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Abstract

Electrical power systems are exposed to interacting electrical, thermal, environmental, and resource-
related faults such as leakage current, voltage and frequency deviations, overcurrent, harmonic
distortion, phase-sequence error, humidity, fire, wind-speed variability, water insufficiency, and
solar-resource loss. This study introduces a software-based database-generation and smart-learning
framework that converts 22 candidate risk factors into six normalized severity levels and then maps
the simultaneous system state to low-, medium-, and high-level protection decisions. The main
novelty is that the software does not only evaluate existing measurements; it also produces a
literature- and standards-informed synthetic database when long-term real field measurements are
not yet available. The database is generated by defining variable limits, sampling realistic operating
states, computing severity labels, and storing input-output pairs that can later train or validate
predictive maintenance models. The proposed framework therefore links protection logic, database
construction, and reusable training data in a single workflow. The results show how simulated
annual operating scenarios can be transformed into structured risk records, warning classes, and
shutdown decisions, supporting early fault detection, maintenance planning, and resilience
improvement in renewable-integrated electrical networks.

Keywords: electrical energy systems; error detection; smart learning; database

1. Introduction

Electrical energy networks are becoming more complex because conventional generation,
distributed renewable sources, variable loads, and protection devices increasingly operate together.
The present study was designed for two practical reasons. First, real fault databases for power
networks are difficult to obtain because severe faults are rare, unsafe to reproduce, and often
distributed across long observation periods. Second, predictive maintenance and smart protection
algorithms require labeled input-output data; therefore, a database must be created before a learning
system can be trained and validated.

For this purpose, a software-based software framework was developed to generate and evaluate
22 candidate risk factors, including voltage deviations, current faults, frequency distortion,
harmonic/sine-wave distortion, phase-sequence problems, temperature, humidity, flame,
earthquake, fuel, wind, solar, and water-related variables. Each parameter is converted into a six-
level severity scale according to literature-based limits and system-oriented engineering rules.

The innovation of the study is threefold: (i) a unified database structure is proposed for electrical,
thermal, environmental, and renewable-resource risks; (ii) the software generates synthetic but
realistic records when long-term real measurements are unavailable; and (iii) the generated records
are transformed into alert labels that can be reused for training, testing, and improving future smart-
learning protection systems.
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The database is not intended to replace real measurements. Instead, it provides an initial training
and evaluation environment. As new measurements become available, they can be appended to the
same database, compared with previously generated records, and used to update the decision
boundaries of the protection algorithm.

To preserve the full original literature coverage in a shorter introduction, the reviewed studies
are now grouped compactly as follows: renewable-energy integration, hybrid solar-PV/wind
uncertainty, load and generation forecasting, microgrid energy management, Al/quantum-assisted
renewable integration, and real-time scheduling are represented by [2,13,22,32,35,37,40]; wind-
energy, hydropower, environmental-variable, and decarbonization impacts are represented by
[1,17,30,36,39,41]; and smart-learning/ML-based monitoring, including digital-twin PV fault
detection, embedded ML, wind-turbine diagnosis, harmonic-distortion = detection,
transmission/distribution fault localization, islanding detection, and power-quality disturbance
classification, is represented by [3,4,8-10,15,18,25,28,29]. Together, these studies motivate the
proposed contribution: instead of presenting only another classifier, this paper focuses on producing
a traceable database-generation and alert-labeling pipeline that can support future learning-based
protection and maintenance systems [5,16,19,26,31,34].

Table 1 summarizes representative studies on machine-learning-based fault detection and
intelligent monitoring in renewable-integrated electrical power systems [6,7,11]. These studies
demonstrate the need for large, well-structured, and interpretable datasets, but they generally do not
provide a unified mechanism that simultaneously creates a database and converts multi-factor
system states into protection outcomes. The compact grouping above restores all original citations
while keeping the introduction shorter [14,21,25,38].

The literature indicates that machine learning, digital twins, and embedded diagnostic systems
improve fault detection, but their performance depends strongly on the availability of labeled and
representative data. Therefore, this work focuses on the missing data-generation step and presents a
repeatable procedure for producing initial training records before large field datasets have been
collected [20,23,27,33].

Accordingly, the study contributes a database-oriented protection methodology rather than only
a classifier. The generated database records contain input variables, normalized severity levels,
repetition counts, and final alert outcomes, which together form a reusable basis for future supervised
learning, scenario analysis, and preventive maintenance planning.

Table 1. Summary of ML-based fault detection studies.

Reference Focus Key Findings
(Authors, Year)
Ibrahim et al. [16] Machine learning ML enables transformation of conventional

applications in  smart grids into smart, self-healing systems
power systems through  improved fault detection,

forecasting, and control.

Ozcanli et al. [28] Deep learning in electrical Deep learning models outperform classical
power systems ML in complex tasks but require large

datasets and careful training.

Furse et al. [15] Fault diagnosis in electrical Transition from model-based methods to
power systems data-driven ML approaches improves
diagnostic  performance in complex

systems.
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Cao et al. [8]

ML-based fault detection in
solar PV with digital twin

Digital twin—-based ML enables real-time,
accurate fault detection and localization in

large-scale PV systems.

Kaitouni et al. [19]

Digital twin-assisted fault

Combining digital twin models with ML
improves fault sensitivity and reduces

false alarms.

Pujara et al. [31]

detection in wurban PV
systems

Embedded ML for PV fault
detection

Lightweight ML models enable real-time
fault detection at the edge with reduced

communication overhead.

Allal et al. [3]

Two-tier ML framework

for wind turbine faults

Hierarchical ML improves accuracy and
robustness in wind turbine fault detection

and classification.

Ding et al. [9]

Al-based abnormal

detection in wind systems

Adaptive Al systems enable automatic
feature extraction and robust anomaly

detection under varying conditions.

Elshenawy et al. [10]

Comparative ML methods

No single ML model dominates;

for wind turbine fault performance depends on data and fault
detection type, encouraging hybrid approaches.

Jove et al. [18] Harmonic distortion ML-based harmonic analysis improves
detection in wind early detection of converter-related faults.
generators

Anwar et al. [5] Ensemble ML for Ensemble models improve robustness and
transmission line fault accuracy across varying fault conditions.
detection

Najafzadeh et al. [26]

ML-based fault localization

in power grids

Optimized ML models enable precise fault
location, improving maintenance and

restoration speed.

Moloi et al. [25]

SVM-based fault detection

SVM effectively detects faults in systems

in distribution systems with bidirectional power flow where
with DG traditional methods fail.
Panigrahi et al. [29] Intelligent islanding ML-based approaches outperform classical

detection methods

methods in distinguishing islanding

conditions.

Satyanrayana et al
[34]

Power quality disturbance

classification

Combining signal processing with ML

achieves high accuracy in detecting
disturbances like harmonics and
transients.

2. Electrical Energy Systems and Faults

An electrical power system operates as an integrated chain of generation, transmission,

distribution, protection, and load components. If any part of this chain deviates from its normal
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operating range, the disturbance may propagate to other parts of the network. Figure 1 illustrates
typical fault categories that motivate the proposed multi-parameter monitoring approach.

If an electrical system works normally, electricity energy will reach everywhere normally, but if
any error occurs, even a simple expected or unexpected one, it may lead to problems that may be
serious and may lead to deprivation areas of electricity. These errors cause a decrease in the efficiency
of the system, increased losses and costs, instability of electricity distribution, and dissatisfaction of
consumers. When it comes to providing electricity to everyone, it is important to protect the
environment, study climate change, and remove carbon when producing electricity, which directs us
to the need to use renewable and alternative energy sources and integrate them into the electricity
generation system to reduce the use of traditional sources.

When it comes to providing electricity to everyone, it is important to protect the environment,
study climate change, and remove carbon when producing electricity, which directs us to the need
to use renewable and alternative energy sources and integrate them into the electricity generation
system to reduce the use of traditional sources. In this work, we will study potential faults that may
occur in electrical energy systems, and try to predict unexpected problems that may appear in the
electricity system, which includes alternative energy systems such as wind and solar energy. In more,
we try to ensure that energy production and transmission processes are based on more reliable
foundations, using algorithms supported by smart learning and detect and solve these errors.

Fault detection in electrical energy systems is critical to ensure the system's safe, efficient, and
continuous operation. Fault detection is usually achieved by using multiple methods and technology
together. As shown Figure 2, fault detection methods in electrical energy systems can be summarized
as follows.

Protection systems of electrical energy systems are designed to quickly detect faults that may
occur in the electrical network (short circuit, overload, grounding, etc.), to prevent the damage from
growing and to protect the rest of the system. In this way, both life and property safety is ensured
and it is possible for electricity distribution to continue uninterrupted.

3
%‘ﬁ‘
ji ;14 T&}
1 % ?T ¥

Figure 1. Errors that can be encountered in electrical energy systems [11].

.

As required by the study, potential faults that may occur in electrical energy systems are
investigated, and possible unexpected problems in systems integrating renewable energy sources
such as water, wind and solar energy are predicted. The aim is to enhance the reliability of energy
generation and transmission processes by utilizing smart learning-based algorithms for fault
detection and mitigation. For this purpose, a software-based software environment is employed to
simulate real operating conditions and process large volumes of generated data. The analyses are
carried out through simulation studies using a main program called secur along with 22 sub-
programs representing various fault scenarios in renewable-integrated power systems.

These simulations are conducted by defining the coefficients and equations that characterize
potential distortions in each system component. As a result, the study aims to achieve clean
sinusoidal waveforms, stable current and voltage levels, and an overall reliable and balanced
electrical network.
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Figure 2. Model of a smart grid with renewable energy systems and different electrical loads. Source: adapted

from renewable-integrated smart-grid concepts in [12,24].

Artificial intelligence (AI) and machine learning (ML) provide essential tools for ensuring the
continuous and reliable operation of power systems. These technologies enable critical tasks such as
error prediction, anomaly detection, and fault classification. AI models can predict potential faults
based on historical data, while ML algorithms learn normal system behavior to identify anomalies.
In addition, classification algorithms can determine the type of faults, such as short circuits or phase
losses, improving the effectiveness of diagnostic processes.

Various models are commonly used for fault prediction and analysis. Neural networks are
capable of learning from large datasets to predict failures, while clustering techniques help identify
similar fault patterns. Time series analysis is applied to estimate when faults may occur, and
regression analysis evaluates the probability of faults based on historical trends. Furthermore,
classification methods such as Support Vector Machines and decision trees play a significant role in
identifying system changes and enhancing testing accuracy.

Fault location in power systems can be achieved through several intelligent methods. Al-based
techniques such as genetic algorithms, artificial neural networks, fuzzy logic, and support vector
machines utilize measurement sensors, system data and environmental conditions to accurately
locate faults in distribution networks (Figure 3).
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Figure 3. Infrared thermal imaging with convolutional neural networks. Source: author-created conceptual
illustration based on digital-twin and PV fault-detection studies [8,19].
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Testing and simulation are fundamental for analyzing system behavior and predicting faults.
Physical testing of equipment allows comparison with normal operating conditions, while simulation
software enables modeling of fault scenarios in a controlled environment. These approaches allow to
evaluate system performance and anticipate potential issues before they occur.

Detection of a fault is critical for maintaining reliable energy systems, in a electrical energy
system. The integration of Al, ML, and advanced monitoring technologies enables more accurate,
efficient, and proactive fault detection and prediction. These methods can be applied individually or
in combination, depending on system complexity, and their effectiveness are continued to increase
with the advancement of Al and IoT technologies.

3. Detection of Electrical Energy System Faults by Using Software

In the study carried out, it is aimed to create an algorithmic and software approach towards
sustainability for electrical energy systems including renewable energy production systems. The
algorithm and software developed at this stage of the study were carried out on the creation of the
basic algorithm and software for the evaluation of data obtained from the infrastructures forming the
system. The algorithm and software developed up to this stage are aimed at determining the
existence or non-existence of negativities in the infrastructure forming the electrical energy system.
After this stage, studies on the algorithm and software will continue and the focus will be on the
analysis of negativities that may occur in the electrical energy system infrastructure including
renewable energy production systems in different scenarios.

In the analyses to be carried out after this stage, the effects of the input parameters listed in Table
2 will be considered separately for the sustainability of the system, and the classifications of these
parameters will be made. In these classifications, mathematical analyzes of the effects of each
parameter for the sustainability and usability of the system will be tried to be presented. Although
the methods and analyzes used in the study are carried out on a sample system, they can be adapted
to different systems. Thus, it is thought that the results to be obtained will be a new contribution to
the literature, as they will be able to concretely reveal the reliability of electrical energy systems,
including renewable energy production systems. Explanations regarding the fault and sustainability
parameters in the energy system can be seen in Table 3.

Table 2. Scenarios of faults.

No Scenario No Scenario

1 Present of earthquake. 12 Low Frequency distortion.
2 Present of flame. 13 Low material temperature.
3 Status of fuel. 14 Low sine wave distortion.
4 High Frequency distortion. 15 Low voltage.

5 Excessive hot material temperature. 16 Excessive cold weather.

6 Excessive hot weather. 17 Low wind speed.

7 Present of high wind speed. 18 Over current.

8 Present of high sine wave distortion. 19 Over voltage.

9 Present of humidity. 20 Phase sequence distortion.
10 Leakage Current. 21 Insufficient of water.

11 Present of excessive load. 22 Present of sun energy.

The frequency of occurrence of 22 variables can vary from person to person. How should these
entities be defined? A separate study, based on literature and sources, is being conducted within the
study to determine the frequency of occurrence of each of these entities. The frequency of occurrence
of the 22 data points considered in the electrical energy system will not be uniform, both statistically

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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and in the literature. The determination supports the frequency of occurrence of the 22 data points

considered in this context in Table 4.

Table 3. Descriptions of fault and sustainability parameters in the energy system.

Category Parameter Description (Software / System Oriented)
Voltage drops below nominal level;
Electrical Low Voltage reduces efficiency and equipment
performance
) Risk of insulation damage and electronic
Electrical Over Voltage .
component failure
. Indicates overload or short circuit; fire and
Electrical Over Current . )
equipment damage risk
. Insulation degradation or moisture-related
Electrical Leakage Current
safety hazard
. ) ) May cause reverse motor rotation and
Electrical Phase Sequence Distortion .
mechanical damage
. Low Sine Wave Indicates weak loading or measurement
Electrical . . ) -
Distortion instability
. High Sine Wave Harmonic distortion causing losses and
Electrical . . . .
Distortion equipment overheating
. Low Frequency Indicates generation—load imbalance affecting
Electrical ) ) ) -
Distortion grid stability
. ) ) ) Switching noise and EMI affecting
Electrical High Frequency Distortion Lo
control and communication systems
Low Material Causes mechanical brittleness and battery
Thermal - .
Temperature efficiency reduction
Excessive High Leads to thermal stress, insulation
Thermal

Material Temperature

failure, and fire risk

Load / Source

Excessive Load Presence

System operating beyond rated capacity;

sustainability risk

Load / Source

Fuel Status

Critical for continuity of energy supply in

generator or hybrid systems

Risk of physical infrastructure damage and

Environmental = Earthquake Presence
sudden outages
. . Increases cooling demand and reduces system
Environmental Excessive Hot Weather =
efficiency
. ) Degrades battery, fuel, and mechanical
Environmental Excessive Cold Weather
performance
i i Insufficient wind energy generation
Environmental Low Wind Speed i
potential
. High Wind Speed Increased generation potential but higher
Environmental ]
Presence structural risk
. o Causes corrosion, leakage current, and
Environmental Humidity Presence

insulation degradation
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) Indicates photovoltaic generation
Environmental Solar Energy Presence .
potential

Risk for cooling systems, hydro power, and
fire safety

Environmental Insufficient Water

Early fire indicator; requires immediate alarm
Safety Flame Presence d shutd
and shutdown

3.1. Mathematical Principles and Database-Generation Pipeline

The database is produced by mapping each measured or simulated physical variable into a
common six-level severity domain. This prevents variables with different units, such as voltage,
current, temperature, wind speed, and irradiance, from dominating the evaluation only because of
their numerical scale. The transformation is direction-aware: variables whose risk increases with
magnitude use a direct normalization, whereas variables whose risk increases as the value decreases
use an inverse normalization (Figure 4). Direct-risk normalization,

Si(t) =1+5- (Xi(t) - Xi,min) / (Xi,max - Xi,min), 1< Si(t) <6. (1)

This form is used for parameters such as overvoltage, overcurrent, leakage current, high
temperature, high wind speed, humidity, flame, and earthquake intensity, where larger values
represent larger risk. Inverse-risk normalization,

Si(t) =1+5- (Xi,max - Xi(t)) / (Xi,max - Xi,min), 1< Si(t) <6 (2)

This inverse form is used for parameters such as fuel availability, water availability, solar-energy
availability, low wind speed, low voltage, and low temperature, where smaller values indicate a more
critical operating condition. After normalization, each continuous severity value is rounded or
clipped to the nearest integer level in the interval 1-6. Weighted global risk index,

R(t) = [Zi=122 w; si(t)] / [Zi=122 wil, w; € {1,2,3}. 3)

The weight w_i is assigned from the priority level of the corresponding parameter. A high-
priority safety variable, such as flame, leakage current, overcurrent, or phase-sequence distortion,
therefore contributes more strongly to the global risk index than a low-priority resource-availability
variable. The entire database record row is defined as follows,

D(t) = {x1(t), ..., X22(1), S1(t), ..., S22(), R(Y), C1(%), ..., C6 (), y(©)} 4

1. Input Variables 2. Literature / 3. Sampling and 4. Severity 5. Weighted Risk 6. Alert Label

22 input variables Standard Limits Time Stamping Normalization and Repetition izt waming
V, |, f, THD, phase, (Tables 4-5) At or annual case sit)=1...6 R(8); Cys iy warning, WARNING!,
weather, wind, sun STOP

7. Database Row 8. Database Expansion 9. Smart-Learning Use
D(t) = [x(t), s(t), R(t), Append new simulated Training, validation,
C(t), y(t)] or measured states threshold update

Figure 4. Advanced pipeline for mathematical severity normalization, weighted risk scoring, alert labeling,

database expansion, and future smart-learning model training.
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Table 4. Determination studies for the frequency of occurrence of 22 variables.
Key literature /
Normal / Acceptable Level Notes for 6-level
Category Parameter . i standards
(Typical) input (0-6)
(examples)
LV supply voltage typicall
o PPy 8 }"P y Map 1 = within EN 50160 (voltage
within +10% of nominal (e.g.,
band, 2-3 = mild variation
. Low 230 V system: ~207-253 V) o o
Electrical undervoltage, 4-6  statistical limits).
Voltage for most of the week.
= deep/prolonged  (leonardo-
(InTepHeTr-marasux
) undervoltage energy.pl)
«EaexTpoBumip»)
OV supply voltage typically
within +10% of nominal 1 = within band;
EN 50160.
. Over (same band as above); higher levels by
Electrical . (leonardo-
Voltage overvoltage = above that magnitude +
. energy.pl)
band. (Intepuer-marasznun duration
«EaexTpoBumip»)
Grid frequency EN 50160
(interconnected systems): o summaries and
Low Use deviation )
. 49.5-50.5 Hz (10 s mean) for . guidance.
Electrical Frequency ) (Hz) + persistence
. . 99.5% of a week; outside = ) (IaTeprert-
Distortion (seconds/minutes)
abnormal. (InTeprer- MarasuH
MarasuH «EaekTposumip») «EaexTpoBuMip»)
EN 50160
If you truly mean
. (frequency); IEC
EMI/high-
Same normal band as above: 61000-2-2
) frequency
High 50-50.5 Hz (10 s mean) for (conducted
conducted
Electrical Frequency interconnected systems. disturbances
disturbances, treat
Distortion  (InTtepner-marasun compatibility
. separately (see
«EaexTpoBumip») levels). (Intepnet-
IEC 61000-2-2).
MarasuH
(IEC Webstore) )
«EaexTpoBuMip»)
Voltage waveform “normal”
typically means harmonic 1 = THD within
Low Sine IEEE 519-2022
Power voltage distortion within limit; levels 2-6 ] )
) Wave o voltage distortion
Quality ) ) standard limits (THD-V). For by %THD and o
Distortion ; limits. (Comsys)
LV: THD often < 8% (IEEE time
519). (Comsys)
Typical “acceptable” THD-V  Use your PCC
P High limits by bus voltage: <1 kV:  voltage level to IEEE 519-2022
ower
Oualit Sine Wave THD 8%, 1-69 kV: 5%, 69— select limit; map Table (voltage
uali
Y Distortion 161 kV: 2.5% (IEEE 519). severity by THD). (Comsys)

(Comsys)

margin over limit
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For the energy-system input parameters considered in the study, the normal ranges determined

for six severity levels, taking into account the determination information summarized in Table 4, are

shown in Table 5.
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Table 5. Normal level ranges for six severity levels based on determination data.
Priorit Number
Variable Unit y of Limits
Level Scenarios

0 to
Present of earthquake. Richter 2 6 6
1 to
Present of flame. Centigrade 1 6 s
5 to

Present of fuel. Liter 1 6
35
) ) ) 49.6 to

High Frequency distortion. Hz 2 6
50.4
-20 to
Excessive hot material temperature. Centigrade 1 6 60
-10 to
Excessive hot weather. Centigrade 3 6 0
4 to
Present of high wind speed. m/s 3 6 20
310 to
330

High sine wave distortion. - 3 6
218 to
230
0 to
Present of humidity. 2 6 50
0 to
Leakage current. mA 1 6 30
50 to
Present of excessive load. A 1 6 95
49.6 to

Low Frequency distortion. Hz 2 6
50.4
-20 to
Low material temperature. Centigrade 1 6 60
310 to 330

Low sine wave distortion. - 3 6
218 to 230
Low voltage. A\ 2 6 215 to 230
Excessive cold weather. Centigrade 3 6 -10 to 40
Low wind speed. m/s 3 6 4 to 20
Over current. A 1 6 45 to 75
Over voltage. A\ 2 6 215 to 230
123,132,213,

Phase sequence distortion (Li-L2-L3) - 1 6
231,321, 312
5 to
Insufficient of water. meter 3 6 20
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25000 to

Insufficient of sun energy. Candela 3 6 110000

3.2. Software-Based Creation of the Evaluation Database

Before the evaluation outcomes in Table 6 are produced, the software creates a database by
executing four steps. First, it reads the minimum and maximum limits of each of the 22 variables from
the literature-based range table. Second, it generates realistic random values within these ranges at
predefined time intervals. Third, it converts each value into a six-level severity code using the
normalization equations above. Fourth, it stores both the raw input value and the severity output as
a paired database record.

Table 6. Evaluation outcomes of the program.

Numbe
Number
Output r of Program ¢ Program Number of Program
0
Level  Output Comment Comment Outputs Comment
Outputs
s
The system is
in good
1 1:22 8 . - - - -
condition (no
warning).
Medium
Low Level Level Alert:
2 1:14 Alert: 15:22 “WARNING!
“warning” ”
Medium High Level
Low Level
Level Alert: Alert: “STOP”
3 1:11 Alert: 12:18 19:22
. ., “WARNING! (The Systems
warning
” Shut Down)
Medium
Low Level
Level Alert: (The Systems
4 1.7 Alert: 8:16 17:22
. s “WARNING! Shut Down)
warning .
Medium High Level
Level Alert: Alert: “STOP”
1:6 7:22
5 “WARNING! (The Systems
” Shut Down)
High Level
Alert: “STOP”
1:22
6 (The Systems
Shut Down)
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Note: If there are problems with renewable resources, then fuel-based production becomes

necessary.

This procedure allows the system to create new data from earlier generated data. When a new
operating state is simulated or measured, the software compares the new variable vector with the
existing severity ranges and previously labeled outcomes. The new record is then appended to the
database, and the enlarged database becomes the basis for producing additional scenarios,
recalibrating alert thresholds, and training future smart-learning models.

Table 6 was therefore created by grouping the 22 severity outputs according to the repetition
counts of low-, medium-, and high-risk states. The table is not a manually assigned result table; it is
the decision layer that translates database records into operational comments such as no warning,
warning, WARNING!, and STOP.

As with night time hours in solar systems, even if negative data is generated during hours when
energy production ceases for renewable energy systems, this data does not lead to the complete
shutdown of the system, but rather to the activation of backup systems, such as fossil fuel-based
production. Application studies on fault events involving the 22 variables are carried out using the
variable limits in Table 5 and the alert-output logic in Table 6.

4. Application Results on Error Occurrences Involving 22 Variables in Electrical
Energy Systems: Obtaining the Database

The parameters considered in the program were examined according to their potential to cause
failures in the electrical energy system. For each parameter, the software first defines a physically
meaningful operating interval and then assigns a six-level severity range based on the literature and
standards summarized in Tables 4 and 5.

It is quite acceptable for some regions of the world to have data below these ratios and for others
to have data above them. The aim here is to conduct a study that considers average or slightly above-
average failure risks.

When these criteria are considered in terms of environmental conditions, the program takes into
account that earthquake and fire risks may occur in any environment, fossil fuels may be insufficient,
hydroelectric water resources may decrease, sunless and windless days may occur, very low and high
air temperatures may occur, storms may occur, and extreme rainfall and flood conditions may take
place.

When considering the technical analysis of the operation of the electrical energy system, the
program takes into account that, especially in regions where the interconnected system is not of
sufficient size, frequency problems may occur, material temperatures may increase excessively for
many facilities overloaded with the system, distortions in sine waves may occur, leakage currents
may arise, overloading may occur, voltage drops and surges may occur, and overcurrent faults may
occur.

Because this study is a simulation-based software application, the database is produced by
generating time-stamped records for the 22 input variables. Each generated row contains the raw
physical values, their six-level severity labels, the repetition counts of each level, and the final alert
outcome. In this way, the software produces not only a set of examples but also a structured database
that can be expanded with future real measurements. Sample tables taken from 1,314,900 for data
points, randomly generated over a one-year period using instantaneous times (seconds), and their
corresponding outputs are provided to be appendix.

Using the input data in Table 7 and the output data in Table 8 as the initial database, operational
outputs for monitoring an electrical power system over a one-year operating period can be obtained.
The following representations show author-generated software simulation graphs for 15 sample
operating days (representing one year); these figures are produced from the database created by the
proposed software (Figures 5-19).
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Table 7. Randomly generated values entered ten times with a half-hour interval between each run.

Names of Time
sub- 00:39: 01:09: 01:39: 02:09: 02:39: 03:09: 03:39: 04:09: 04:39: 05:09:
programs 21 21 21 21 21 21 21 21 21 21
Earthquake 1 5 1 4 2 5 0 3 4 4
Flame 1 5 5 2 2 4 1
Fuel 10 9 20 15 19 5 10 19 18 8
High
4997 5022 50.07 4994 5035 5030 50.08 5045 5033 50.24
frequency
High
material 56 60 52 36 56 37 20 27 34 25
temperature
High weather
17 33 38 32 22 26 29 21 26 32
temperature
High wind
20 19 17 20 18 13 12 20 15 17
speed
High Sine
210 219 229 220 212 216 223 220 225 211
wave
Humidity 17 28 28 38 20 12 43 31 21 7
Leakage
22 8 22 12 8 10 30 25 21 0
Current
Load 86 84 76 94 82 67 76 76 93 70
Low
4973 4970 4932 50.09 4952 4973 50.09 4946 4992 4996
frequency
Low material
8 6 -2 15 16 3 2 -2 8 5
temperature
Low sine
211 212 220 219 218 218 216 230 218 228
wave

Low Voltage 216 217 217 216 217 218 217 218 218 215

Low weather

-9 -1 14 10 8 7 2 8 1 13
temperature
Low wind

5 11 11 11 11 12 4 10 4 4
speed

Over Current 68 70 72 73 65 68 73 59 55 63
Over Voltage 227 227 224 226 226 224 220 225 229 221
Phases 312 123 231 231 132 321 213 231 123 231

River 14 5 18 7 12 7 18 7 18 5

Sun 31008 72587 10434 10147 85673 30139 58535 72775 31635 90168

The generated database has two functions. It provides an initial dataset for evaluating the
proposed protection logic, and it creates a reusable training source for future smart-learning models.
When new data are produced within the system, they are normalized and labeled using the same
mathematical rules, appended to the previous records, and used to enrich the database for
subsequent simulations.
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Table 8. Output levels obtained by running 22 subprograms ten times with a half-hour interval.

Time
00:39: 01:09: 01:39: 02:09: 02:39: 03:09: 03:39: 04:09: 04:39: 05:09:
21 21 21 21 21 21 21 21 21 21

Names of

sub-programs

Earthquake 2 6 2 5 3 6 1
Flame
Fuel
High
1 4 2 1 5 5 2 6 5 4
frequency
High material
5 6 5 3 5 3 1 2 3 2
temperature
High weather
1 4 6 4 2 3 3 2 3 4
temperature
High wind
6 6 5 6 5 2 1 6 4 5
speed
High Sine
1 3 6 1 1 1 6 3 5 1
wave
Humidity 2 3 3 4 3 2 5 4 3 1
Leakage
5 2 5 3 2 3 6 6 5 1
Current
Load 4 4 3 5 4 2 3 3 5 3
Low
3 3 6 1 4 3 1 5 2 2
frequency
Low material
3 3 4 2 2 3 3 4 3 3
temperature
Low sine wave 6 4 1 1 4 1 3 1 1
Low Voltage 5 4 4 5 4 3 4 3 3 6
Low weather
6 4 1 2 2 2 3 2 3 1
temperature
Low wind
6 1 1 1 1 1 6 2 6 6
speed
Over Current 4 4 5 5 3 4 5 2 2 3
Over Voltage 4 4 3 4 4 3 1 3 5 1
Phases 6 1 6 6 6 6 6 6 1 6
River 4 1 6 2 4 2 6 2 6 1
Sun 6 2 1 1 2 6 3 2 6 2
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Error level in power ion system (tested on 19/01/2025 at 16:20:24) -
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Figure 5. Daily error occurrence estimates for January 19, 2025. Source: software simulation created by the author

from the proposed database.

Error level in power ion system (tested on 15 at 15:12:45)
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Figure 6. Estimates of daily error occurrences for February 15, 2025. Source: Software simulation created by the

author from the proposed database.

Error levels in power generation system componen ts‘tested ‘on 13/03/2025 at 12:45:55)
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Figure 7. Daily error occurrence estimates for March 13, 2025. Source: Software simulation created by the author

from the proposed database.
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Errer levels in power g ion system (tested on at 22:06:36)
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Figure 8. Estimates of daily error occurrences for April 5, 2025. Source: Software simulation created by the author

from the proposed database.

Error levels in power ion system comp: (tested on at 23:36:15)
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Figure 9. Estimates of daily error occurrences for April 29, 2025. Source: Software simulation created by the

author from the proposed database.

Error levels in power g ion system (tested on at 13:25:43)
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Figure 10. Estimates of daily error occurrences for May 25, 2025. Source: Software simulation created by the

author from the proposed database.
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Error I‘vels in power g ion system (tested on 18, at 14:05:57)
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Figure 11. Estimates of daily error occurrences for June 18, 2025. Source: Software simulation created by the

author from the proposed database.

Error levels in power generation system components (tested on 14/07/2025 at 12:55:04)
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Figure 12. Estimates of daily error occurrences for July 14, 2025. Source: Software simulation created by the

author from the proposed database.

Error levels in power g ion system (teste‘on 05/08/2025 at 14:06:52)
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Figure 13. Estimates of daily error occurrences for August 5, 2025. Source: Software simulation created by the

author from the proposed database.
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Ermror I&vels in power generation system companents (tested on 27/08/2025 at 13:09:24)
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Figure 14. Estimates of daily error occurrences for August 27, 2025. Source: Software simulation created by the

author from the proposed database.

Ermror levels in power generation system components (tested on 23/09/2025 at 14:06:55)
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Figure 15. Estimates of daily error occurrences for September 23, 2025. Source: Software simulation created by

the author from the proposed database.

Py Error levels in power g ion system c (tested on 18/10/2025 at 12:45:11)
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Figure 16. Estimates of daily error occurrences for October 18, 2025. Source: Software simulation created by the

author from the proposed database.
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Error levels in power g ion system c (tested on 15/11/2025 at 20:15:34)
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Figure 17. Estimates of daily error occurrences for November 15, 2025. Source: Software simulation created by

the author from the proposed database.

Error levels in power g i system (teste‘on 10/12/2025 at 15:27:13)
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Figure 18. Estimates of daily error occurrences for December 10, 2025. Source: Software simulation created by

the author from the proposed database.

Error level in power g ion system (tested on at 22:15:27)
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Figure 19. Estimated daily error occurrences for January 15, 2026. Source: Software simulation created by the

author from the proposed database.
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5. Evaluation of Application Results by the Program

For monitoring electrical energy systems, the random system inputs generated by the program
in accordance with the literature for 15 monitoring points taken as a sample for one year of
monitoring are given in Table 9 according to their physical quantities.

Table 9. Initial system information for 15 samples randomly generated from literature-based limits over a one-

year period.

No | 1 2 3 4 5 6 7 8 9 | 10 | 11 | 12 | 13 | 14 | 15
Nam D 19/ | 15/ | 13/ | 05/ | 29/ | 25/ | 18/ | 14/ | 05/ | 27/ | 23/ | 18/ | 15/ | 10/ | 15/
a
es of ‘ 01/ | 02/ | 03/ | 04/ | 04/ | 05/ | 06/ | 07/ | 08/ | 08/ | 09/ | 10/ | 11/ | 12/ | 01/
e
sub- 25 |25 |25 |25 |25 |25 |25 |25 |25 |25 |25 |25 |25 |25 |26
progr i 16: | 15: | 12: | 22: | 23: | 13: | 14: | 12: | 14: | 13: | 14: | 12: | 20: | 15: | 22:
i
ams 20: | 12: | 45: | 06: | 36: | 25: | 05: | 55: | 06: | 09: | 06: | 45: | 15: | 27: | 15:
me
24 |45 |55 [36 |15 |43 |57 |04 |52 |24 |55 |11 |34 |13 |27
Earthquake 15 36 (21| 47| 17| 24|32|34|06| 46| 13]08]| 123313
(Richter) | | 5| 7| 7| 4| 5| 2| 1| 9| 3| 6| 7| 8| 1| 5
Flame
271311171391 20|20|32|27|41|27|28]| 16| 19| 23| 1.8
(Photovolta
4 1 4 2 4 8 5
ge)
Fuel (Liter) 28| 30| 31| 20| 33| 28| 20 91 29| 17| 13| 20| 21 91 19
High
50. | 50. | 50.| 50. | 49. | 49.| 50. | 50. | 49. | 49.| 49.| 50. | 49. | 50. | 49.
frequency
14| 06| 17| 38| 91| 97| 16| 13| 69 71 8| 38| 87| 16| 93
(Hz)
High
material
6 8| -10| 12| 56| -10 71 24| 43| 4| 17| 27| 14 4 3
temperatur
e (°C)
High
weather
8 2| 11| 12| 27| 36| 39| 31| 34| 39 9| 10| 14 4| -8
temperatur
e (°C)
High wind
18| 16| 15| 18| 17| 11| 18| 12| 15| 18 71 19| 10| 12| 16
speed (m/s)
High Sine
0710707070707 07]|06|06|07|07]|07|07] 06|07
wave rate
05| 19| 11| 32| 21 1) 13| 93 9| 13| 02| 14| 13 91 21
(Vmax/Vef)
Humidity
%) 10| 14| 15| 48 71 12| 44| 46| 21| 31| 12| 33| 27| 46| 15
(o)
Leakage
Current 8 6| 15| 12| 26 6| 15 7 8| 13| 17 8 4 9 7
(mA)
Load (A) 55| 79| 69| 83| 60| 82| 63| 62| 81| 55| 83| 73| 71| 80| 57
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Low

50. | 50.| 50. | 50. | 49. | 49.| 50.| 50. | 49. | 49. | 49.| 50. | 49. | 50. | 49.
frequency

1 18| 17| 31| 92| 8| 13| 11| 73| 63| 97| 33| 96| 17| 92
(Hz)
Low
material

17 81| -19 7| 52| -1| 12| 48| 17| 33| 25| 28| 12| -15| 12
temperatur
e (°C)
Low sine

07107060707 07]|07]07]06|07|07]| 07|07 06|07
wave

12 21| 92| 21| 19| 14| 09 1 9| 12| 13| 11| 13 9| 22
(Vmin/Vef)
Low 22 | 22| 22| 21| 22| 22| 22| 22| 21| 22| 22| 22| 21| 22| 22
Voltage (V) 8 5 1 9 0 4 5 8 6 5 0 5 7 4 9
Low
weather

13| 21| 35| 12| 20| 35| 30| 20| 33| 28| 10| 28| 29| 33 3
temperatur
e (°C)
Low wind

18| 13| 17| 18| 13| 12| 15 8| 11| 12 6| 18 9 8| 19
speed
Over

73| 54| 67| 53| 69| 66| 58| 60| 68| 66| 58| 50| 66| 60| 71
Current (A)
Over 22| 22| 22| 22| 22| 22| 22| 23| 21| 22| 22| 22| 21| 22| 22
Voltage (V) 9 5 1 1 7 5 4 0 7 9 0 4 6 5 9
Phases 32 12 12 12| 12| 12| 12| 12| 12| 12| 12| 12| 12| 12| 12
(Order) 1 3 3 3 3 3 3 3 3 3 3 3 3 3 3
River (m/s) 13| 14| 10| 16| 13| 18| 14 91 18| 13 8 9] 15| 14| 13
5 70| 53| 79 10| 96| 94| 10| 10| 52| 73| 25| 39
un

45| 87| 36 0 0] 32| 37| 63| 84| 23| 34| 17| 34| 46 0
(Candela)

3 9 4 15 4 7 1] 21 2 4 6 7

According to the one-year literature-based error generation process, the six-level scoring system
obtained for 15 examples is given in Table 10.

Table 10. Six-level responses for the 15 samples generated over one year according to the reference boundaries

and system rules.

No| 1 2 3 4 5 6 7 8 9 (10 | 11 | 12 | 13 | 14 | 15
Name Da 19/ | 15/ | 13/ | 05/ | 29/ | 25/ | 18/ | 14/ | 05/ | 27/ | 23/ | 18/ | 15/ | 10/ | 15/
s of te 01/ | 02/ | 03/ | 04/ | 04/ | 05/ | 06/ | 07/ | 08/ | 08/ | 09/ | 10/ | 11/ | 12/ | 01/
sub- 25 |25 |25 |25 (25 |25 |25 |25 |25 |25 |25 (25 |25 |25 |26
progr Ti 16: | 15: | 12: | 22: | 23: | 13: | 14: | 12: | 14: | 13: | 14: | 12: | 20: | 15: | 22:
ams 20: | 12: | 45: | 06: | 36: | 25: | 05: | 55: | 06: | 09: | 06: | 45: | 15: | 27: | 15:

me 24 |45 |55 |36 |15 |43 |57 |04 |52 |24 |55 |11 |34 |13 |27
Earthquake

1 3 2 4 1 2 2 2 1 4 1 1 1 2 1

(Richter)
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Flame
(Photovolta | 2 2 1 3 1 1 2 2 3 2 2 1 1 1 1
ge)
Fuel (Liter) 1 1 1 2 1 1 2 4 1 2 3 2 2 3 2
High
frequency 4 3 4 6 2 2 4 4 1 1 2 6 2 4 2
(Hz)

High

material
temperature
(©

High

weather

temperature
(°C)

High wind
speed (m/s)
High Sine
wave rate 2 3 2 4 3 2 2 2 1 2 2 2 2 1 3
(Vimax/Vef)
Humidity
(%)
Leakage
Current 1 1 2 2 4 1 2 1 1 2 2 1 1 1 1
(mA)
Load (A) 1 3 2 3 1 3 1 1 3 1 3 2 2 3 1
Low
frequency 2 2 2 1 3 4 2 2 5 6 3 1 3 2 3
(Hz)

Low
material
temperature
("C)

Low sine
wave 4 3 5 3 3 4 4 4 6 4 4 4 4 6 3
(Vmin/Ver)
Low
Voltage (V)

Low

weather
temperature
(©)
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Low wind

1 2 1 1 2 2 1 3 2 2 4 1 3 3 1
speed
Over

5 2 3 2 4 3 2 2 3 3 2 1 3 2 5
Current (A)
Over

5 3 2 2 4 3 3 6 1 5 2 2 1 3 5
Voltage (V)
Phases

6 1 1 1 1 1 1 1 1 1 1 1 1 1 1
(Order)
River (m/s) 2 2 1 3 2 5 2 1 5 2 1 1 3 2 2
Sun

5 3 2 6 6 1 1 1 1 1 3 2 5 4 6
(Candela)

In the annual evaluation obtained by running 22 subprograms, the number of simultaneous
repetitions of the six-level classification for 15 samples is shown in Table 11.

The evaluations, which are consistent with the database created as a result of the study and used
in the fault analysis of electrical energy systems, are summarized in Tables 9, 10, 11 and 12. Table 11
shows simultaneous repetition counts of the six-level classification for 15 annual samples. Table 12
shows the number and variety of warning levels that may arise during a one-year evaluation and
monitoring period. High-level warning levels caused by chain reactions of abnormal conditions
either do not occur or occur only in small numbers under normal conditions. Power deficiencies, lack
of maintenance, environmental stress, and incorrect user behavior would negatively affect these
results. The geographical region considered here is the northern hemisphere under Tropic of Cancer
conditions.

Table 11. Simultaneous repetition counts of the six-level classification for 15 annual samples.

No Operation Date Repetition Counts
And Time Level 1 | Level 2 | Level 3 | Level 4 | Level 5 | Level 6
1 19/01/2025 16:20:24 7 6 2 3 3 1
2 15/02/2025 15:12:45 5 8 9 0 0 0
3 13/03/2025 12:45:55 8 8 3 1 1 1
4 05/04/2025 22:06:36 3 6 7 3 1 2
5 29/04/2025 23:36:15 7 4 4 5 0 2
6 25/05/2025 13:25:43 8 6 3 3 2 0
7 18/06/2025 14:05:57 5 10 2 4 0 1
8 14/07/2025 12:55:04 7 7 2 5 0 1
9 05/08/2025 14:06:52 9 2 5 1 4 1
10 27/08/2025 13:09:24 6 8 2 3 1 2
11 23/09/2025 14:06:55 5 9 6 2 0 0
12 18/10/2025 12:45:11 9 7 3 1 1 1
13 15/11/2025 20:15:34 6 8 5 2 1 0
14 10/12/2025 15:27:13 7 6 4 3 1 1
15 15/01/2026 22:15:17 9 4 5 1 2 1
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Table 12. Alert-level summary for the one-year evaluation period.
Normal Warning Critical
Date and time count counts counts Program interpretation
L1 L2-L4 L5-L6
19/01/2025 L2=6, L3=2, Low warnings dominate; one medium
7 L5=3, L6=1
16:20:24 L4=3 alert; no shutdown.
15/02/2025 L2=8, L3=9, Mostly normal/low states; medium
5 L5=0, L6=0
15:12:45 L4=0 alerts and one STOP.
13/03/2025 L2=8, L3=3, Normal and low-warning states
8 L5=1, L6=1
12:45:55 L4=1 dominate; one STOP.
05/04/2025 L2=6, L3=7, Low and medium warnings
3 L5=1, L6=2
22:06:36 L4=3 accumulate; two STOP states.
29/04/2025 L2=4, 1.3=4, Moderate risk concentration; one STOP
7 L5=0, L6=2
23:36:15 L4=5 state.
25/05/2025 L2=6, L3=3, Mostly normal/low states; medium
8 L5=2, L6=0
13:25:43 L4=3 alerts; no shutdown.
18/06/2025 L2=10, L3=2, Low warnings dominate; one STOP
5 L5=0, L6=1
14:05:57 L4=4 state.
14/07/2025 L2=7,L3=2, Repeated low and level-4 warnings;
7 L5=0, L6=1
12:55:04 L4=5 one STOP state.
05/08/2025 9 L2=2, L3=5, 524 Lét Normal states with multiple medium
14:06:52 L4=1 ’ alerts and two STOP states.
27/08/2025 L2=8, L3=2, Low/medium warning classes
6 L5=1, L6=2
13:09:24 L4=3 dominate; no shutdown.
23/09/2025 L2=9, L3=6, Low and level-3 warnings dominate;
5 L5=0, L6=0
14:06:55 L4=2 no shutdown.
18/10/2025 L2=7, L3=3, Mostly normal/low states; one STOP
9 L5=1, L6=1
12:45:11 L4=1 state.
15/11/2025 L2=8, L3=5,
6 L5=1, L6=0 |Low-to-medium risk; one STOP state.
20:15:34 L4=2
10/12/2025 L2=6, L3=4, Balanced low/medium risk; one STOP
7 L5=1, L6=1
15:27:13 L4=3 state.
15/01/2026 L2=4, L3=5, Low warnings dominate; two STOP
9 L5=2, L6=1
22:15:17 L4=1 states.

When the 15 sample data points obtained for a one-year follow-up are evaluated based on the
determination-based data table, the cleaned compact evaluation outputs are obtained. The earlier
long case-by-case list was condensed into one row per sample day to prevent table overlap and to
make the alert logic readable. These outputs show how database rows are converted into operational
warning classes by the software.
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In the stages where level 2 and 3 outputs are obtained, generally low-level warning outputs are
received, but sometimes high-level warning outputs are obtained, taking into account the repetition
counts from the 22 variables. In the stages where level 4 and 5 outputs are obtained, generally high-
level warning outputs are received, but sometimes low-level warning outputs are obtained, albeit in
small numbers, depending on the repetition counts from the 22 variables. Besides, a high number of
repetitions of low-level warning data can, in rare cases, trigger a system disable output. A rare level
6 warning signal requires the system to be deactivated. Whether the entire system or only a part of it
needs to be disabled is entirely a design outcome determined by the user.

Since the system has the ability to provide lower-level warning information prior to the
shutdown output, users and monitors should take these lower-level warnings into account and make
the necessary adjustments. The shutdown stage is avoided when measures are taken to mitigate the
effects that hinder the operation of the electrical energy system, such as reducing over currents,
activating additional power sources, and ensuring protection against physical damaging factors.

6. Conclusions

This study presented a software-based database-generation and smart-learning-oriented
evaluation framework for renewable-integrated electrical energy systems. The main contribution is
not limited to fault detection; the proposed software creates a structured, labeled, and reusable
database from 22 electrical, thermal, environmental, and resource-related variables when long-term
real fault records are not yet available.

The first innovation is the unified treatment of heterogeneous risk factors within a six-level
mathematical severity scale. The second innovation is the conversion of literature-based limits and
simulated operating states into database rows that include raw inputs, severity outputs, repetition
counts, and final alert labels. The third innovation is the use of this database as a training and
expansion mechanism for future predictive-maintenance and smart-protection systems.

The software maps the combined severity state of all 22 parameters to a hierarchical three-tier
alert scheme: a low-level advisory alert (“warning”), a medium-level operational warning
(“WARNING!”), and a high-level shutdown command (“STOP”). Because intermediate warning
levels are produced before shutdown, the framework supports preventive action rather than only
post-fault isolation.

Overall, the proposed approach fills a practical gap between conventional protection logic and
data-driven learning systems. It provides an initial database when real records are scarce, explains
how new records are generated and appended, and creates a transparent mathematical basis for
classifying system risk. Future work should validate the generated database against real telemetry
data, optimize weighting coefficients for different network types, and integrate the database with
machine-learning models for real-time fault prediction.

Future research will focus on three directions. First, the framework will be validated against
real-time telemetry data from operational substations and renewable generation facilities, enabling a
quantitative comparison between simulation-derived and empirically observed fault frequencies.
Second, the generated database will be used to train and evaluate a suite of machine learning
architectures—including gradient-boosted decision trees, convolutional neural networks applied to
temporal severity sequences, and hybrid attention-based models—to determine which approaches
best generalize across unseen fault scenarios. Third, the parameter set will be expanded to capture
emerging fault modes associated with large-scale battery energy storage systems, power-electronics-
dense microgrids, and vehicle-to-grid interfaces, reflecting the evolving composition of modern
electrical infrastructure. These extensions are expected to further consolidate the role of data-driven,
multi-parameter risk assessment as a cornerstone of next-generation power system protection and
maintenance strategies.
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Appendix A. (Date Base Are Generated from Literature-Based Limits over a

One-Year)
N D 15/ | 09/ | 05/ | 29/ | 27/ | 26/ | 21/ | 18/ | 13/ | 10/ | 05/ | 02/ | 28/ | 25/ | 24/
am a
¢ | 08/ |09/ | 10/ | 10/ | 11/ | 12/ | 01/ | 02/ | 03/ | 04/ | 05/ | 06/ | 06/ | 07/ | 08/
es o e
b 22 (22 |22 |22 |22 |22 |23 |23 |23 |23 |23 [23 |22 |23 |23
sub-
13: | 14: | 13: | 15: | 12: | 15: | 13: | 11: | 14: | 12: | 13: | 14: | 15: | 12: | 14:
progr | Ti
25: | 34: | 31: | 12: | 36: | 05: | 47: | 56: | 09: | 48: | 13: | 21: | 05: | 53: | 02:
ams me
13 (47 |15 |22 |58 (37 |16 |46 |14 |26 |26 |45 |18 |37 |22

Earthquake | 1.2 | 20| 48| 09| 1.0| 25| 34| 49| 53| 39| 08| 15| 21| 34| 07

(Richter) 3 5 5 5 9 2 7 8 4 4 5 7 1 5 6
Flame

20| 34| 42| 12| 42| 29| 31 20| 14| 34| 20| 47|21 1.0
(Photovolta 5

1 5 6 7 8 4 4 5 8 8 8 8 8
ge)
Fuel (Liter) | 14| 21| 25| 12| 17 7| 11| 23| 32| 34| 26 8 5 9 6
High

49.| 50.| 49.| 50. | 50. | 49. | 49.| 49.| 50. | 50. | 50. | 49. | 49.| 49. | 50.
frequency

8| 04| 73 1| 24| 92| 73 9 02| 32| 27| 88| 67| 92 2
(Hz)
High
material

-3 8| 27| 17| 22| 24| 37| 27| 32| 40| 47| 18| 12| 53| 57
temperatur
e (°C)
High
weather

-2 5 9 15| 25| 27| 33| 39| 28| 24| 16 1] 12 7| 4
temperatur
e (°C)
High wind

14| 11| 17 6 8| 11 8| 15 7 12 5 6| 19| 10 8
speed (m/s)
High Sine

wave rate
14 13 32| 38 13 13 19 01 09 4 16 19 2 9

(Vmax/Vef)
Humidity

17 | 25 8| 24| 48| 26| 44 9| 35| 22| 17| 19| 28 91| 17
(%)
Leakage
Current 15 9 41 21| 17| 25| 29| 15| 22 8 4| 21| 17 6| 11
(mA)
Load (A) 65| 8| 73| 62| 77| 91| 87| 63| 59| 68| 67| 83| 76| 82| 74
Low

49. | 50.| 50. | 50.| 49.| 49.| 50.| 49. | 50. | 49.| 49. | 49. | 50. | 50. | 50.
frequency

72| 32| 24| 19| 8| 99| 13| 65| 28| 8| 97| 98 2| 34| 37
(Hz)
Low

5| 18| 22| 25| 48| 37| 25| 24| 19| 48| 52| 21| 16| 15 5
material
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temperatur
e (°C)
Low sine

07(07]07]07]07|06|07|07]|07|07]07]|07]| 06| 07|07
wave

26 | 21 41 34| 12 91 18| 14 41 29| 24| 12| 92| 34| 19
(Vmin/Vef)
Low 22| 22| 21| 21| 22| 22| 22| 21| 22| 21| 21| 22| 21| 21| 22
Voltage (V) 1 4 9 7 7 4 0 9 6 8 8 7 6 9 3
Low
weather

3 022 12 29| 19| 35| 24| 37| 32 5 14| 21| -3 7 5
temperatur
e (°C)
Low wind

81| 12 7] 16| 14| 16| 13 8 9| 16 7 5| 11| 13 8
speed
Over

50| 59| 62| 74| 62| 58| 61| 71| 63| 75| 61| 58| 50| 63| 70
Current (A)
Over 21| 22| 22| 21| 22| 22| 22| 22| 22| 21| 22| 22| 21| 23| 22
Voltage (V) 7 9 4 9 3 7 0 1 4 9 8 3 9 0 4
Phases 12 12 12 21| 12| 12| 12| 12| 31| 12| 12| 12| 12| 12| 12
(Order) 3 3 3 3 3 3 3 3 2 3 3 3 3 3 3

River (m/s) 17 8| 15| 12| 18| 13| 12 8 91 14| 18| 12 6 91 19
45| 88| 75| 65| 8 | 45| 65| 65| 85| 62| 47| 63| 74| 86| 97

Sun
82| 24| 84| 84| 47| 03| 24| 84| 41| 54| 32| 52| 23| 95| 62
(Candela)
1 5 5 2 5 2 1 2 2 1 6 1 5 4 1
N D 17/ | 11/ | 03/ | 28/ | 24/ | 18/ | 09/ | 03/ | 29/ | 27/ | 26/ | 24/ | 22/ | 21/ | 19/
am a
¢ |4 10/ | 11/ | 12/ | 12/ | 01/ | 02/ | 03/ | 04/ | 04/ | 05/ | 06/ | 07/ | 08/ | 09/ | 10/
es o e
b 23 (23 |23 [ 23 |24 |24 (24 |24 |24 |24 |24 (24 |24 |24 |24
sub-
15: | 13: | 12: | 14: | 11: | 13: | 15: | 14: | 13: | 12: | 14: | 13: | 12: | 14: | 13:
progr | Ti
12: | 29: | 57: | 36: | 56: | 36: | 31: | 18: | 24: | 46: | 12: | 13: | 48: | 09: | 24:
ams me
24 |64 |38 |08 |12 |45 |16 |34 |59 |21 |13 (48 |31 |45 |36
Earthquake | 3.0 28 | 0.5 451041 12|32 42| 21| 12| 1.8 3.2
4.6 3.2 5.3
(Richter) 2 4 8 8 5 5 5 1 2 3 5 1
Flame
271 19| 45| 42| 34 30| 39| 23 431 32| 20| 4.6
(Photovolta | 1.5 4.8 49
1 4 6 5 2 2 4 2 2 6
ge)
Fuel (Liter) 27 | 15 7 9| 30| 32| 24| 18| 12 91| 17 5| 221 31| 17
High
49. | 50. | 50. | 50.| 49.| 49. | 50.| 50. | 50. | 49.| 49. | 50. | 49. | 49. | 50.
frequency
(Hz) 85| 12| 03| 31| 78| 95| 05| 27| 23| 8 | 68| 24| 82| 91| 14
z

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0517.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 June 2026 d0i:10.20944/preprints202606.0517.v1

31 of 41

High
material

-2 4 O 15| 53| 18| 42| -1 | 55| 57| 13| 24| 37 0] 20
temperatur
e (°C)
High
weather

-4 3 12| 18| 27| 22| 35| 27| 31| 39| 19| 19| 11| 4 3
temperatur
e (°C)
High wind

18| 12 91 13 8| 18| 11| 16| 19| 12 8 4 8| 13| 16
speed (m/s)
High Sine

0607070710707 06|07|07|07]|07]|0.7 0.6 | 0.7
wave rate 0.7

18| 02 21 19 2 91 36 1| 13 4| 21 91 38

(Vmax/Vef)
Humidity

4| 45| 25| 35| 12| 48| 27| 31 15| 24| 45| 40 6| 29
(%)
Leakage
Current 51 17| 22| 15| 26 51 14 31 12 51 29| 21| 27| 14 9
(mA)
Load (A) 55| 93| 69| 79| 62| 87| 73| 82| 70| 57| 89| 84| 67| 92| 64
Low

49.| 50. | 49.| 50.| 50. | 49.| 49.| 50. | 50. | 49.| 50. | 50. | 50. | 50. | 49.
frequency

05| 24| 75| 12| 34| 85 6| 18| 38| 65| 04| 91| 07| 23| 82
(Hz)
Low
material

-17 | 25| 47 5| 35| 56| 33| 17 4| 52| 27| 12| -16 | 41 9
temperatur
e (°C)
Low sine

07]106]07]07}07]07]07]07]07]07]07]07]07]0.7] 0.6
wave

95| 29 41 24 31 14| 19 4| 34| 05| 28

(Vmin/Vef)
Low 22| 22| 22| 21| 22| 21| 23| 22| 22| 21| 22| 22| 22| 22| 21
Voltage (V) 2 7 6 8 9 5 0 6 1 6 7 8 1 5 7
Low
weather

71 27| 17| -2| 35| 21| 14 51 28| 14| 24| 34| -11| 21 6
temperatur
e (°C)
Low wind

7| 14| 10| 18 51 13| 15 8| 12| 17 41 12| 15 9 6
speed
Over

63| 50| 70| 55| 50| 73| 58| 66| 75| 71| 53| 50| 67| 58| 69
Current (A)
Over 22| 22| 21| 22| 21| 22| 22| 22| 21| 22| 21| 22| 22| 22| 21
Voltage (V) 0 4 9 6 8 8 2 7 7 9 6 5 1 6 8
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Phases 12| 12 32| 12| 12| 12| 12| 12| 12| 12| 12| 21| 12| 12| 12
(Order) 3 3 1 3 3 3 3 3 3 3 3 3 3 3 3

River (m/s) 71 15| 14 8| 19| 12 9|1 16| 17| 13| 18| 15| 17| 10| 17
55| 69| 44| 8| 47| 75| 98| 63| 82| 98| 64| 81| 88| 83| 64
00| 24| 25| 54| 52| 42| 54| 52| 35| 65| 25| 24| 32| 52| 95

Sun
(Candela)

Appendix B. (Six-Level Responses Given Along One Year with According to the
Reference Boundaries and System Rules)

N D 15/ | 09/ | 05/ |29/ |27/ |26/ |21/ | 18/ | 13/ | 10/ | 05/ | 02/ | 28/ | 25/ | 24/
ame a
y ‘ 08/ |09/ |10/ | 10/ | 11/ | 12/ | 01/ | 02/ | 03/ | 04/ | 05/ | 06/ | 06/ | 07/ | 08/
X e
b 22 |22 |22 |22 |22 |22 |23 |23 |23 |23 |23 |23 |22 |23 |23
sub-

13: | 14: | 13: | 15: | 12: | 15: | 13: | 11: | 14: | 12: | 13: | 14: | 15: | 12: | 14:
progr | Ti

25: | 34: | 31: | 12: | 36: | 05: | 47: | 56: | 09: | 48: | 13: | 21: | 05: | 53: | 02:
ams me

13 |47 |15 |22 |58 |37 |16 |46 |14 |26 |26 |45 |18 |37 |22
Earthquake

1 2 4 1 1 2 3 4 5 4 1 1 2 3 1
(Richter)
Flame
(Photovolta 1 2 3 1 3 2 2 6 1 1 2 1 4 1 1
ge)
Fuel (Liter) 3 2 1 3 2 5 3 1 1 1 1 5 6 4 5
High
frequency 1 3 2 1 5 2 1 2 3 6 5 2 1 2 4
(Hz)
High
material

1 2 3 2 3 3 4 3 4 4 2 2 2 5 6
temperature
(°C)
High
weather

1 2 2 3 4 4 5 6 4 3 3 1 2 2 1
temperature
(°C)
High wind

3 2 4 1 1 2 1 4 1 2 1 1 5 2 1
speed (m/s)
High Sine
wave rate 3 2 3 4 5 2 3 3 2 2 6 2 2 3 1
(Vmax/Vef)
Humidity

1 2 1 2 5 2 4 1 3 2 1 2 2 1 1
(%)
Leakage
Current 2 1 1 3 2 4 6 2 3 1 1 3 2 1 2
(mA)
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Load (A) 2 4 2 1 3 5 4 1 1 2 2 3 2 3 2
Low
frequency 5 1 1 2 4 3 2 6 1 5 3 3 1 1 1
(Hz)
Low
material
4 3 2 2 1 2 2 1 2 1 1 2 3 3 4
temperature
("C)
Low sine
wave 2 3 1 2 4 6 3 4 1 2 3 4 5 2 3
(Vmin/Vef)
Low
3 2 3 4 1 2 3 3 2 4 4 1 5 3 2
Voltage (V)
Low
weather
5 2 3 1 2 1 2 1 1 4 3 2 5 3 4
temperature
("C)
Low wind
3 2 4 1 2 1 2 3 3 1 4 5 2 2 8
speed
Over
1 2 3 5 3 2 3 4 3 6 3 2 1 3 4
Current (A)
Over
1 5 3 2 3 4 2 2 3 2 5 3 2 6 3
Voltage (V)
Phases
1 1 1 6 1 1 1 1 6 1 1 1 1 1 1
(Order)
River (m/s) 4 1 3 2 5 2 2 1 1 2 5 2 1 1 6
Sun
3 1 2 2 2 1 2 2 1 3 3 3 2 1 1
(Candela)
17
Dat | /1 11/ | 03/ | 28/ | 24/ | 18/ | 09/ | 03/ | 29/ | 27/ | 26/ | 24/ | 22/ | 21/ | 19/
a
Nam o/ 11/ | 12/ | 12/ | 01/ | 02/ | 03/ | 04/ | 04/ | 05/ | 06/ | 07/ | 08/ | 09/ | 10/
e
es of ’3 23 |23 |23 |24 |24 |24 |24 |24 |24 |24 |24 |24 |24 |24
sub- 15
prog Ti . 13: | 12: | 14: | 11: | 13: | 15: | 14: | 13: | 12: | 14: | 13: | 12: | 14: | 13:
im | :
rams 5 29: | 57: | 36: | 56: | 36: | 31: | 18: | 24: | 46: | 12: | 13: | 48: | 09: | 24:
e :
" 64 |38 |08 |12 |45 |16 |34 |59 |21 |13 |48 |31 |45 |36
Earthquake
2 4 2 1 2 4 1 1 2 3 2 1 1 5 2
(Richter)
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Flame
(Photovolta | 1 2 1 4 3 2 5 2 3 1 6 3 2 1 4
ge)
Fuel (Liter) | 1 3 5 4 1 1 1 2 3 4 2 6 2 1 2
High
frequency 2 4 3 6 2 2 3 5 2 2 1 5 2 2 4
(Hz)

High

material
temperatur
e (°C)

High

weather

temperatur
e (°C)

High wind
speed (m/s)
High Sine
wave rate | 1 3 2 3 3 3 1 4 2 2 6 3 2 1 5
(Vimax/Vef)
Humidity
(%)
Leakage
Current 1 2 3 2 4 1 2 1 2 1 6 3 5 2 1
(mA)
Load (A) 1 6 2 3 1 4 2 3 2 1 4 3 2 5 1
Low
frequency 3 1 5 2 1 4 3 2 1 6 2 3 2 1 4
(Hz)

Low
material
temperatur
e (°C)

Low sine
wave 1 5 2 1 3 2 4 3 1 2 4 2 1 3 6
(Vmin/Vef)

Low
Voltage (V)

Low
weather
temperatur
e (°C)
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Low wind

speed

Over

3 1 4 2 1 5 2 3 6 4 2 1 3 2 4
Current (A)
Over

2 3 1 4 1 5 2 4 1 6 1 3 2 4 1
Voltage (V)
Phases

(Order)
River (m/s) | 1 3 2 1 6 2 1 3 4 2 5 3 4 1 4

Sun
(Candela)

Appendix C. (Program Codes)

% === mainMonitoringSystem.m ===

% Monitoring System 22 Subprograms

% Graphing a Colored Dot for Each Error Level (1 to 6)

% 6 Colors: From Green (1) to Dark Red (6)

% Printing a Table of Actual Values and Another of Error Levels

close all;
numlterations =15; % Number of program repetitions
intervalMinutes = 0.1; % Time period

% === Program Names (to be displayed on the horizontal axis) ===

sensorNames = { 'earth quake', 'flame’, 'fuel’, 'high frequency’, 'high material temperature’,...
'high weather temperature’, 'high wind speed’, 'high sinewd', 'humidt', 'leakage current,,...
'load’, 'low frequency’, low material temperature', low sinewd', low voltage',...
'low weather temperature’, low wind speed’, 'over current’, 'over voltage', 'phases),...
'river', 'sun' };

numSensors = length(sensorNames); % Number of subprograms

% === Calculating the operating time ===
timeStamps = datetime('now') + minutes((0:numlterations-1)*intervalMinutes);

% === Storing the original random values of subprograms ===

earthquakeValues = zeros(1, numlterations);
flameValues = zeros(1, numlterations);
fuelValues = zeros(1, numlIterations);

highfrequencyValues = zeros(1, numlterations);

highmaterialtemperatureValues = zeros(1, numlIterations);
highweathertemperatureValues = zeros(1, numlterations);

highwindspeedValues = zeros(1, numlterations);
higsinewdValues = zeros(1, numlIterations);
humidtValues = zeros(1, numlIterations);
leakagecurrentValues = zeros(1, numlterations);
loadValues = zeros(1, numlIterations);
lowfrequencyValues = zeros(1, numlterations);
lowmaterialtemperatureValues = zeros(1, numlterations);
lowsinewdValues = zeros(1, numlIterations);
lowvoltageValues = zeros(1, numlIterations);
lowweathertemperatureValues = zeros(l, numlterations);
lowwindspeedValues = zeros(1l, numlterations);
overcurrentValues = zeros(1, numlterations);
overvoltageValues = zeros(1, numlterations);
phasesValues = zeros(1, numlIterations);
riverValues = zeros(1, numlterations);
sunValues = zeros(1, numlIterations);
% === Storing values resulting from running subprograms (error level) ===
earthquakeError = zeros(1, numlterations);
flameError = zeros(1, numlIterations);
fuelError = zeros(1l, numlIterations);
highfrequencyError = zeros(1, numlterations);

highmaterialtemperatureError = zeros(1, numlterations);
highweathertemperatureError = zeros(1, numlIterations);
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highwindspeedError = zeros(1, numlterations);
higsinewdError = zeros(1, numlIterations);
humidtError = zeros(1, numlterations);
leakagecurrentError = zeros(1, numlterations);

loadError = zeros(1, numlIterations);

= zeros(1, numlterations);
lowmaterialtemperatureError = zeros(1, numlterations);
lowsinewdError = zeros(1, numlterations);
lowvoltageError = zeros(1, numlterations);
lowweathertemperatureError = zeros(1, numlterations);

lowfrequencyError

lowwindspeedError = zeros(1, numlterations);
overcurrentError = zeros(1, numlterations);
overvoltageError = zeros(1, numlterations);
phasesError = zeros(1, numlIterations);
riverError = zeros(1, numlIterations);
sunError = zeros(1, numlterations);

% === Definition of 6 colors from green (1) to dark red (6) ===
colorMap = [

0.0, 0.7, 0.0; % 1: Dark green (least dangerous)

0.0, 0.9, 0.3; % 2: Light green

0.8, 0.8, 0.0; % 3: Yellow

1.0, 0.6, 0.0; % 4: Orange

1.0, 0.3, 0.3; % 5: Light red

0.8, 0.0, 0.0 % 6: Dark red (most dangerous level)

)7

% === Execute the required number of runs ===
for i = l:numlterations

% Calculate the operating date and wait
ifi>1
waitTime = timeStamps(i) - datetime('now’);
secondsToWait = seconds(waitTime);
if secondsToWait > 0
pause(secondsToWait);
end
end
% Calling subprograms and getting the value and error

weathertx = randi([-10, 40]);

[highweathertemperatureValues(i), highweathertemperatureError(i)]
[lowweathertemperatureValues(i), lowweathertemperatureError(i)]

max_freq =50.4 ;

min_freq =49.6 ;

frequencydx=rand() * (50.4 - 49.6 )+ 49.6 ;
[highfrequencyValues(i), highfrequencyError(i)]
[lowfrequencyValues(i), lowfrequencyError(i)]

tempmtx = randi ([-20, 60 ]);
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= GetHighWeatherTemperature(weathertx);
= GetLowWeatherTemperature(weathertx);

= GetHighFrequency(frequencydx);
= GetLowfrequency(frequencydx);

[highmaterialtemperatureValues(i), highmaterialtemperatureError(i)] = GetHighMaterialTemperature(tempmtx);

[lowmaterialtemperatureValues(i), lowmaterialtemperatureError(i)]

windspx = randi([ 4 ,20]);
[highwindspeedValues(i), highwindspeedError(i)]
[lowwindspeedValues(i), lowwindspeedError(i)]

voltvx = randi ([ 215, 230]);
[overvoltageValues(i), overvoltageError(i)]
[lowvoltageValues(i), lowvoltageError(i)]

[earthquakeValues(i), earthquakeError(i)]
[flameValues(i), flameError(i)]

[fuelValues(i), fuelError(i)]

max_wdm = 330;

min_wdm =310;

sinewdm = rand()* (max_wdm - min_wdm)+ min_wdm;
max_dex = 230;

min_dex = 218;

sinewdex = rand()* (max_dex - min_dex) + min_dex;
[higsinewdValues(i), higsinewdError(i)]
[lowsinewdValues(i), lowsinewdError(i)]
[humidtValues(i), humidtError(i)]
[leakagecurrentValues(i), leakagecurrentError(i)]
[loadValues(i), loadError(i)]

= GetLowMaterial Temperature(tempmtx);

= GetHighWindSpeed(windspx);
= GetLowWindSpeed(windspx);

= GetOverVoltage(voltvx);
= GetLowVoltage(voltvx);

= GetEarthQuake();
= GetFlame();
= GetFuel();

= GetHigSinewd(sinewdex,sinewdm);
= GetLowSinewd(sinewdex,sinewdm);
= GetHumidt();
= GetLeakageCurrent();
= GetLoad();
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[overcurrentValues(i), overcurrentError(i)] = GetOverCurrent();
[phasesValues(i), phasesError(i)] = GetPhases();
[riverValues(i), riverError(i)] = GetRiver();
[sunValues(i), sunError(i)] = GetSun();

% - Create a new drawing for each cycle -
figure(i);
set(gcf, 'Position’, [100, 100, 1400, 600]); % Expand window

% Values obtained from running programs for this time
errors = [earthquakeError(i), flameError(i), fuelError(i), highfrequencyError(i), ...

highmaterialtemperatureError(i), highweathertemperatureError(i), highwindspeedError (i), ...

higsinewdError(i), humidtError(i), leakagecurrentError(i), loadError(i), ...
lowfrequencyError(i), lowmaterialtemperatureError(i), lowsinewdError(i), ...
lowvoltageError(i), lowweathertemperatureError(i), lowwindspeedError(i), ...
overcurrentError(i), overvoltageError(i), phasesError(i), riverError(i), sunError(i)];

x_positions = 1: numSensors ;

% Set a color for each level point
colors = zeros(numSensors, 3);
for k = I:numSensors
e = errors(k);
ife>=1&&e<=6
colors(k, :) = colorMap(e, :); % e is the number from 1 to 6
else
colors(k, :) =[0.5, 0.5, 0.5]; % Gray for incorrect values
end
end
% Draw colored circular dots
scatter(x_positions, errors, 120, colors, ‘o', 'filled');

% Drawing specifications

%title(['Error level in parts of the power generation system ', num2str(i), ' - ', char(timeStamps(i))], ...
%  'FontSize', 14, FontWeight', bold');

xlabel('Names of sub-programs', 'FontSize', 12);

ylabel('Error level (0 to 6)', 'FontSize', 12);

set(gca, 'XTick', x_positions, 'XTickLabel', sensorNames);

xtickangle(90);

% - Defining the y-axis boundaries from 0 to 6 -

ylim([0, 6]); % Full range from 0 to 6
yticks(0:6); % marks at0, 1, 2, ..., 6
grid on;

xlim([0.5, numSensors + 0.5]);

end

individualNames = {'Earthquake', 'Flame', 'Fuel', 'HighFreq', 'HighMatTemp’, ...
'HighWeatherTemp', 'HighWindSpeed', 'HigSinewd', Humidt', LeakageCurrent,, ...
'Load’, LowFreq', 'LowMatTemp', 'LowSinewd’, LowVoltage', LowWeatherTemp,...
"LowWindSpeed', 'OverCurrent', 'OverVoltage', 'Phases', 'River', 'Sun'};

allErrors = [

earthquakeError;  flameError;  fuelError; highfrequencyError; highmaterialtemperatureError; ...
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highweathertemperatureError; highwindspeedError;  higsinewdError; humidtError; leakagecurrentError; ...

loadError;  lowfrequencyError; lowmaterialtemperatureError; lowsinewdError; lowvoltageError; ...
phasesError; ...

lowweathertemperatureError; lowwindspeedError; overcurrentError; overvoltageError;
riverError;  sunError];

for k = I:numSensors
figure(startFigureNum +k - 1);

plot(l:numlIterations, allErrors(: k), -o', 'LineWidth', 2, 'MarkerSize', 6, 'Color', colorMap(3,:));

title([individualNames{k}, 'error level for all sub-program '], 'FontSize', 14, 'FontWeight', 'bold');
xlabel('Name off sub-programs', 'FontSize', 12);

ylabel('Error level (0 to 6)', 'FontSize', 12);

ylim([0, 6]);
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yticks(0:6);

grid on;

xlim([1, numlIterations]);

set(gca, 'XTick', 1:numlterations);
end

%

O ===

% === Create a table of random input values ===
T_raw = table(...
timeStamps', earthquakeValues', flameValues', fuelValues', highfrequencyValues,...
highmaterialtemperatureValues', highweathertemperatureValues', highwindspeedValues', higsinewdValues',...
humidtValues', leakagecurrentValues', loadValues', lowfrequencyValues', lowmaterialtemperatureValues',...
lowsinewdValues', lowvoltageValues', lowweathertemperatureValues', lowwindspeedValues', overcurrentValues',...
overvoltageValues', phasesValues', riverValues', sunValues/, ...
'VariableNames', {'Time', 'Earthquake’, Flame', 'Fuel', 'HighFreq', 'HighMatTemp/, ...
'HighWeatherTemp', 'HighWindSpeed', 'HigSinewd', Humidt', LeakageCurrent,, ...
'Load’, LowFreq', 'LowMatTemp', 'LowSinewd’, LowVoltage', LowWeatherTemp,...
"LowWindSpeed', 'OverCurrent', 'OverVoltage', 'Phases’, River', 'Sun'} );

fprintf('\n===Table of random input values ===\n'");
disp(T_raw);

% === Create an error level table ===

T_errors = table( timeStamps', earthquakeError', flameError', fuelError', highfrequencyError’,...
highmaterialtemperatureError', highweathertemperatureError', highwindspeedError’, higsinewdError),...
humidtError', leakagecurrentError', loadError', lowfrequencyError', lowmaterialtemperatureError’, ...
lowsinewdError', lowvoltageError', lowweathertemperatureError', lowwindspeedError', overcurrentError’,...
overvoltageError', phasesError’, riverError', sunError’, ...
'VariableNames', {'Time', 'Earthquake_Error', 'Flame_Error', 'Fuel_Error', 'HighFreq_Error',...
'HighMatTemp_Error', 'HighWeatherTemp_Error', 'HighWindSpeed_Error', 'HigSinewd_Error', 'Humidt_Error',...
'LeakageCurrent_Error', 'Load_Error', 'LowFreq_Error', LowMatTemp_Error', 'LowSinewd_Error’,...
"LowVoltage_Error', LowWeatherTemp_Error', LowWindSpeed_Error', 'OverCurrent_Error’,...
'OverVoltage_Error', Phases_Error', River_Error', 'Sun_Error'} );

fprintf('\n=== Error level table ===\n');
disp(T_errors);

% Preallocate repetition counts for each iteration
repetitionData = zeros(numlterations, 6); % Columns: Count of levels 1 to 6

for i = I:numlterations
currentErrors = [earthquakeError(i), flameError(i), fuelError(i), highfrequencyError(i), ...
highmaterialtemperatureError(i), highweathertemperatureError(i), highwindspeedError(i), ...
higsinewdError(i), humidtError(i), leakagecurrentError(i), loadError(i), ...
lowfrequencyError(i), lowmaterialtemperatureError(i), lowsinewdError(i), ...
lowvoltageError(i), lowweathertemperatureError(i), lowwindspeedError(i), ...
overcurrentError(i), overvoltageError(i), phasesError(i), riverError(i), sunError(i)];

% Call the subprogram (make sure countErrorRepetitions.m exists)
Repet = countErrorRepetitions(currentErrors);

% Store

repetitionData(i, :) = Repet;

errorrepit();
end
% -—- Convert timeStamps to cell array of strings for RowNames -—
rowNames = cell(numlterations, 1);
for i = I:numlterations

rowNames{i} = datestr(timeStamps(i), HH:MM:SS'); % Format: 14:30:22
end
% - Create the repetition table -

T_repetition = array2table(repetitionData, ...

'RowNames', rowNames, ...

'VariableNames', {Repet_1', Repet_2', 'Repet_3', Repet_4', Repet_5', 'Repet_6'});
fprintf('\n=== Repetition Count Table (1 to 6) ==\n");
disp(T_repetition);

% === Save tables to Excel files ===
try

writetable(T_raw, 'Raw_Data.xlsx');

writetable(T_errors, 'Errors_Report.xlsx');

writetable(T_repetition, 'Repetition_Report.xlsx’);

fprintf('Reports saved to Excel files.\n');
catch
fprintf('Warning: Files were not saved.\n');

license.
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end
Note: Besides 22 Subprograms
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