurement strat-
egies, which are typical in geodetic practice.

Mining geomechanics has a number of characteris-
tics that complicate the application of artificial intelli-
gence methods, big data analysis, predictive analytics,
and machine learning. The main reason is that effective
use of these technologies in geotechnical engineering
requires the integration of four-dimensional data (x, y,
z, 1), which in itself is a complex task.

In article [26], an approach and software environ-
ment are presented that address the problem of 4D inte-
gration, providing a foundation for the systematic ap-
plication of Al and machine learning algorithms. The
proposed system combines heterogeneous data — both
structured and unstructured — including information
from boreholes, geological and geophysical data, rock
properties, geotechnical parameters, production indica-
tors, equipment data, and mine geometry. This ensures
effective integration of information for solving mining
engineering tasks using machine learning.

The system operates based on the use of a three-di-
mensional Earth model and a four-dimensional mine
model, to which various data sets are linked. Depending
on the type of information, it undergoes interpolation,
scaling, or other processing to ensure consistency of pa-
rameters in space and time — a key requirement for the
operation of analytical algorithms. In addition, the sys-
tem allows storing and linking documents with data and
the results of their interpretation, creating the necessary
information environment for implementing Al-based
solutions. The work also outlines the principles of sys-
tem design, taking into account the specific tasks of the
mining industry.

In the study [27], the authors developed an automat-
ed system (Geoscience INTEGRATOR) for real-time
assessment of geological hazards in underground mines.
This system is based on 4D analysis (space + time) and
integrates heterogeneous data: geological, geophysical,
seismic, geotechnical, and operational. The main out-
comes of the work [27] include:

- development of a system that automatically col-
lects, processes, and analyzes data;

- implementation of integration of 3D/4D mine
models;

- enabling prediction of geological hazards, includ-
ing rock bursts;

- implementation of visualization and automatic re-
port generation;

- the fact that the system is already being applied in
real mining conditions.

The authors concluded that the combination of big
data, 4D modeling, and Al elements enables a shift from
reacting to accidents to predicting and preventing them:

- the use of 4D data integration is key for accurate
risk forecasting;

- automation significantly increases the speed and
reliability of hazard assessment;

- Al and analytical methods help reduce the influ-
ence of the human factor;

- the system has the potential to become a standard
for safety monitoring in mines.

In article [28], the use of machine learning methods
in a complex system for assessing the content of valuable
components is examined. In open-pit mining, sample
analysis data obtained during operational drilling often
allow refinement of geological surfaces that were ini-
tially constructed based on limited exploration informa-
tion. Previously, a Bayesian approach to surface defor-
mation had been proposed, which takes into account
geochemical and spatial constraints derived from new
blast-hole data.

In this work, this approach is enhanced by integrat-
ing machine learning, which allows for a generalized as-
sessment of probabilities. The essence of the method lies
in adjusting the positions of surface nodes to achieve the
best possible alignment between the modeled geological
boundaries and the available geochemical data. Theo-
retically, it is based on a Bayesian model, where the
probability of belonging to a geological domain given a
known chemical composition is used to automate a pro-
cess that previously required manual calibration, as
these probabilities can now be determined using ma-
chine learning algorithms applied to the data.

In this study, this approach is complemented by the
integration of machine learning, enabling a general-
ized process for probability assessment. The essence of
the method lies in adjusting the positions of surface
nodes to achieve the closest possible alignment be-
tween the modeled geological boundaries and the
available geochemical data. Theoretically, it is based
on a Bayesian model, where the probability of belong-
ing to a geological domain, given a known chemical
composition, is used to automate a process that previ-
ously required manual calibration, as these probabili-
ties can now be determined using data-driven machine
learning algorithms.

To assess the effectiveness, various methods were ap-
plied, including gradient boosting, neural networks, and
random forests, in both binary and multiclass classifica-
tion tasks using accuracy and recall metrics. After incor-
porating machine learning models into the surface de-
formation process, the quality of the surface is evaluated
on new data by analyzing the distribution of samples
relative to the adjusted surface.
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Purpose. The aim of this work is to evaluate the ac-
curacy of the underground survey control network
through the application of neural network modeling and
adaptive assessment. A comparative analysis of methods
for evaluating the root mean square errors of point posi-
tions is also to be conducted.

Results. Artificial neural networks (ANNs) are high-
ly flexible tools for modeling, particularly when dealing
with nonlinear relationships between input and output
variables. The universal approximation theorem guar-
antees that any continuous function can be approximat-
ed using this approach. However, certain structural as-
pects of ANN-based models, such as the number of hid-
den neurons or the amount of data required to achieve
good generalization capability, are not specified by the
theorem. Therefore, the problem of model selection re-
mains relevant.

Establishing an underground mine surveying control
network in mining workings is accompanied by a num-
ber of challenges. This is due to operations being con-
ducted under conditions of limited visibility, high dust
load, strong air flows, and confined space caused by the
presence of active equipment and personnel. These fac-
tors complicate precise measurements and monitoring
the stability of network points. Additional challenges in-
clude the limited amount of initial geodetic data and
possible displacement of fixed network points due to
rock deformations and continuous movement of the
mining front. To ensure the accuracy and reliability of
the network, additional control measures are necessary.

Taken together, these factors, combined with the
challenging conditions for performing additional checks
and the limited opportunities to improve point coordi-
nate accuracy, result in significant errors in both angular
and linear measurements. This underscores the need for
specialized methods for monitoring and correcting re-
sults to ensure the reliability of geodetic data.

As an example, consider the underground surveying
reference network (USRN), which, due to the advance-
ment of mining operations at the 818 m horizon of PJSC
“Pokrovske Mine,” requires further development. This
network was used to test the neural network modeling
method and the adaptive preliminary assessment of the
accuracy of the designed polygonometric traverse.

The underground surveying reference network in-
cludes 15 points, with distances between them ranging
from 107 to 147 m. Points 1, 2, and 3 serve as base points
situated in the shaft-adjacent workings of the “VPS-2”
shaft. According to the regulations [1], the primary re-
quirement when designing an underground surveying
reference network is to ensure that the positional error of
the farthest point, No. 15, does not exceed 0.6 m on the
ground for 1:2,000 scale plans, which are standard for
use in coal mines.

During the establishment of the USRN, measure-
ments are subject to both systematic and random errors,
affecting angles, side lengths, and the determination of
the directional angle of the initial traverse side.

Table 3 presents the characteristics of the designed
underground surveying reference network.

According to the results of the preliminary accuracy
assessment using the classical analytical method, the
coordinate error of point 15 of the polygon traverse
amounted to the overall root mean square error (RMSE)

Table 3

Coordinates of USRN points in a local (conditional)
coordinate system

Point numbers of Coordinates of the points
the traverse X, m Y, m
15 1,790 299
14 1,704 192
13 1,659 95
12 1,518 130
11 1,377 167
10 1,238 202
9 1,096 237
8 958 209
7 821 179
6 685 150
5 549 121
4 412 91
3 274 61
2 137 31
1 0 0

of the designed underground mine control network
(USRN), m.

M =+40.19% +0.31% =+0.36,

which does not exceed the permissible value of £0.6 m.

Since the resulting error of +0.36 m is below the
+0.6 m threshold, it can be concluded that the designed
network complies with the requirements of the Rules [1]
and is suitable for practical implementation.

The accuracy of the underground mine surveying
control network was further evaluated using numerical
statistical modeling based on the Monte Carlo method.
Within the MS Excel environment, 3,000 random val-
ues were generated to simulate the possible states of the
network’s farthest point.

Further statistical analysis using 1,000 and 3,000 it-
erations to calculate the RMSE of point No. 15 demon-
strated that repeated modeling of random measurement
errors allows for determining the probabilistic charac-
teristics of the network’s accuracy and confirming its
compliance with regulatory requirements.

Intelligent data augmentation and neural network
modeling. In underground polygonometric traverses,
the number of measurements is often limited, which
complicates statistical analysis. Classical methods, for
example, assuming a normal distribution in Excel, are
often insufficient to accurately capture the complex rela-
tionships between measurement errors.

To enhance the reliability of assessments under lim-
ited sample conditions, which are typical in underground
polygonometric traverses, a hybrid architecture based on
Conditional Tabular GAN (CTGAN) is proposed. This
approach enables the generation of synthetic data while
preserving the statistical properties of the dataset and al-
lows for obtaining more reliable analysis results.

CTGAN is a neural network capable of generating
synthetic data that resemble real data. It does not simply
sample random values from a normal distribution; in-
stead, it learns to reproduce multidimensional relation-
ships between parameters (for example, between angu-
lar and linear misclosures).
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The optimization of the generator’s and discrimina-
tor’s loss functions is carried out using the Wasserstein
distance with a gradient penalty, which ensures stable
generation of synthetic error vectors and prevents mode
collapse.

As a result, it is possible to generate synthetic error
scenarios that account for hidden nonlinear correlations
between different types of misclosures. This is some-
thing that simple spreadsheet tools (such as Excel) can-
not achieve, as they operate only with basic statistical
models.

Within the framework of the study, N = 103 synthetic
scenarios were generated, accounting for hidden non-
linear correlations between angular and linear misclo-
sures of the position of the farthest point, No. 15, in the
UMSCN. The results of the modeling are presented in
the figure.

As illustrated in the diagram (Figure, a), the error
distribution obtained using Al exhibits heavy tails, indi-
cating a higher likelihood of large deviations compared
to the classical normal distribution. This observation in-
dicates a more complex error structure in geodetic net-
works that standard statistical models fail to capture,
and it supports the hypothesis that minimizing entropy
in geodetic networks requires adaptive algorithms capa-
ble of responding to error variations and adjusting the
measurement process accordingly.

The graph (Figure, b) illustrates the convergence of
the network’s variance under the adaptive protocol: as
the uncertainty approaches the Safety Constraint Layer,
the system signals the need to incorporate additional gy-
roscopic measurements. The presented graph demon-
strates how the system automatically responds to in-
creasing uncertainty.

Conclusions. The traditionally recognized analytical
method for the preliminary accuracy assessment of an
underground surveying reference network allows, dur-
ing the design of a USRN, ensuring that the positional
error of the most remote points does not exceed the es-
tablished regulatory tolerances [1]. At the same time,
this approach relies on fixed parameters of the designed
polygonal traverse in its calculations, without account-
ing for the variable values of potential angular and linear
measurement errors, which reduces the reliability of the
analytical method used.

The calculated probability of complying with the al-
lowable root-mean-square error for the most remote
point of the traverse is 71 %, which confirms that the de-
signed network meets the requirements of the regulatory
documents and can be implemented at the enterprise.

Currently, artificial intelligence (Al) is a core tech-
nology in numerous modern innovative applications. It
is used to incorporate knowledge and logic (cognitive
analysis) into systems. The Monte Carlo method is a
classical statistical tool for assessing accuracy and ana-
lyzing the impact of random and systematic errors, pro-
viding a transparent probabilistic interpretation of re-
sults. In contrast, AI methods are focused on processing
large datasets and identifying complex nonlinear rela-
tionships; however, they exhibit reduced interpretability
and limited compliance with regulatory standards. The
Monte Carlo method is appropriate for use when:

- accuracy assessment is required;

- adherence to tolerances and standards is important;
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Fig. Results of neural network modeling and adaptive es-

timation:

a — stochastic error distribution (point 15); b — dynamics of
adaptive optimization

- measurement errors are being modeled;

- a probabilistic interpretation of results is needed.

Al is appropriate when:

- there are large archives of measurement data;

- forecasting or anomaly detection is required;

- the problem is poorly formalized;

- complex spatial or temporal patterns are being ana-
lyzed.

The most promising strategy is to combine them into
hybrid methods. The proposed hybrid architecture
based on Conditional Tabular GAN (CTGAN) enables
the generation of synthetic data while maintaining the
statistical characteristics of the sample and ensures that
the assessment results meet established regulatory re-
quirements.

Optimization of the generator and discriminator loss
functions using the Wasserstein distance with gradient
penalty can be recommended for practical applications
in surveying tasks. This approach ensures stable synthe-
sis of error vectors, which enhances the reliability of ac-
curacy assessment for underground reference networks
and guarantees compliance of the results with regulatory
requirements.

The use of a method for generating synthetic scenar-
ios that accounts for hidden nonlinear correlations be-
tween angular and linear discrepancies enables more
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realistic error modeling, enhances the reliability of ac-
curacy assessments for underground polygonometric
traverses, and exceeds the capabilities of conventional
spreadsheet-based approaches. The proposed method
allows for verifying compliance with regulatory require-
ments even in cases where real data are scarce.
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JlocimKeHHsT TOYHOCTI MiI3eMHHX
ONOPHUX MAapKIIEHIepChbKUX Mepex
ILISIXOM 3aCTOCYBAHHSI HeipoMepeKeBOro
MO/IeII0BAaHHS

I. C. Iwymina*, C. B. beeiues, JI. O. Yymak,
A. O. Basrawos
VYKpalHCbKU AepXXaBHUI YHIBEpCUTET HAYKU i TEXHOJIOTIH,
M. Hinpo, Ykpaina
* ABTOp-KOpECITOHACHT e-mail: ishutina.hanna@gmail.com

Meta. OLiHUTHU TOYHICTD MiI3eMHOI MapKIilueiaep-
cbkoi oropHoi Mmepexi (ITMOM) nuisixom 3acTocyBaH-
Hs HelpoMepexKeBOro MONEIIOBaHHSI W aganTUBHOL
OLIIHKM TIOJIOXKEHHS HalBiAJalIeHIllIoro MyHKTY XO.y.
BukoHaTy aHali3 METOIIB OLIIHKM CEpPEeIHiX KBaapa-
TUYHUX TTOXUOOK MOJIOKEHHS ITyHKTIB.

Metoauka. 3aCTOCyBaHHSI METOMIB TJIMOOKOro Ha-
BYaHHSI, 30KpeMa YMOBHI TaOJIMYHI reHepaTUBHO-3Ma-
ranbHi Mepexi (CTGAN), nist ciHTe3yBaHHS PO3IIN-
peHuX HAOOpiB reoJe3NYHUX IAaHUX i3 METOIO OLIHKU
TOYHOCTI TTA3eMHMX OITOPHUX MapKIICHICPCHKIX Me-
pex (ITMOM). AHaniz HOpMaTUBHO-TIPABOBUX JTOKY-
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MEHTIB, 3aKOPJOHHUX 1 BITYM3HSHUX JTepaTypHUX
JIKepes 11010 aHali3dy TOYHOCTI M HamiiHOCTI MapK-
LIeMIepChKUX i Fe0Je3NTHUX MEPEX LIUISIXOM 3aCTOCY-
BaHHS IITYYHOTO iHTEJEKTY (HelipoMepeXXeBOro Moae-
JIIOBaHHS 1 aganTUBHOI OIIiIHKM).

Pesyabrat. 3acToCcyBaHHS HEMPOMEPEKEBOIO MO-
NEeJIOBAHHS M aganTUBHOI OLIHKUW JO3BOJISIE KiIbKICHO
OLIIHUTU TOYHICTh MiA3eMHOI OIIOPHOI MapKIleiaep-
CBKOI MEPeXi IIJISTIXOM MOJICTIOBAHHS BEIMUMH KYTOBUX
i MHIMHUX cepemHiX KBagpatndHuX rmomMuiiok (CKIT).
Lle 6e3nocepentbo BrumBae Ha CKII monoxxeHHs Haii-
BinmaneHimoro nyHkty [IMOM i Bka3zye Ha mpoliec
301KHOCTI qucrepcii Mepeki Mpy BUKOPUCTaHHI afarn-
TUBHOTO MpoToKody. [1py oMy, K TUTBKM HEBU3HA-
yeHicTb HabmkaeThesl 1o Safety Constraint Layer, To
CUCTeMa CHUTHAai3ye MpO HEOOXiAHICTh BBEIACHHS JIO-
JATKOBMX TiPOCKOMIYHUX BUMipIOBaHb, 1110 HEMOXKJIMBO
OTpUMATH aHATITUYHUMU METOHAMU Ta HEMOXJIMBO
3po0UTH 3aco0aMu TAaOJIMYHOTO TIpoliecopa.

HaykoBa HoBH3HA. YTIepIile 3aIIpOITOHOBAHO BUKO-
HYBaTH OILIIHKY TOYHOCTi 3anpoekTtoBaHoi [IMOM i3
3aCTOCYBAaHHSIM CyYaCHUX TEXHOJIOTIi IITYYHOTO iHTE-
Jiexry. IlpoaHanizoBaHi BilIOBiIHO 10 BUMOT HOpMa-
TUBHUX TOKYMEHTIB pe3yJbTaTU OLIIHKU i3 BUKOPUC-
TaHHSIM aHaJliITMYHOTO METOMA 1 MeTOoAa MOJETIOBaH-
Hs1. [ToxruOKY MOJOXEHHST HalBiIAaJEHIIIIOr0 MYHKTY
No 15 TIMOM Bu3Ha4YeHO BiAMOBIAHO 10 3a1aHOTO 10-
nycky. Takox BcraHoBieHi 3HaueHHsT CKIT Bumipio-

BaHb, 3a SIKUX BUKOHYETbCS HE0OXigHa ymoBa. Cepe-
HBbOKBaJIpaTUYHA MTOXMOKA TMOJIOKEHHST HalO1IbII Bijl-
JIAJIEHOTO TMYHKTY XOAY HE€ MOBMHHA IEPEBUIYBATU
0,3 MM Ha 11aHi, 110 Bignmosigae 0,6 M I IUIaHIB
maciutady 1:2 000 y ByTriIbHUX IIaxTax.

IIpakTiyna 3HaumMicTh. BKOHAHA OIliHKA TOYHOCTI
TTMOM 11151X0M 3aCTOCYBaHHS HEPOMEPEKEBOro MO-
JIeJIFOBAHHS 1 aIalTUBHOI OLIHKU. Y pe3yJbTaTi BUSIB-
JIeHe 3MillleHHsSI HalBimgaaeHillIoro MmyHKTy Mepexi Ta
BU3Ha4YeHa MMOBipHicTb 6e3BigMoBHOI podbott [IMOM
Ha piBHi 71 %. 3anpornoHOBaHMIi MiaXi J03BOJISE -
BUIIIUTU JTOCTOBIPHICTh IPOTHO3YBaHHS TOYHOCTI
MapKILeHaepChbKUX Mepexk Ha eTalli ixX MPOEKTYBaHHS
i1 eKcrutyartailii. BukopuctaHHs HelipoMepexKeBUX Me-
TOMiB Ja€ 3MOTY OITHUMi3yBaTH OOCITU MOJbOBUX BUMi-
pIOBaHb, CBOEYACHO BUSIBJISITU KPUTUYHI 30HM i3 TTiIBU-
ILIEHOI0 HEBU3HAYEHICTIO Ta OOTPYHTOBYBATU HEOOXi/I-
HiCTb JOJATKOBUX CITOCTEpEKEHbD (30KpeMa ripoCKOITiu-
Hux). Pe3ynbrati MOXyTh OYTH BUKOPUCTAHI JJIsT aBTO-
MaTu3alii TMpOoLEeCiB KOHTPOJIIO SIKOCTi T€OAe3UYHUX
po0iT, 3HMXEHHS BUPOOHMYMX PU3MKIB y TipHUYUX
YMOBax i HiIBUILIEHHS 0€3eKU BeIeHHS pOOIT y BYTijib-
HUX I11axXTaX. 3apornoHOBaHa METOAMKA TaKOX MpUIaT-
Ha JUIS iHTerpallil y cydacHi reoiHgopmaliiiiii 1 Mapk-
eHaepChKi CUCTEMU MiATPUMKU MTPUNHSITTS PillIeHb.

KmouoBi cioBa: mapkueiidepcoka mepexca, ouinka
mouHocmi, Helpomepedicese MOOea8AHHS, A0ANMUBHA
OUIHKA, NONICOHOMEMPUHHULIL Xi0
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