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DEVELOPMENT AND RESEARCH OF A SYNTHETIC DATA
GENERATOR FOR MODELING TECHNOLOGICAL PARAMETERS
OF THE IRON ORE BENEFICIATION PROCESS

The paper presents the results of developing a specialized synthetic data generator for modeling
technological parameters of the iron ore beneficiation process. The developed generator implements
a modular approach that includes parameter configuration, basic signal generation, and controlled
noise addition. Methods for generating basic signals are proposed considering the specifics of various
technological parameters through the use of normal distribution for parameters with natural grouping
tendencies and uniform distribution for parameters with uniform change patterns. The noise addition system
provides four intensity modes with individual settings for each parameter. The experimental study included
486 experiments with different training sample configurations. Analysis of generation quality showed that SNR
values are in the range of 25-50 dB, which corresponds to the characteristics of real industrial measurements.
A critical dependence of prediction quality on training sample size was established: with sample sizes over
4096 records, consistently high prediction quality is achieved (R* = 90-95 %). The developed generator
enables the creation of synthetic datasets with controlled noise characteristics and statistical properties that
correspond to real technological parameters. Validation mechanisms for generated data are implemented
through comprehensive analysis of statistical characteristics, spectral analysis, and evaluation of correlation
dependencies. The results confirmed the effectiveness of the developed generator for creating training datasets
in the development and testing of control systems for iron ore beneficiation processes, which significantly
reduces time and resources during the control system development phase.
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Problem statement. In modern industrial
production, the issue of measurement reliability
for technological parameters is extremely relevant
as it directly affects product quality and economic
efficiency of enterprises. This is especially true for
iron ore beneficiation processes, where measurement
accuracy determines the quality of the final product.
The ore beneficiation process is characterized by
complexity, multiple factors, and high requirements
for technological parameter measurements, making
it relevant to create specialized software tools for
modeling these processes.

The development of process control systems
for beneficiation requires significant amounts of
data for training and testing algorithms. Collecting
such data in real production conditions is resource-
intensive and often limited, necessitating the use of
synthetic data. Existing approaches to synthetic data
generation do not take into account the specifics
of iron ore beneficiation, which creates a need for
developing specialized generators with controlled
noise characteristics.

Analysis of recent research and publications.
The problems of operational quality control of iron

ore and optimization of the enrichment process
are discussed in the work of Toporov et al. [1],
where methods for improving the efficiency of
technological operations through enhancement of
measurement systems at the ore preparation input are
proposed. These studies emphasize the importance of
accurate and reliable measurements of technological
parameters to ensure final product quality.

Theoretical aspects of synthetic data generation
for modeling technological processes are actively
researched in various fields [2, 3]. Specifically,
Dankar and Ibrahim [2] proposed comprehensive
recommendations for effective synthetic data
generation that ensures maximum correspondence
to real conditions. In [3], Pei and Zaiane developed
a synthetic data generator for clustering analysis
and outlier detection, allowing modeling of various
distribution types.

Methods of synthetic data generation for the
energy sector are presented in the work of Alnumay et
al. [4], where an approach to controlled noise addition
is proposed, simulating fluctuations of technological
parameters based on normal distribution. Murray-
Smith and Girard [5] thoroughly examined the
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application of Gaussian processes with ARMA
models to improve prediction accuracy with minimal
computational costs, considering the correlation
structure of noise.

Mannino and Abouzied [6] proposed methods
for generating synthetic data that are visually
indistinguishable from real data, which is an
important aspect for developing technological process
visualization systems. Paper [7] presents an overview of
machine learning methods for synthetic data generation
with analysis of their advantages and limitations.

Kothare et al. [8] developed the SynGen system for
synthetic data generation with parameter adjustment
and quality control capabilities.

Analysis of existing research indicates a lack of
specialized tools for modeling iron ore enrichment
process parameters considering their interconnections
and noise characteristics [6—8]. Specifically, methods
for controlled noise addition considering normal
distribution and different noise levels for various
technological parameters of the enrichment process
have not been developed.

The aim of the article is to develop a specialized
software generator of synthetic data for modeling
technological parameters of the iron ore enrichment
process. The proposed system aims to create datasets
with controlled noise levels that correspond to real
production conditions. This will reduce data collection
costs and accelerate control system development.

To achieve this goal, the following tasks must be
solved:

1. Develop a synthetic data generator architecture
with modular structure;

2. Propose methods for generating basic signals
for various technological parameters;

3. Develop a controlled noise addition system;

4. Conduct experimental research on generated
data quality;

Parameter Establishing the error
Initialization level
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Control Points Smoothed Signals PP F\)falues P

5. Determine the dependency of prediction
quality on training sample size.

Presentation of the main research material.
The developed data generator is implemented as
a NoisedDataGenerator class, which provides a
comprehensive approach to creating synthetic
technological data with controlled noise levels.
The generator’s architecture is based on a modular
principle and includes four main components:
initialization, data handling, signal generation, and
noise processing (Fig. 1).

During the initialization phase, detailed
configuration of the generator’s basic parameters and
error level settings for each technological parameter
are established separately. This stage is critically
important, as the quality of all subsequent operations
depends on the correct setup of initial parameters.
Data handling includes a comprehensive process of
loading the source dataset and careful determination of
allowable parameter value ranges, ensuring generated
data corresponds to real technological constraints [9].
This stage also includes input data validation and
verification of compliance with established criteria.

Signal generation is implemented through creating
a sequence of control points and their subsequent
interpolation to obtain continuous smooth signals that
closely approximate real technological parameters.
The final stage is comprehensive noise processing
with detailed value verification and correction to
ensure data reliability.

Base signal generation is carried out through
a carefully selected combination of methods with
different types of statistical distributions, considering
the specifics of each technological parameter. For
parameters that naturally demonstrate a tendency to
cluster around the mean value, such as iron content
in concentrate and tailings, normal distribution is
applied, most accurately reflecting their statistical
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Fig. 1. Structural diagram of a synthetic technological data generator with controlled noise level
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nature [10]. Parameters characterized by uniform
changes throughout the technological process,
such as ore consumption and conveyor speed, are
generated using uniform distribution, which best
matches their behavior in real conditions. Continuity
and smoothness of all signal changes are ensured
by applying cubic spline interpolation, allowing for
realistic enrichment process dynamics and avoiding
sharp transitions between values [11].

The noise addition process is implemented
as a multi-stage procedure, considering specific
features of each technological parameter and its
permissible deviations. The system provides four
different noise intensity modes (null, min, aver, max),
enabling modeling of various production conditions
and equipment operation scenarios. The noise
component for each parameter is generated using
normal distribution, with its statistical characteristics
calculated based on the specified error percentage
and specific parameter characteristics. A particularly
important aspect is continuous monitoring of
allowable value limits and comprehensive validation
of results through calculating various statistical
characteristics, ensuring generated data corresponds
to real technological constraints.

To ensure high quality of generated data,
comprehensive analysis of each technological
parameter was conducted, with results presented
in Fig. 2. Detailed analysis includes multifactor
comparison of clean and noisy signals, in-depth study
of noise distribution patterns, thorough analysis
of signal power spectrum, and comprehensive
evaluation of correlations between different signals.
The obtained results convincingly demonstrate
that generated data fully preserves all main
characteristics of the real technological process,

while added noise has clearly controlled statistical
properties that accurately match real production
environment conditions and measurement system
characteristics.

For comprehensive evaluation of iron ore
enrichment process stability and thorough analysis
of experimental data quality, detailed research
was conducted using four key metrics, each
characterizing an important process aspect. Signal-
to-noise ratio (SNR _db) is a fundamental metric
used for quantitative assessment of data noise levels,
with higher values clearly indicating better signal
quality and fewer noise components. Correlation
analysis enables deep investigation and evaluation of
relationships between different process parameters,
critical for understanding overall system dynamics.
Relative deviation indicator was chosen as a
universal tool enabling correct comparison of various
technological parameters’ variability regardless of
their absolute values and measurement scale. The
fourth metric — outliers percentage — is an important
indicator clearly showing the frequency of anomalous
value occurrence in measurements, allowing
comprehensive characterization of overall process
stability and measurement system quality.

To evaluate generated data quality, comprehensive
analysis was conducted under different noise intensity
modes (min, aver, max). Results of detailed analysis
of main technological parameters at three data noise
levels — minimum (Min exp), average (Average exp),
and maximum (Max exp) — are systematized and
presented in Table 1. This structured presentation of
results allows comparative analysis of different noise
levels’ impact on data quality and process stability, as
well as evaluation of measurement reliability under
various experimental conditions.

concentrate_fe_percent
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Fig. 2. Complex analysis of generated data quality for iron content parameter in concentrate: (a) comparison
of clean and noisy signals; (b) noise distribution histogram; (c) signal power spectrum; (d) correlation
relationship between signals
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Table 1
Process Stability Metrics at Different Noise Levels
Metric Min exp Average exp Max exp leferen.ce (Max-
Min)
feed fe percent
snr_db 46.0077 42.5046 39.9858 —6.0219
correlation 0.9105 0.8518 0.7650 —0.1456
relative_deviation 0.0009 0.0002 —0.0011 —0.0020
outliers percent 0.2618 0.2946 0.2584 —-0.0034
solid feed percent
snr_db 39.9965 36.4947 34.0018 —5.9948
correlation 0.9894 0.9758 0.9565 —0.0329
relative deviation —-0.0019 —-0.0057 —0.0042 —-0.0022
outliers percent 0.3187 0.3140 0.3022 -0.0164
ore_mass_flow
snr_db 39.9903 32.0362 27.9772 —-12.0131
correlation 0.0031 —0.0003 0.0010 —0.0020
relative deviation —0.0066 0.0106 —-0.0010 0.0057
outliers_percent 0.2655 0.2579 0.2694 0.0039
concentrate fe percent
snr_db 50.4553 46.0438 43.0792 —7.3761
correlation 0.9252 0.8482 0.7493 —0.1758
relative deviation —0.0013 —0.0005 0.0008 0.0021
outliers percent 0.2801 0.2893 0.2737 —-0.0064
concentrate mass_flow
snr_db 34.0069 29.1430 26.0346 —7.9723
correlation 0.5692 0.3773 0.2784 —0.2908
relative deviation 0.0039 —0.0037 —-0.0149 —0.0188
outliers percent 0.2667 0.2453 0.2602 —0.0066
tailings fe percent
snr_db 47.9872 43.7661 40.9070 —7.0803
correlation 0.3099 0.2102 0.1454 —0.1645
relative deviation 0.0004 —-0.0020 —-0.0007 —-0.0011
outliers percent 0.2854 0.2632 0.2826 —0.0028
tailings mass flow
snr_db 32.0210 27.9305 25.1859 —6.8351
correlation 0.5815 0.4201 0.3170 —0.2645
relative deviation —0.0072 —0.0022 0.0059 0.0131
outliers percent 0.2798 0.2677 0.2765 —-0.0033

Analysis of results presented in Table 1 shows
SNR values range from 25-50 dB, corresponding
to real industrial measurement characteristics. Iron
content parameters (feed fe percent, concentrate
fe percent, tailings fe percent) demonstrate best
SNR (40-50 dB) with specified errors of 0.3—1.0 %,
while mass flow rates are characterized by lower SNR
(25-34 dB) with errors of 2.0-5.5 %. Correlation
analysis confirms expected dependence of signal
quality on specified errors — parameters with small
errors have high correlation (>0.75), while mass flow
rates show lower correlation. Relative deviations
of all parameters remain close to zero (+£0.015),
indicating absence of systematic error.
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During experimental research, 486 experiments
with different training sample configurations were
conducted. Statistical analysis of results showed
critical dependence of prediction quality on
training sample size. With minimum sample size
(256 records), complete degradation of prediction
quality is observed with R? close to zero. Increasing
sample size to 2048-4096 records shows gradual
improvement but with significant prediction quality
variability (R? fluctuates between 65-85 %). When
sample size exceeds 4096 records, consistently high
prediction quality is achieved with R? =90-95 %, with
further data volume increase not leading to significant
improvement in results.
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Experiment results also confirmed high prediction
quality for multilayer perceptron models and support
vector regression method. Importantly, result
stability is maintained regardless of data noise level,
confirming reliability of the developed generator.

Conclusions. This paper presents the results of
developing and researching a synthetic technological
data generator for the iron ore beneficiation process.
The developed generator enables creation of datasets
with controlled noise levels, implementing a modular
approach that includes parameter configuration, base
signal generation, and controlled noise addition.

The proposed methods for generating base signals
account for the specifics of various technological
parameters through the use of normal distribution
for parameters with natural grouping tendencies and
uniform distribution for parameters with uniform
change patterns. The application of cubic spline
interpolation ensures the necessary signal smoothness
that corresponds to the real process dynamics.

The developed noise addition system provides
four intensity modes with individual settings for
each parameter. Experimental study of the generated

data quality revealed significant differences in the
behavior of various technological parameters as
noise levels increase. Mass flow parameters proved
most sensitive to noise, showing the largest SNR
drop (up to 12 dB) and lowest correlation indicators.
Iron content parameters demonstrate greater noise
resistance, confirmed by lower SNR reduction
(67 dB) and higher correlation values. The stability
ofrelative deviation indicators and outlier percentages
across all parameters confirms the effectiveness of the
developed generator in creating realistic datasets with
controlled noise levels.

The practical value of the developed generator
is confirmed by its potential use in creating training
datasets for developing and testing control systems
for iron ore beneficiation processes.

Further research should focus on expanding
the generator’s functionality to model abnormal
situations, implement anomaly generation methods,
and adapt to other types of technological processes.
Another important direction is developing methods
for automatic adjustment of generation parameters
based on real data analysis.
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Boaoseuskuii O.0. PO3POBKA TA JOCJIKEHHS TEHEPATOPA CUHTETUYHUX JAHUX
JJIsI MOJAEJIOBAHHSA TEXHOJIOTTYHHUX ITAPAMETPIB ITPOLECY 3BATAYEHHSA

3AJIIBHOI PYIN
Y pobomi

npeocmasneno  pe3yibmamu  pospooKu  Cneyianizoeanozo NpopamHozo  2eHepamopa

CUHMEMUYHUX OAHUX OJi MOOENI0BAHHS MEXHONO2INHUX napamempie npoyecy 30azauenus 3a1i3noi pyou.
Pospobnenuii eenepamop peanizye mooyibHUll niOXio, w0 BKIUAE KOHpIcypayilo napamempis, 2eHepayiro
0a306uUx cusHanié ma KOHMPONLOBAHe 00OABAHHS WLYMY. 3aNPONOHOBANO MEMOOU ceHepayii 6a308uUX CUSHANIE
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3 YPAXy8aHHAM CNeYUDIiKu pizHux MexHoI02IUHUX Napamempis uepes GUKOPUCMANHIA HOPMATLHO2O0 POZNOOLTY
0Jis1 napamempie 3 NPUPOOHOI0 MEHOCHYIE 00 SPYNYSAHHS MA PIBHOMIPHO20 po3nodiny O/ napamempis
3 pignomipuum xapaxmepom 3min. Cucmema 000a6anus wymy 3a0e3nedyc 4Yomupu pexicumu iHmeHcusHoCmi
3 IHOUBIOY ANLHUMU HANAWMYBAHHAMU 0151 KOJHCHO20 napamempa. Excnepumenmanvie 00cniodicents 6Kuo4ano
486 excnepumenmie 3 pisHUMU KOHQIypayiamu HAGUATbHUX 6UOIPOK. AHani3 akocmi 2eHepayii noxkasas, wo
suauenns SNR 3naxoosmucs 6 oianasoni 25—50 0B, wjo 6ionogioae xapaxmepucmukam peaibHux npoMUciLo8ux
8UMIpIO8aHL. Bemanoseneno Kpumuuny 3anedxicHicmy AKOCMI NPO2HO3Y8AHHSL 810 PO3MIPY HABUANLHOL GUOIDKU!
npu posmipi eubipku nouwao 4096 3anucie 0ocseacmvcs cmabilbHO GUCOKA AKICMb NPOSHO3Y8anHs (R* =
= 90-95 %). Po3pobnenuii eenepamop 3a6e3neuye MONCIUGICING CMBOPEHHST CUHMEMUYHUX HAOOPI6 OaHux
3 KOHMPOIbOBAHUMU XAPAKMEPUCMUKAMU WYMY A CIAMUCIUYHUMU 81ACTNUEOCTAMIU, WO 8i0N08I0a0ms
peanvHuM MexHoA02IuHUM napamempam. Peanizoeano mexawizmu eanioayii 3eemeposanux OaHUX uepes
KOMNJIEKCHUU AHANI3 CMAMUCIUYHUX XAPAKMEPUCIMUK, CNEeKMPANbHULL AHANI3 Ma OYIHKY KOPenayiiuHux
3anedxcnocmei. Pesynomamu niomeepounu egexmusHicms pos3pobnenoeo 2enepamopa 0 CMEOPeHHs
HABUATLHUX HAOOPI& OaHUX NpuU po3pooYi ma Mecmy8anHi CUCMEM Kepy8auHs MEeXHOI02IUHUMU NPoYecaml
30azauenns 3a1i3H0I pyou, wo 00360JA€ 3HAUHO CKOPOMUMU YAC MA pecypcu Ha emani po3poOKu cucmem
Kepy68aHH.

Knwuogi cnosa: cenepayis cunmemuyHux Oauux, 30a2aueHHsi 3ai3HOI pyou, KOHMPOIbOGAHUL WLYM,
MEXHON02IUHI napamempu, MauuHHe HA6UAHHAL.
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