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Abstract: The work presents the realization of a solar cell orientation system using a 

pyramidal sensor. At the base of this system is the pyramidal sensor that captures the 

luminous flux and transmits it in the form of information to the block responsible for signal 

processing. The main component within this block is the operational amplifier AO 741, 

which amplifies the signal before reaching the motor drive block. Within this block we will 

meet an H-bridge that has the role of changing the direction of the current in the motors, 

thus resulting in the change of the direction of rotation. In this way, going through all the 

blocks described, the signal resulting from the pyramid sensor leads to the finality of the 

movement, namely, the top of the pyramid is oriented towards the sun. When the light flux 

will fall from a different angle on the sensor, the process will start again, reorienting the 

pyramidal sensor. 

 

 

 

1. INTRODUCTION 

 

Concerns about climate change, excessive dependence on fossil fuels and their 

negative impact on the environment have led humanity to intensify its research on renewable 

and alternative energies in recent decades [1].  

Thus, renewable energy has increasingly become a priority as awareness of 

environmental issues and the need to diversify our energy sources has grown worldwide. This 

fact has led to a continuous development in the field of solar, wind, hydroelectric and other 

forms of renewable energy [2]. 

https://doi.org/10.34302/CJEE/DACO1267
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This work only concerns the field of solar energy, and the idea of producing such a 

system comes from an analysis of solar panels and their orientation systems existing on the 

market. 

A general analysis made on the energy efficiency indicates that the solar panels with 

an orientation system following the sun are clearly superior to those with a fixed system, 

registering a significant increase in terms of the level of energy production [3]. Although such 

a system increases productivity considerably, it present higher costs, mainly due to the need 

for additional components and more complex software-based technology. Therefore, we 

decided to implement a simple, reliable and much cheaper system based exclusively on 

hardware automation, but which would ensure the same performance as a software-based 

system. 

In order to understand how the device works, we will briefly explain the steps taken 

by the system in the process of orienting the solar panels. It all starts with the pyramidal 

sensor that captures the light flux and converts it into a signal, which is transmitted to a 

processing block where the signal will be interpreted. As a result of this interpretation, a 

command signal is generated which is transmitted to the drive unit of the motors. From this 

point the motors will be actuated and will lead to the repositioning of the solar panels and the 

pyramid sensor. 

Observing how the system works we can see that the value of this system is found in 

its simplicity. 

 

 

2. SYSTEM DESCRIPTION 

 

2.1. Description of Functional Blocks 

 

The system shown in fig. 1 follows a perfectly linear course of operation without 

interference or external adjustments, therefore the device once switched on acquires full 

autonomy. Even the orientation movement of solar panels based specifically on the concept 

of action-reaction amplifies this autonomy. The system illustrated in the figure below works 

exclusively through automatic hardware and in the following paragraphs we will present the 

electrical components found at the base of each operational block. 

 The pyramid sensor consists of four photovoltaic cells placed on each face of the 

pyramid. Photovoltaic cells are grouped in two pairs and connected in parallel, when one pair 

is illuminated it will provide energy, therefore transmitting a signal while the other pair will 

remain inactive. We mention the fact that the electrical voltage resulting from the sensor in a 

direction of travel, depending on how the light flux falls on the pyramid can be positive or 

negative. If the light flux will fall on both pairs, they will produce energy simultaneously, and 

due to the fact that they are connected in parallel, they will cancel each other out.  
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Fig. 1. System structure 

 

It should be noted that this block responsible for capturing the light flux could be made 

in multiple ways, for example: the geometric shape of the sensor does not have to be a 

pyramid, it can even be a sphere. The light flux capture element itself does not need to be 

made with photovoltaic cells, if we wanted to minimize the project we could even use 

photoresistors. 

 The reason we used photovoltaic cells is due to the fact that they are built by design 

to follow the light spectrum that the photovoltaic panels were built for. An added advantage 

to using solar cells is that they provide easily processed voltages between 0-3V that can be 

easily filtered by optical and electrical interference. 

 Regarding the geometric shape used to implement the sensor, we chose the pyramid 

because it is ideal for capturing the light flux from all four cardinal points thus giving us the 

necessary signals for elevation and azimuth movement. 

 The next two blocks present in the system, as the name suggests, deal with the 

processing of the signal received from the sensor. These circuits are similar, with the only 

difference that one handles the horizontal movement and the other the vertical one,  but the 

basis of both circuits is the AO741 in the amplifier assembly. 
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The AO741 circuit has adjustable amplification and can be modified from a semi-

adjustable resistor. This feature will control the sensitivity of the orientation circuit and is 

adjusts at startup under normal lighting conditions.  

The output of the operational amplifier drives a final stage in class B with load 

distributed in the collectors of the complementary transistors. Transistors being pure class B, 

they can never both conduct at the same time, having a voltage range at the output of the 

operational amplifier in which none of the transistors conducts. This creates an interval where 

the H-bridge is at rest, an event that occurs when opposite faces of the pyramid are equally 

illuminated. We mention that an RC high-pass filter is placed before the operational amplifier, 

it has the role of filtering the signal from optical interference. 

The next blocks present in the system are those for driving the motors to obtain the 

two directions, namely azimuth and elevation. These blocks are also identical. Thus, each 

block contains an H-bridge, it is made with relays and is controlled by the previous block. 

The role of the H-bridge is to change the direction of rotation of the direct current motors, 

depending on the need to move the photovoltaic panel on which the pyramidal sensor is 

mounted. 

The last two blocks present in the scheme represent the motors that make the 

movement of the solar panels and the pyramid sensor. These are direct current motors that 

change their direction of rotation depending on the change of polarity of the supply, they are 

motors with low consumption and with a simple actuation. 

Once all the blocks have been presented, we reach the end of the scheme and also the 

end of the orientation process of the solar panel. At this point, the top of the pyramidal sensor 

will be oriented towards the sun and the luminous flux will fall perpendicular to the 

photovoltaic cells. When the position of the sun changes, the entire system orientation process 

will be restarted from the first step, going through all the blocks again and reorienting the 

solar panels. 

 

2.2. Electrical Diagram of the System 

 

Through the previously presented blocks, we can understand at least conceptually how 

the system works. But through the electrical scheme shown in fig. 2, we can observe and 

understand practically how it works. 

Although at first look the wiring diagram may seem difficult to understand, it works 

and is structured exactly like the blocks already explained in the previous paragraphs. In the 

first part of the electrical diagram, we can observe how the signal reaches the operational 

amplifier whose amplification is adjusted with the help of potentiometer R3. The output of 

the amplifier drives the collectors of the two transistors which can never both conduct at once. 
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Fig. 2. Electrical diagram of the system 

 

As can be seen in the diagram above, there are four relays that make up two groups. 

Each transistor is connected to a group of relays, and depending on the need, the required 

relay group will be activated by one of the transistors. In this way, the polarity of the motor 

supply is changed, leading to a change in its direction of rotation. Within the system there are 

two such electrical circuits, one for azimuth movement and the other for elevation movement. 

We mention the fact that from this electrical diagram itself we can notice the simplicity of the 

system. 

 

 

3. SIMULATIONS AND RESULTS 

 

In the following, we will present a comparison between a fixed solar panel and a solar 

panel with an orientation system. Based on these comparisons, it will be possible to see that 

a solar panel with an orientation system considerably increases the energy produced. 

The reason this improvement in energy efficiency occurs is because an orientation 

system maximizes the solar panel's exposure to solar radiation over the course of a day. This 

fact is best highlighted on cloudy days or in diffuse light conditions, as the system will adjust 

the position of the solar panel to optimize the capture of the light flux. In contrast, this 

adaptability for such conditions is missing in the case of fixed solar panels. 

To simulate the energy production of the photovoltaic system, we used the PVGIS 

(Photovoltaic Geographical Information System) platform [4]. The choice of the PVGIS 

platform was motivated by the fact that it provides real, long-term climate data, fully validated 

and used in photovoltaic research at European level. 

  



Carpathian Journal of Electrical Engineering           Volume 19, Number 1, 2025 

12 

 

3.1. Characteristics of the photovoltaic module used in the simulations 

 

To perform the energy simulations, we used a monocrystalline photovoltaic module 

with a nominal power of 150 W, whose technical characteristics and electrical parameters 

under standard test conditions (STC) are presented in fig. 3.  

 

 

Fig. 3. Technical characteristics of the 150 W monocrystalline photovoltaic module [5] 

 

The module has an efficiency at STC of 18.66%, a characteristic value for modern 

monocrystalline panels, which reflects the ratio between the incident light energy and the 

useful electrical energy obtained under ideal conditions. These parameters are essential for 

describing the electrical behavior of the module and serve as input data for modeling the 
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panel’s performance both in a fixed configuration and in a mobile configuration with a 

tracking system. 

Although the efficiency and STC parameters do not directly influence the energy 

simulation performed through PVGIS, their inclusion is necessary for the complete 

characterization of the module. 

 

3.2. Simulation of the Fixed Photovoltaic System 

 

The performance of the fixed photovoltaic system was evaluated using the PVGIS 

platform (version 5.3). The simulations were performed for the location of Baia Mare, 

Romania, characterized by the geographical coordinate latitude 47.656° N, longitude 23.595° 

E and an approximate altitude of 240 m. In the analysis, the influence of the local relief was 

taken into account by activating the automatic horizon calculation option (Use terrain 

shadows: calculated horizon). 

The analyzed system consists of a single photovoltaic panel with a nominal power of 

150 W (0.15 kWp), based on crystalline silicon technology. For the performance evaluation, 

the PVGIS-SARAH3 solar radiation database was used, and the total system losses were 

estimated at 14%, including losses due to temperature, cables, inverter and other operational 

factors. 

The photovoltaic panel was considered to be mounted on an independent structure 

(free-standing), with a fixed mounting system. The tilt angle and the orientation towards the 

south were determined automatically by activating the slope and azimuth optimization option, 

thus ensuring operating conditions close to the optimal ones for the analyzed location. Based 

on these settings, the results regarding the energy production and the annual performance of 

the photovoltaic system were obtained, presented and analyzed in the following section. 

 

 

Fig. 4. Main results for a fixed PV system 

 

The results obtained in fig. 4. show that the analyzed system achieves an annual 

electricity production of 173.38 kWh, which corresponds to a specific efficiency of 

approximately 1155 kWh/kWp/year, a value representative for the areas of northern Romania. 

The annual solar irradiation on the panel plane was estimated at 1467.38 kWh/m², which 

confirms the existence of an adequate solar potential for the studied location. Following the 
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automatic optimization process, the optimal tilt angle of the panel was determined at “37°”, 

with an azimuth very close to the southern direction “−2°”. 

Fig. 5. shows the monthly distribution of the electricity produced by the analyzed fixed 

photovoltaic system. A pronounced seasonal variation in energy production is observed, 

determined by the change in the level of solar irradiation throughout the year. The maximum 

production is recorded in the summer months, especially in the period June–August, when 

the production exceeds 20 kWh, while the minimum values occur in the cold season, reaching 

approximately 5.25 kWh in December. This behavior is characteristic of fixed-angle 

photovoltaic systems installed in temperate climate zones and confirms the direct dependence 

between the energy generated and the availability of the solar resource. 

 

Fig. 5. Monthly energy output from fixed-angle PV system 

 

3.3. Simulation of the Tracking Photovoltaic System 

 

 The performance of the tracking PV system (dual-axis tracking) was evaluated using 

the same simulation platform, PVGIS (version 5.3), to ensure direct comparability with the 

results obtained for the fixed PV system. The simulations were performed for the same 

location, keeping the fixed module options active. 

The analyzed system consists of a single photovoltaic panel with a nominal power of 

150 W (0.15 kWp), based on crystalline silicon technology, identical to that used in the 

fixed system. The same PVGIS-SARAH3 solar radiation dataset was utilized, while the 

total system losses were maintained at 14%. Thus, the only difference between the two 

analyzed configurations is represented by the orientation mechanism of the photovoltaic 

panel. 

In this configuration, the photovoltaic panel was considered mounted on a dual-axis 

solar tracking system, which allows the continuous orientation of the photovoltaic panel 

surface in both azimuth and elevation directions, depending on the position of the sun 
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throughout the day. This mounting strategy ensures a favorable angle of incidence of solar 

radiation on the panel for a longer period of time compared to a fixed mounting system, 

leading to an increase in the captured energy. 

 

 

Fig. 6. Main results for the tracking PV system 

 

The results obtained in fig. 6. indicate an annual electricity production of 228.48 kWh, 

higher than that obtained in the case of the fixed installation system. This value corresponds 

to a specific efficiency of approximately 1523 kWh/kWp/year, highlighting the energy 

advantage of using the solar tracking mechanism. The annual solar irradiation on the panel 

plane was estimated at 1919.53 kWh/m², a significantly higher value than in the fixed system 

configuration, as a result of the continuous alignment of the panel with the position of the 

sun. 

The monthly distribution of the electricity produced by the dual-axis tracking 

photovoltaic system is shown in fig. 7. The same seasonal variation characteristic of 

photovoltaic systems is observed, with maximum production values in the summer period, 

especially in the months of June–August, when the monthly production reaches 

approximately 29 kWh, and minimum values in the cold season, with a minimum of 

approximately 6.5 kWh in December. Compared to the fixed-mount system, the solar tracking 

configuration leads to an increase in monthly production throughout the year, the difference 

being more pronounced in periods of high solar irradiation. 

 

 

Fig. 7. Monthly energy output from tracking PV system 
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3.4. Comparison of Fixed and Tracking Photovoltaic Systems 

 

Table 1. Monthly energy production comparison between fixed and tracking photovoltaic systems. 

 

Month 

Monthly energy 

production – fixed 

PV system (kWh) 

Monthly energy 

production – tracking 

PV system (kWh) 

Relative energy gain of 

tracking system (%) 

January 6.38 7.82 22.57 

February 9.22 11.44 24.07 

March 15.00 18.91 26.07 

April 17.22 22.34 29.75 

May 18.98 25.58 34.77 

June 19.76 27.22 37.76 

July 20.84 29.04 39.35 

August 20.98 28.49 35.79 

September 16.98 22.03 29.74 

October 14.01 17.91 27.84 

November 8.76 11.14 27.17 

December 5.25 6.55 24.76 

 

In Table 1 presents the energy produced by the fixed photovoltaic system and the 

photovoltaic system equipped with a solar tracking mechanism. The comparison is performed 

for each month of the year under identical operating conditions. The fourth column presents 

the relative energy gain of the tracking system, expressed as the percentage increase in energy 

production compared to the fixed photovoltaic system. 

 The use of a dual-axis solar tracking system results in a significant increase in energy 

production throughout the entire year, with relative gains ranging from approximately 22% 

during the winter months to nearly 40% in summer, the highest improvements being observed 

between June and July. These results demonstrate that continuous adjustment of the panel 

orientation allows the system to maintain an optimal incidence angle, leading to enhanced 

performance, particularly under high solar irradiance conditions. 

However, the table above illustrates an ideal case, in which only the gross energy 

production is considered, without taking into account the energy consumed by the tracking 

mechanism. In order to provide a more realistic assessment of the efficiency of the mobile 

system compared to the fixed configuration, the analysis was repeated by deducting the 

auxiliary energy consumption associated with the tracking system. 
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3.5. Comparison of Fixed and Tracking Photovoltaic Systems Considering the Energy 

Consumption of the Tracking Mechanism 

 

It is important to specify that within the guidance system, the decision-making part, 

having a simple structure and being strictly implemented with hardware, generates low energy 

consumption. In contrast, the execution part, represented by the motors that adjust the position 

of the solar panel, requires a significant amount of energy. The tracking mechanism is 

considered at a conceptual level, without a specific motor implementation, and its energy 

consumption is estimated based on values reported in the literature for small-scale dual-axis 

tracking systems. 

To ensure a conservative and realistic assessment, it was assumed that the auxiliary 

energy consumption of the tracking mechanism is equal to 5% of the total annual energy 

production of the tracking PV system. This annual auxiliary energy consumption represents 

the cumulative energy required for continuous orientation of the panels throughout the year. 

The estimated annual auxiliary energy consumption was then subtracted from the gross 

annual energy production obtained from the PVGIS simulations to determine the net energy 

yield of the tracking system. 

Although the auxiliary energy consumption of the tracking mechanism was estimated 

annually (5% of the total annual energy production), a monthly comparison of net energy was 

required. Therefore, the annual auxiliary consumption was distributed proportionally over the 

months, resulting in a uniform 5% reduction in the monthly tracking energy values. 

 

Table 2. Monthly net energy production comparison between fixed and tracking photovoltaic 

systems, including auxiliary energy consumption 

 

Month 

Monthly energy 

production – fixed 

PV system (kWh) 

Monthly net energy 

production – tracking 

PV system (kWh) 

Relative net energy gain 

of tracking system (%) 

January 6.38 7.43 16.46 

February 9.22 10.87 17.89 

March 15.00 17.96 19.73 

April 17.22 21.22 23.23 

May 18.98 24.30 28.03 

June 19.76 25.86 30.86 

July 20.84 27.59 32.39 

August 20.98 27.07 29.03 

September 16.98 20.93 23.26 

October 14.01 17.01 21.41 

November 8.76 10.58 20.78 

December 5.25 6.22 18.47 
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As shown in Table 2, after accounting for the auxiliary energy consumption of the 

tracking mechanism, the net annual energy production is reduced to approximately 217.04 

kWh. Despite this reduction, the system achieves a specific net yield of about 1447 

kWh/kWp/year, which clearly demonstrates the energy advantage of the solar tracking 

mechanism.  

Although the relative energy gain of the tracking system is reduced after accounting 

for the auxiliary energy consumption, the results demonstrate that a significant net advantage 

is preserved throughout the entire year. For the small-scale system considered in this study 

(150 W), the absolute energy gain remains modest, which is expected given the low installed 

power. 

However, it should be noted that the energy consumption of the tracking mechanism 

does not scale linearly with the installed photovoltaic power. Consequently, the relative 

benefit of solar tracking systems becomes increasingly relevant for medium and large-scale 

photovoltaic installations. In the present study, the proposed hardware-based tracking system 

is demonstrated for a small-scale application, serving as a proof of concept. 

In fig. 8, we can see our solar panel orientation system. Although this is only a 

prototype, it is fully functional and successfully demonstrates the possibility of making the 

current guidance systems more economical and energy efficient using only hardware 

automation. 

Therefore, the comparison between fixed and tracking installations demonstrates that 

tracking systems achieve a higher energy output, confirming their effectiveness in improving 

photovoltaic energy production. 

 

 

Fig. 8. Actual photograph of the experimental prototype 
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4. CONCLUSION 

 

This study presents the design and experimental validation of a photovoltaic panel 

orientation system implemented exclusively using hardware components. Unlike most 

commercial solar tracker solutions, which rely on microcontrollers, embedded software and 

digital signal processing, the proposed system achieves full autonomy through simple analog 

electronic circuits, resulting in a robust and low-complexity architecture that minimizes cost 

and potential failure points and removes the need for software programming, continuous 

calibration and maintenance. 

From an economic perspective, the reduction in system complexity translates directly 

into lower implementation and maintenance costs. The use of widely available analog 

components, such as operational amplifiers, discrete transistors, and relays, makes the system 

very attractive for applications requiring low cost. In addition, the absence of digital control 

units reduces both the initial investment and long-term operating expenses, providing a 

competitive alternative to commercially available tracking solutions, especially in 

applications where simplicity and reliability are prioritized. 

Another important advantage of the proposed system is the low auxiliary energy 

consumption at the control level. Unlike many tracking systems available on the market, 

which require continuous processing and permanently active control logic, the presented 

solution has low energy consumption at the control circuit level. 

The system also shows a high level of flexibility and adaptability. Thanks to its 

modular design, individual components can be easily replaced or adjusted, including the 

sensor geometry and the light detection elements. In addition, the adjustable sensitivity of the 

guidance circuit allows the system to operate effectively under different ambient lighting 

conditions without requiring a complete redesign. This level of flexibility is rarely found in 

commercial tracking systems, which are difficult to customize. 

In addition to the economic and structural advantages, the proposed solution 

demonstrates that efficient solar tracking can be achieved without sacrificing performance. 

Although the absolute energy gain remains modest for small-scale installations, the system 

serves as a functional proof of concept, validating the feasibility of hardware-based tracking 

solutions. 

In conclusion, the proposed solar tracking system represents a simple, cost-effective 

and energy-efficient alternative to commercial software-based solutions. By focusing on 

simplicity, autonomy and low energy consumption, the solution demonstrates that reliable 

orientation of photovoltaic panels can be achieved with minimal resources, while providing 

a solid starting point for future improvements and practical applications. 
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Abstract: In power systems, reactive compensation is a common and necessary practice to 

maintain the quality of electrical service. Disconnection of reactors or reactor banks is 

frequent, sometimes up to two or three times a day. Therefore, circuit breakers for this 

application must operate satisfactorily under the energization and de-energization processes 

of "inductive currents" that can cause the chopping interruption phenomenon, as well as in 

cases of magnetizing currents from unloaded transformers and load currents from induction 

motors. The proper selection of circuit breakers to operate inductive loads in medium-voltage 

systems is a critical aspect in the design and operation of electrical networks. Inductive loads, 

such as motors, transformers, and reactors, present unique challenges due to the voltage and 

current transients associated with their connection and disconnection. This article addresses 

the essential technical criteria for breaker selection, including interrupting capacity, surge 

resistance, and arc flash management. In addition, relevant international regulations are 

discussed, and case studies illustrating industry’s best practices are presented. The aim is to 

provide comprehensive guidance for engineers and designers seeking to optimize the 

reliability and safety of their electrical systems. 

 

 

 

1. INTRODUCTION 

 

Reactive compensation in electrical power systems is vital for maintaining service 

quality and operational efficiency. It is commonly implemented using reactors or reactor banks 

that are connected and disconnected via medium-voltage circuit breakers. These breakers must 

withstand the significant transient events that occur during such switching operations. 
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Therefore, the correct selection of these devices is paramount, with special attention to the arc 

extinguishing medium, to prevent premature failures that compromise system reliability. 

Inductive loads, such as motors, transformers, and reactors, store energy in their 

magnetic fields. Upon disconnection, this stored energy is released, generating voltage and 

current transients that can cause severe overvoltages [1, 2]. These phenomena, including inrush 

currents and electric arc generation, can compromise equipment integrity and reduce its 

operational lifespan [3]. Understanding these characteristics is essential for selecting a circuit 

breaker capable of handling these demanding conditions without failure. 

This article presents a case study from a 220 kV substation where a reactor connected 

to a 34.5 kV bus, fed by the tertiary winding of a 230/125/34.5 kV autotransformer, was 

protected by several circuit breakers that failed prematurely. The reactor's nameplate data is 

shown in Table 1. 

 

Table 1  Reactor data 

Guy PTD-20000/35T 

Strain 34.5 kV 

Current 209 A 

Frequency 60 Hz 

Ability 11800 kVA 

Source: Chapa data 

 

Initially, an air circuit breaker (installed in 1974) was used for protection and switching. 

It suffered severe damage, destroying one pole before its expected end of life. It was replaced 

by an oil circuit breaker, which experienced similar contact damage and was also replaced 

prematurely.      

On June 12, 2013, a 36 GI-E25 type SF6 switch was installed with the following 

nominal data: 

✓ Vn = 36 kV 

✓ In = 630 A 

✓ Interrupting Capacity = 25 kA 

By June 2016, only three years into 20 years expected lifespan and after only 1,802 of 

a rated 10,000 operations the contacts required replacement due to excessive resistance. This 

recurrent failure pattern prompted a detailed investigation into the root causes, involving a 

review of testing protocols, operational records, and relevant literature. 

This led us to begin a review and testing process to determine the possible cause of the 

failures in the aforementioned switches, consulting bibliographies and specialists in the field. 
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1.1. Brief theory on interruption of inductive currents 

In a high-voltage system, reactors are used to compensate for reactive currents in the 

system. These reactors are connected to the tertiary delta winding of the autotransformers, using 

medium-voltage switches, generally located in high-voltage substations. These reactors or 

reactor banks are sometimes operated up to two or three times a day, so the switches must 

operate satisfactorily. Proper switch selection is of great importance to minimize the probability 

of failure. 

The switching of reactors involves the interruption of small inductive currents, which 

can lead to the current chopping phenomenon and multiple reignitions during the interruption 

process [4]. These events generate high-magnitude, high-frequency transient overvoltages, 

formally known as Transient Recovery Voltage (TRV). 

Also evident in the connection and disconnection of magnetizing currents of 

transformers without load, load currents of induction motors and load currents of transformers 

that feed shunt reactors [4]. 

When an inductive load is disconnected, the current lags the voltage by approximately 

90°. As the contacts separate, an arc is established. At the first current zero crossing, if the 

dielectric strength between the contacts cannot withstand the rising recovery voltage, the arc 

reignites. This process can repeat, with the recovery voltage increasing at each successive zero 

crossing until the arc is finally extinguished. At that moment, the energy stored in the circuit's 

inductance (L) resonates with its inherent capacitance (C), generating a high-frequency 

oscillatory transient. The natural frequency (fₙ) of this oscillation is given by: 

     

                                                   𝑓𝑛 =  1/2Π√LC                                                                 (1) 

                                                          

For these applications, SF6 circuit breakers are more limited in their ability to withstand 

sharp increases in the transient reset voltage (TRV), which is the effective value of the peak 

voltage of the first half-wave of the alternating current component that appears between the 

circuit breaker contacts after the current has been extinguished. It has a very significant 

influence on the circuit breaker's opening capacity and has a frequency of the order of thousands 

of Hertz, depending on the electrical parameters of the system in the operating zone. This 

voltage has two components: one at the system's nominal frequency and the other, 

superimposed, oscillating at the system's natural frequency than vacuum circuit breakers with 

similar nominal characteristics. Therefore, for applications where the use of vacuum circuit 

breakers is possible, selecting them is the best option. 

Calculating the Transient Recovery Voltage (TRV) is a very cumbersome and illogical 

process. However, it is important to take into account the peak value of the Transient Recovery 

Voltage (TTR), which ranges approximately three times the phase-to-ground voltage, with a 

very rapid rate of rise (Rate of Rise) of kV/µs. This parameter is more capable of withstanding 

vacuum interrupters than SF6 interrupters, as they interrupt the current at its first zero crossing. 
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There are some solutions to reduce the growth rates of the Transient Reset Voltage TTR 

such as the installation of capacitors, these prevent the switch from being overstressed 

specifically during the thermal recovery period that occurs during the first 2 µs after the current 

interruption, this solution has the disadvantage of cost and added complexity, in case of having 

to use large capacities the ferroresonance phenomenon may occur. Another solution is the 

opening and closing synchronized with the oscillations of currents and voltages or the use of a 

synchronizing relay that enables the switch to operate in a synchronized manner with the phase 

voltage of the system, figure 1 shows the interruption of inductive currents in the plane. 

 

 

Fig. 1. Interruption of inductive currents. 

 

 

2. METHODOLOGY 

 

In this work the systemic method was used. To establish the relationship between the 

factors involved in the wear and tear or aging of the switches assigned to the connection and 

disconnection of inductive loads, through their testing protocols and the life records established 

by the company and by the statistical method for obtaining the behavior patterns of the state 

variables obtained from the documented records of their operation. 

 

2.1. Review and testing process for the installed SF6 switch 

During tests on the switch, a considerable deviation in contact resistance from the 

standard value of ≤ 100 μΩ for switches in service was observed. Measurements were taken 

during maintenance in 2016, and their values are shown in table 2. 

 

Table 2: Results obtained in the tests carried out on the switch 

Test I Phase A Phase B       Phase C 

50 A 580 μΩ 82 μΩ          82 μΩ 

100 A 468 μΩ 79 μΩ          82 μΩ 

600 A 313 μΩ  81 μΩ         84 μΩ 

100 A 232 μΩ  76 μΩ         91 μΩ 

Source: [1] 
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According to the inquiries and bibliographical studies, the main causes of contact 

deterioration may be due to SF6 decomposition, such as oxidation and corrosion, contact wear, 

or pressure loss between contacts. 

Several opening and closing operations were performed, seeking cleaning of the 

contacts and elimination of contamination if any, testing the contact resistance at 600 A where 

it can be used up to the nominal current, although deteriorated contact resistance values persist 

as shown in table 3. 

 

Table 3: Contact resistance values after several opening and closing operations 

Test I Phase A Phase B        Phase C 

50 A 258 μΩ 70 μΩ 80 μΩ 

100 A 269 μΩ 72 μΩ 74 μΩ 

600 A 257 μΩ 72 μΩ 74 μΩ 

100 A 266 μΩ 71 μΩ 74 μΩ 

Source: [1] 

 

The manufacturer's catalogue [2] establishes the contact resistance value in new 

switches as ≤50 μΩ, taking into consideration the latest values with 100A, we have that in phase 

A the contact resistance increases by 432% taking 50 μΩ as a base, in phase B it increases by 

42% and in phase C by 48%, which shows serious problems in the contacts of the cutting 

chambers. 

The manufacturer [2] proposes monitoring the wear of arc contacts and provides 

reference values: 

✓ New arc contacts φ = 3.2° 

✓ Arcing contacts with maximum permissible wear φ = 6.4° 

     To corroborate the above, the wear of the arc contacts is monitored, obtaining the 

following results table 4. 

 

Table 4: Results of arc contact wear control 

Switch phases Poles of the failed switch (φ) 

A 29° 

B 27.5° 

C 25° 

Source: Chapa data  

 

In the analysis of the contact resistance measurement results and in the arcing contacts 

wear control, the results show considerable wear on the main contacts and on the arcing 

contacts, the phase A the most damaged of the phases, which coincides with the phase that first 

opens, thus demonstrating the theory of the first pole to open. 
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Oscillographic tests were performed and all results were within standard, with no 

deterioration detected. The mechanical adjustment, i.e., the transmission regulation [5], was 

also reviewed, and it was verified that the value between points 1 and 2 coincides with the 

manufacturer's value of D = 2 mm, fig. 2. 

 

 

 

Fig. 2. Transmission regulation. 

 

 

3. RESULTS 

 

3.1. Analysis of measurement results 

The diagnosis and monitoring of the condition of equipment and systems in real time 

comes from the 90s, particularly in the United States and Great Britain where the deregulation 

of the electricity market led to the search for new ways to reduce the costs of failures and 

increase reliability levels, in our case this monitoring and diagnosis is impossible and what is 

done is preventive maintenance that by procedure [6] is generally done once a year, bringing 

with it the detection of values that are sampled outside the parameter is late or in the worst case 

the failure surprises us. 

The analysis of the contact resistance measurement results and the arcing contact wear 

monitoring in the SF6 circuit breaker show considerable wear on the main contacts and the 

arcing contacts, with phase A being the most damaged phase. This coincides with the phase 

that opens first, thus supporting the first-pole-to-open theory. 

From the experience in the exploitation and the bibliographic analysis carried out [7] , 

the topic of selection of switches is of great importance, to avoid failures in the switches 

especially in the case at hand, the connection and disconnection of reactors or reactor banks, a 

process associated with the interruption of inductive currents that generate transient 

overvoltages of great magnitude with large frequencies [9] . Like the switches that are going to 

be installed near a generator, where the effects of the transient component of alternating current 

AC must be taken into account, analysis that is not the objective of the study [10]. 

Both practical and theoretical analysis have shown that the use of SF6 circuit breakers 

up to voltages of 34.5 kV is limited in the case of protecting reactors or reactor banks. Premature 

failures occur, shortening the circuit breaker's useful life. Although the literature proposes 
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various solutions for these cases to reduce the rate of rise of the Transient Recovery Voltage 

(TRV), all of which entail additional costs in terms of equipment and system configuration. 

Therefore, for the connection and disconnection of reactors or reactor banks, up to a 

voltage level of 38 kV, vacuum circuit breakers [11] must be used, since they have a greater 

capacity to withstand strong increases in the growth of the Transient Restoration Voltage TTR. 

For voltages greater than 38 kV, SF6 circuit breakers are recommended, due to the limitation 

that vacuum circuit breakers have with the chambers for those voltage levels [12]. But since 

SF6 circuit breakers are assigned, and the procedures applied are not adequate for this type of 

maneuvers, this procedure was proposed in the case study, to avoid catastrophic failures. 

 

3.2. Preventive Maintenance Tasks for Switches that Operate Inductive Loads in 

Substations 

Therefore, a maintenance plan different from that designed for conventional 

switches was implemented [13], since the degradation of the contacts has an exponential 

behavior f  (x) = e x. 

Therefore, the following set of actions is carried out to guarantee the type of 

maintenance necessary for the optimal service of these switches that operate inductive loads 

[14], table 3. 

 

Table 3. Preventive Maintenance Tasks for Switches that operate inductive loads in substations 

Part to inspect.  That verify.  Periodicity of the intervention.  

 

Poles (Gas). 

 

 - Pressure of the gas, nominal value.  

- Quality of the gas. 

One year after commissioning, 

and then twice a year, until 

year four and then every three 

months thereafter. 

Insulators/Poles. -Absence of dirt on the surface.  
Dependent on environmental 

conditions.  

Connection of the 

primary terminals.  

- Absence of corrosion. 

- Bolt torque/tightness. 

- Presence of fat on the unions.  

One year after commissioning 

and once per year thereafter.  

Grounding.  

- Absence of corrosion on grounding 

borders. 

- Tightness of connections. 

- Presence of grease on unions.  

One year after commissioning 

and once per year thereafter.  

External transmission 

mechanics. 

- Absence of dirt/corrosion on friction 

points. 

- Proper lubrication (grease) on 

moving parts 

One year after commissioning 

and once per year thereafter.  

External structure. 
- Absence of corrosion.  

- Absence of loose screws.  

One year after commissioning 

and every five years thereafter 
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Static and dynamics 

contact resistance.  

- Static and dynamic contact 

resistance values. 

- Compare against factory/normative 

standards. 

One year after commissioning 

and then twice a year until four 

years and then every three 

months thereafter. 

Arcing Contacts.  

- Measurement of contact 

wear/erosion. 

- Verification against manufacturer 

limits. 

One year after commissioning 

and then twice a year until four 

years and then every three 

months thereafter. 

Oscillograph 
- Find out 

simultaneousness of contacts 

One year after commissioning 

and then twice a year until four 

years and then every three 

months thereafter. 

 

 

4. CONCLUSIONS 

 

1. The analysis of a failed SF₆ circuit breaker used for switching a 34.5 kV reactor confirmed 

that the primary failure mechanism was accelerated contact degradation caused by high 

Transient Recovery Voltage (TRV) and its high rate of rise (RRRV) associated with 

inductive current interruption. 

2. Standard preventive maintenance cycles, typically annual, are inadequate for breakers 

performing frequent inductive load switching. The deterioration follows an exponential 

trend, necessitating a condition-based maintenance approach with significantly increased 

monitoring frequency, as proposed in this article. 

3. For medium-voltage applications up to 38 kV involving the switching of reactors, capacitor 

banks, or unloaded transformers, vacuum circuit breakers are technically superior to SF₆ 

breakers due to their higher TRV withstand capability and interruption characteristics. 

4. Implementing a tailored maintenance plan focused on frequent contact resistance 

measurement and visual inspection of contact wear is essential to prevent unexpected 

failures, ensure reliability, and optimize the total cost of ownership for circuit breakers in 

this demanding service. 
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Abstract: The present study explores the use of machine learning to predict self-reported 

anxiety levels based on demographic, behavioral, and physiological data. To this end, we 

used a dataset comprising 11,000 survey responses and applied multiple regression 

models, including Linear Regression, Gradient Boosting Regression, Extreme Gradient 

Boosting Regression Light Gradient-Boosting Machine Regression after data 

preprocessing. The performance of the models was evaluated using the mean absolute 

error, the root mean square error, and the coefficient of determination. Among the models 

evaluated, Gradient Boosting Regression achieved the best results, with a mean cross-

validated R² of 0.759 after five-fold cross-validation. 

 

 

 

1. INTRODUCTION 

 

 Anxiety is among the most prevalent mental health concerns on a global scale, often 

evading detection in nonclinical populations due to its subjective and intricate nature [1]. In 

this context, Machine learning (ML) offers new opportunities to detect patterns associated 

with anxiety. These patterns are detected based on accessible, structured data.  

 The objective of this study is to predict anxiety levels using characteristics related to 

demographics, lifestyle, physiology, and psychological well-being. A series of multiple 

regression models were trained and evaluated. 

 A second objective of this study is the identification of the most significant predictive 

factors. The results of this study may support the development of data-driven screening tools 

for the early identification of people at risk of anxiety disorders. 

  

https://doi.org/10.34302/CJEE/BUEP2247
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2. RELATED WORK 

 

 This section reviews previous studies on mental health prediction using ML, organized 

first by general mental health disorders followed by anxiety, depression and stress. 

 

2.1. General mental health 

 

 Chung and Teo [2] conducted an evaluation of classifiers for automated mental health 

screening, using response data from the Open Sourcing Mental Illness tech survey, 

https://osmhhelp.org/research.html. They compared five base model approaches with 

Extreme Gradient Boosting and a Deep Neural Network and a voting ensemble built from the 

same base learners. Under repeated cross‐validation, Gradient Boosting Machine led all 

methods with an 0.88 accuracy. Extreme Gradient Boosting and Deep Neural Network 

achieved 0.87 and 0.86, respectively, while the voting ensemble reached 0.85 and the 

remaining base classifiers scored between 0.82 and 0.84. 

 Jain et al. [3] focused on predicting depression as a first step toward preventing 

suicide, using lifestyle and demographic attributes collected from 1,429 individuals. The 

study leveraged 76 features, ranging from income, marital status, and substance use to 

medical and financial information, to build predictive models using eight main ML 

algorithms. The Support Vector Machine classifier achieved the highest accuracy of 0.83. 

 Tate et al. [4] investigated the feasibility of predicting general mental health problems 

in adolescence using ML techniques. Using data from 7,638 participants in the Child and 

Adolescent Twin Study in Sweden [5], the authors trained models on 474 predictors derived 

from parental reports and national register data. Several common models were compared. 

Random Forest achieved the highest area under the receiver operating characteristic curve 

(AUROC) of 0.73. 

 Garriga et al. [6] developed a ML model to predict the probability of mental health 

crises over a 28-day horizon using electronic health records of 17,122 participants. Aimed at 

enabling proactive intervention, the model was designed for continuous patient monitoring 

and achieved an AUROC of 0.79, with 0.58 sensitivity and 0.85 specificity. Although the area 

under the precision-recall curve was only 0.15, the system demonstrated clinical utility. In a 

six-month prospective study, predictions were found helpful in 64% of cases, either by 

informing caseload management or mitigating crisis risk. This study is notable as one of the 

first to implement continuous, real-time risk prediction across a broad spectrum of mental 

health crises in a clinical setting. 
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2.2. Depression, anxiety and stress 

 

 Bhatnagar et al. [7] investigated the prevalence and impact of anxiety among Indian 

university students, focusing specifically on a sample of 127 engineering students. Using a 

Likert questionnaire, the study quantified anxiety levels and examined associated causes and 

effects. The authors applied multiple classifiers to predict anxiety severity. Among the tested 

algorithms, Random Forest achieved the highest accuracy of 0.78, followed by Support 

Vector Machine with accuracy of 0.75, and Naïve Bayes and Decision Tree both at 0.71. 

 Richter et al. [8] tackled the challenge of distinguishing anxiety from depression, using 

objective behavioral measures rather than self‑report alone. In their study, 125 subclinical 

participants were stratified into four groups: high symptoms of depression, anxiety, or both 

and the non-symptomatic control group. Participants completed cognitive–emotional bias 

tasks. Models were trained to classify individuals based on their performance across these 

tasks. The analysis achieved 0.71 sensitivity and 0.70 specificity in distinguishing 

symptomatic from non-symptomatic participants. In a two-group model, the classifiers 

reached 0.68 accuracy for high-depression and 0.74 for high-anxiety groups. 

 Nemesure et al. [9] developed models to predict generalized anxiety disorder (GAD) 

and major depressive disorder (MDD) in a non-clinical setting using electronic health records. 

Drawing on a sample of 4,184 undergraduate students, the study excluded all direct 

psychiatric inputs and instead trained an ensemble ML pipeline on 59 biomedical and 

demographic features. On a test set, the model achieved an AUROC of 0.73 for GAD 

(sensitivity: 0.66, specificity: 0.70) and 0.67 for MDD (sensitivity: 0.55, specifici ty: 0.70). 

Feature attribution analysis using SHAP values revealed that variables such as satisfaction 

with living conditions and public health insurance were predictive of MDD, while up-to-date 

vaccinations and marijuana use were most predictive of GAD. 

 The Depression Anxiety Stress Scales (DASS) is a well-established self-report 

instrument designed to measure the emotional states of depression, anxiety, and stress. DASS-

42 consists of 42 items and DASS-21 being its shorter 21-item version. Kumar et al. [10] 

investigated the prediction of anxiety, depression, and stress severity using two datasets: the 

DASS-42, sourced online, and the DASS-21, collected by the authors. The study employed 

eight ML algorithms along with a hybrid classification approach. Each model aimed to 

classify symptoms into five severity levels. While the hybrid method generally outperformed 

individual classifiers, the highest accuracy was achieved by the Radial Basis Function 

Network, which reached 0.97 for anxiety, 0.96 for depression, 0.96 for stress on DASS-42, 

and 0.82 for anxiety, 0.96 for depression, and 0.89 for stress on DASS-21. 

 Priya and Garg [11] applied ML algorithms to classify the severity of anxiety, 

depression, and stress into five levels using responses from 348 participants of the 

standardized DASS-21 questionnaire. The dataset included individuals from varied 

professional and cultural backgrounds. Five common methods were tested. Although Naïve 



Carpathian Journal of Electrical Engineering                        Volume 19, Number 1, 2025 

33 

Bayes achieved the highest raw accuracy, Random Forest was selected as the best performing 

model based on the F1 score, which was prioritized due to class imbalance in the data. The 

Random Forest model had 0.79 accuracy for depression, 0.71 for anxiety and 0.72 for stress. 

The study also analyzed feature importance, identifying “scared without any good reason”, 

“life was meaningless”, and “difficult to relax” as the most predictive items for anxiety, 

depression, and stress, respectively. 

 Chavanne et al. [12] examined the potential of early prediction of clinical anxiety in 

adolescents using a combination of magnetic resonance imaging derived brain features and 

psychometric data. In a longitudinal study of 580 participants, non-anxious individuals at age 

14 were followed up to assess anxiety diagnoses between ages 18 and 23. A voting classifier 

combining Random Forest, Support Vector Machine, and Linear Regression was trained on 

baseline gray matter volumes and psychological measures. The model achieved moderate 

predictive performance for pooled anxiety disorders with AUROC of 0.68. Psychometric 

features such as neuroticism, hopelessness, and emotional symptoms were the primary 

contributors for prediction. While brain imaging data did not improve prediction for pooled 

anxiety outcomes, it did enhance the detection of GAD, particularly with contributions from 

the caudate and pallidum volumes. 

 

 

3. METHODOLOGY 

 

 The workflow adopted begins with an exploratory data analysis phase comprising 

univariate, bivariate, and multivariate analyses to understand the distribution, relationships, 

and interactions within the dataset. This step provides insights that inform subsequent 

preprocessing decisions. Afterwards, ML experiments are conducted using various regression 

models. The performance of these models is then evaluated based on appropriate metrics to 

assess predictive accuracy and generalization capability. 

 

3.1. Dataset description 

 

 The dataset used in this study was obtained from Kaggle, 

https://www.kaggle.com/datasets/natezhang123/social-anxiety-dataset, and is based on 

survey responses from a diverse population on factors believed to be associated with social 

anxiety. 

 The dataset consists of 11,000 rows and 19 columns in total. The target attribute is 

Anxiety Level, which is a self-reported numerical value that indicates the respondent's 

perceived level of anxiety. The remaining features are independent variables. An overview of 

the characteristics of the dataset, accompanied by their classifications and descriptions, is 

provided in table 1. 
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Table 1. Features description 

Name Description Type 

Age Age of the respondent Numerical 

Gender Biological sex of the respondent Categorical 

Occupation Professional field or job role Categorical 

Sleep Hours Average sleep hours per night Numerical 

Physical Activity (hrs/week) Weekly physical activity duration Numerical 

Caffeine Intake (mg/day) Average daily caffeine intake Numerical 

Alcohol Consumption (drinks/week) Alcohol consumption per week Numerical 

Smoking Whether the individual smokes Boolean 

Family History of Anxiety Presence of anxiety in family history Boolean 

Stress Level (1-10) Self-reported stress level Numerical 

Heart Rate (bpm) Resting heart rate Numerical 

Breathing Rate (breaths/min) Respiratory rate Numerical 

Sweating Level (1-5) Degree of sweating Numerical 

Dizziness Experience of dizziness Boolean 

Medication Use of medication for anxiety Boolean 

Therapy Sessions (per month) Monthly therapy sessions Numerical 

Recent Major Life Event Recent stressful life event Boolean 

Diet Quality (1-10) Nutritional quality of diet Numerical 

Anxiety Level (1-10) Self-reported anxiety level Numerical 

 

3.2. Data analysis 

 

 In this section univariate, bivariate and multivariate analysis is carried out on the 

dataset to uncover underlying relationships between attributes. By conducting this analysis, 

integrity of the features is ensured before they are used as inputs for the predictive models. 

 

3.2.1. Univariate analysis 

 An initial analysis revealed information on the distribution of data considering 

numerical attributes. The mean and median are nearly equal for most dataset columns as 

described in table 2. Such a distribution implies that the data is not heavily influenced by 

outliers and approximates a normal distribution, which provides a statistically sound basis for 

the subsequent application of regression algorithms. By examining the consistency of each 

attribute, we mitigate the risk of introducing bias. The symmetry in the data distribution is a 

key indicator of the reliability of the data collection process. 

  



Carpathian Journal of Electrical Engineering                        Volume 19, Number 1, 2025 

35 

Table 2. Descriptive statistics of dataset columns 

Feature Mean Median Std Min 25% 50% 75% Max 

Age 40.24 40.00 13.23 18.00 29.00 40.00 51.00 64.00 

Sleep 

Hours 
6.65 6.70 1.22 2.30 5.90 6.70 7.50 11.30 

Physical 

Activity 
2.94 2.80 1.82 0.00 1.50 2.80 4.20 10.10 

Caffeine 

Intake 
286.09 273.00 144.81 0.00 172.00 273.00 382.00 599.00 

Alcohol 

Consumption 
9.70 10.00 5.68 0.00 5.00 10.00 15.00 19.00 

Stress 

Level 
5.86 6.00 2.92 1.00 3.00 6.00 8.00 10.00 

Heart 

Rate 
90.92 92.00 17.32 60.00 76.00 92.00 106.00 119.00 

Breathing 

Rate 
20.96 21.00 5.16 12.00 17.00 21.00 25.00 29.00 

Sweating 

Level 
3.08 3.00 1.39 1.00 2.00 3.00 4.00 5.00 

Therapy 

Sessions 
2.43 2.00 2.18 0.00 1.00 2.00 4.00 12.00 

Diet 

Quality 
5.18 5.00 2.89 1.00 3.00 5.00 8.00 10.00 

Anxiety 

Level 
3.93 4.00 2.12 1.00 2.00 4.00 5.00 10.00 

 

3.2.2. Bivariate analysis 

 A Pearson correlation matrix was computed to assess the relationships between 

numerical variables. The strongest positive correlation (r = 0.67) was observed between 

Anxiety Level and Stress Level, suggesting that stress is a significant contributing factor. A 

negative correlation (r = -0.49) was identified between Sleep Hours and Anxiety Level, 

suggesting that reduced sleep may exacerbate symptoms. A negative correlation (r = -0.41) 

between Diet Quality and Anxiety Level was also identified. The results of the therapeutic 

sessions indicated a slight mitigating effect (r = -0.22), while Caffeine Intake exhibited a 

weak positive correlation (r = 0.35) with Anxiety Level. 
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3.2.3. Multivariate analysis 

 Multivariate analysis indicates that people experiencing the highest levels of anxiety 

tend to have elevated stress levels, shorter sleep duration, and lower levels of physical activity 

as shown in figure 1. 

 

Fig. 1. Relationship between sleep, activity, stress and anxiety 

 

3.3. Data preprocessing 

 

 To prepare the data for ML models, several preprocessing steps were implemented. 

Columns with a weak correlation with the target variable were eliminated, leaving five 

features, excluding the target variable. The remaining features are Sleep Hours, Caffeine 

Intake, Stress Level, Physical Activity and Therapy Sessions. The Physical Activity feature 

and the Therapy Sessions feature were transformed using log1p transformation to remove 

outlier bias. The values of all columns were scaled using min-max scaling. The data set was 

partitioned into a training set and a testing set, with the training set constituting 80% of the 

total data and the testing set comprising the remaining 20%. 
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4. EXPERIMENTS 

 

 Experimental procedures were conducted on the Google Colab platform using Python 

version 3.11. Data processing and visualization were supported by standard libraries, 

including Scikit-learn, Pandas, and Matplotlib. 

 The performance of all models is shown in table 3. Five-fold cross-validation was 

implemented for all models to obtain an average cross-validated R² score. Gradient Boosting 

Regression delivered the best performance, having a cross-validated R² of 0.759. Support 

Vector Regression and Light Gradient-Boosting Machine Regression attained comparable 

performance, with mean R² values of 0.758 and 0.756, respectively. Random Forest 

Regression demonstrated a slightly lower mean R² value of 0.749. Extreme Gradient Boosting 

Regression obtained a performance of 0.733. Linear Regression demonstrated significantly 

lower performance than previous models, with an R² value of 0.688. Decision Tree 

Regression exhibited the lowest performance, with a mean R² of 0.528. 

 

Table 3. Performance comparison of the regression models 

Model MAE RMSE R2 CV R2 (mean) 

Gradient Boosting Regression 0.822 1.032 0.770 0.759 

Support Vector Regression 0.828 1.031 0.770 0.758 

Light Gradient-Boosting Machine Regression 0.829 1.030 0.771 0.756 

Random Forest Regression 0.851 1.058 0.759 0.749 

Extreme Gradient Boosting Regression 0.869 1.079 0.749 0.733 

Linear Regression 0.942 1.189 0.695 0.688 

Decision Tree Regression 1.093 1.439 0.553 0.528 

 

 

5. CONCLUSIONS 

 

 This study explored the predictive modeling of anxiety severity using a combination 

of demographic, behavioral, and physiological data derived from a large-scale survey dataset. 

After correlation analysis, the research identified stress level, number of sleep hours, physical 

activity, caffeine intake, and number of therapy sessions as factors significantly correlated 

with anxiety. 

 Among the suite of regression models evaluated, Gradient Boosting Regression 

emerged as the most effective, achieving the highest performance after cross-validation. 

Support Vector Regression and Light Gradient-Boosting Machine Regression also delivered 
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comparable results, demonstrating the utility of ensemble and kernel-based models in mental 

health prediction tasks. 

 Key insights from the analysis reaffirm the central role of stress, sleep, and physical 

activity in influencing anxiety levels. These findings are consistent with existing 

psychological research and underline the potential for ML to support data-driven mental 

health assessments and early intervention tools. 

 However, certain limitations must be acknowledged. The reliance on self-reported 

survey data introduces potential response bias, and the cross-sectional nature of the dataset 

prevents observation of temporal trends. These factors should be addressed in future research 

for more comprehensive mental health modeling. 
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Abstract: Air pollution remains a major global health and environmental concern, driving 

the need for efficient and scalable monitoring systems. This paper presents a simulation-

based Internet of Things architecture for air quality monitoring, focusing on real-time data 

transmission, anomaly detection, and visual analysis. The system simulates 25 monitoring 

stations, each with six virtual sensors representing key pollutants, totaling 150 sensor 

processes. These sensors communicate with dedicated gateway processes via MQTT and 

transmit data to a cloud-hosted web server for aggregation, air quality index calculation, 

visualization, and database storage. The simulation uses real-world data collected in Seoul 

to emulate realistic pollution conditions. An interactive web interface displays live air 

quality index values through maps and time series charts, allowing the detection of 

anomalies. 

 

 

 

1. INTRODUCTION 

 

 The expansion of industries and transportation has increased pollution, which poses a 

major challenge for developing countries. This issue has garnered increasing attention from 

both governments and citizens. According to a report, prolonged exposure to particulate 

matter, an airborne pollutant found both indoors and outdoors, has been linked to 

approximately five million deaths worldwide, ranking fifth among all global health risks [1]. 

If air quality continues to deteriorate, managing the economic and health costs of pollution 

will become a challenge for governments. 

 Air quality is a concern in major urban agglomerations around the world. Cities such 

as Paris [2], Athens [3], Sao Paulo [4], Beijing [5], and Tehran [6] face challenges in 
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managing air pollution levels due to factors such as high population density, industrial activity 

and transportation emissions. 

 To address this, air quality monitoring systems are essential for efficiently tracking 

pollution levels before they reach critical thresholds. Traditional air quality monitoring 

stations are often expensive to install, large, and expensive to maintain, limiting their 

widespread deployment in urban areas [7]. Although these systems can provide accurate 

measurements, they often involve lengthy offline processes. Furthermore, there is a growing 

demand for air quality information collected in wide areas and over a long period of time [8]. 

 This research aims to enable pollution mitigation strategies through anomaly detection 

in a simulated IoT-based air quality monitoring system. The simulation focuses on developing 

a scalable architecture for handling data streams from multiple sensor nodes, with the goal of 

creating a real-world fog/edge air quality monitoring system. It also aims to incorporate real 

air quality data, reflecting real-world patterns and variability. While interactive visualization 

tools are created, their primary purpose is to enable analysis and exploration of air quality 

data to identify patterns and potential anomalies. Finally, the study evaluates the scalability 

and performance of the system. 

 Simulation is important because it provides a cost-effective way to use available air 

quality data and test the system architecture and anomaly detection methods before deploying 

expensive real-world networks. It also enables controlled experimentation and analysis of 

varied air quality conditions, which helps the development of effective anomaly detection 

algorithms. 

 

 

2. RELATED WORK 

 

 An IoT system was developed by Dhingra et al. [9] using gas sensors, Arduino 

development boards, and Wi-Fi modules. This system can be installed in different locations 

to monitor air pollution. The gas sensors collect data from the air and send it to the Arduino, 

which then transmits the data to the cloud via the Wi-Fi module. An Android app called IoT-

Mobair was also created, which allows users to access air quality information from the cloud. 

The app predicts the pollution levels along a user's travel route and provides a warning if the 

pollution exceeds safe levels. In addition, the collected air quality data can be used to forecast 

future levels of the air quality index (AQI). 

 Wearable devices used to monitor air quality were also developed. Park et al. [10] 

used a GeoAir2 portable air monitoring system, which integrates a PM2.5 sensor and a GPS. 

In this study, a travel activity diary was created. The diary includes questions about the type 

of location visited (e.g. home, workplace, school, transit stop), the activity performed, the 

exact time the activity began, and the mode of transportation used. The Research Electronic 
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Data Capture [11], a web platform to create and manage online surveys and databases, was 

used to develop the surveys. 

 Reshi et al. [12] designed a platform based on a wireless sensor network, called 

VehNode, that provided automobiles with the ability to monitor the level of pollutants in 

exhaust fumes released by the vehicle. 

 Several studies have focused on the integration of IoT technology for monitoring both 

air quality and noise pollution, offering a comprehensive approach to environmental 

monitoring. These systems typically utilize a combination of sensors to measure various 

levels of pollutants and noise [13, 14]. This dual monitoring approach allows for a more 

detailed view of environmental quality. 

 Niculae [15] explores the use of big data and machine learning techniques to predict 

air quality, using data collected between 2018 and 2021 from measurement probes in Romania 

for PM10, NO2, O3 and SO2. The analysis reveals that time series models perform better than 

traditional models. In addition, artificial neural network models are effective in classifying 

pollutants' AQI levels but do not accurately predict their actual values. 

 

 

3. AIR QUALITY INDEX CONCEPTS AND CALCULATION 

 

 The AQI is a numerical scale that is used to communicate the quality of air and its 

potential health effects. It simplifies air quality reporting by converting pollutant 

concentrations into a standardized scale, usually ranging from 0 to 500 [16]. Each pollutant 

has a specific subindex calculated based on its measured concentration using breakpoints 

provided by environmental or governmental agencies. 

 In equation 1, AQIp represents the AQI for the specific pollutant p, Cp is the 

concentration of the pollutant p, Clow is the concentration breakpoint that is less than or equal 

to Cp, Chigh is the concentration breakpoint that is greater than or equal to Cp, Ilow is the AQI 

value corresponding to Clow and Ihigh is the AQI value corresponding to Chigh. 

 

 𝐴𝑄𝐼𝑝 =
(𝐼ℎ𝑖𝑔ℎ−𝐼𝑙𝑜𝑤)

(𝐶ℎ𝑖𝑔ℎ−𝐶𝑙𝑜𝑤)
× (𝐶𝑝 − 𝐶𝑙𝑜𝑤) + 𝐼𝑙𝑜𝑤 (1) 

 

 

4. SYSTEM ARCHITECTURE 

 

 To effectively manage data collection from many distributed sensors, the system is 

based on an architecture with sensor groups and gateway processes, as shown in figure 1. The 

sensors are organized into groups (S1, S2, ..., Sm), where each group represents the sensors 

deployed at a specific monitoring station. 
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Fig. 1. The architecture of the system used in simulation 

 

 Within each sensor group, n individual sensors communicate data to a central MQTT 

broker. Each of the m gateway processes, representing distinct air monitoring stations, is 

associated with a specific MQTT topic. All sensors belonging to a specific sensor group 

publish their data to the corresponding topic. 

 The MQTT broker routes the data to the appropriate gateway process (G1, G2, ..., Gm). 

Acting as subscribers, these gateway processes aggregate the incoming data into a 

standardized format before forwarding it to the web server via HTTPS. 

 The web server is deployed in the cloud to store the data, calculate the AQI, and send 

them to the client application. WebSockets are used to enable communication between the 

web server and the browser application, ensuring immediate data updates. 

 The client application, accessible through a web browser, displays air quality data 

using interactive visualizations. The key features are map visualization and time series charts. 

 

 

5. EXPERIMENTAL SETUP 

 

 The data represents the real values recorded hourly in Seoul from January 2017 to 

December 2019. The data set contains records from 25 air quality monitoring stations. The 

relevant substances to be monitored are: SO2, NO2, CO, O3, PM10 and PM2.5. The dataset is 

available on Kaggle, https://www.kaggle.com/datasets/bappekim/air-pollution-in-seoul. 

 In the experimental setup, a total of 25 gateway processes were instantiated, each 

representing a separate air quality monitoring station. For each gateway, there are six sensor 

processes each corresponding to a monitored pollutant. These sensors were simulated as 

individual processes that have a total of 150 sensors across all stations. All sensors and 
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gateway processes ran on a single local machine used for development and testing, equipped 

with an Intel Core i7-1165G7 CPU @ 2.80GHz, 8 GB RAM, running Widows 10. The web 

server and database were hosted remotely. 

 The sensor processes and gateway processes were implemented as individual Python 

processes. The MQTT broker used was Mosquitto. The web server was built using the Flask 

framework. Data storage was handled by a MongoDB database. The web client was developed 

using HTML, CSS, and JavaScript. 

 

 

6. DISCUSSIONS 

 

6.1. Key findings 

 

 The chart in figure 2 illustrates fluctuations in air quality indicators over time for a 

specific monitoring station, and the presence of sudden spikes in pollutants. The analysis 

indicates that PM2.5 levels determine the worst AQI readings, as evidenced by the overlapping 

plots for the highest AQI and PM2.5 concentrations. From an anomaly detection perspective, 

spikes in PM2.5 levels emphasize the importance of closely monitoring concentrations to 

identify possible pollution events. 

 Recognizing such widespread anomalies can be useful for system notifications, 

prompting automated alerts or warnings to stakeholders and the public. Incorporating 

notifications into the monitoring framework ensures timely responses to pollution spikes, 

allowing immediate actions to mitigate potential health impacts. 

 

 

Fig. 2. Air quality index history chart for a station 
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6.2. Scalability analysis 

 

 The scalability analysis was performed in a simulated environment on a single 

machine. This limits the maximum number of simulated sensors and gateways. Using 150 

sensor processes and 25 gateway processes, the system ran smoothly without any performance 

problems. 

 The MQTT broker, serving as the communication backbone for sensor data 

transmission limitations that affect its throughput and connection capacity. High volumes of 

concurrent sensor data streams can lead to broker saturation, message delays, or dropped 

messages. 

 The web server can become a bottleneck under increased load. Web servers have finite 

resources and processing capacity. When the number of simultaneous users or calls exceeds 

these limits, the response times increase or the server may not respond. 

 Database systems also pose scalability challenges. As data volume increases due to 

the continuous storage and retrieval of sensor data, demands increase. 

 The findings of this study are subject to limitations due to the scope of the dataset. 

Seoul's unique air quality patterns, influenced by local factors, and the limited time frame 

may not capture long-term trends. Furthermore, hourly measurements may miss short-term 

pollution spikes. The pollutant range of the dataset, specific to Seoul, may also limit its 

applicability elsewhere. 

 

 

7. FUTURE WORK 

 

 Future developments of this system aim to enhance its analytical capabilities and 

practical applicability. A notable extension involves the use of Voronoi diagrams to partition 

areas based on the level of pollution [3]. 

 Another enhancement could be the integration of algorithms to detect potential sources 

of air pollution. By combining spatial pollutant concentration gradients with meteorological 

data (e.g., wind speed and direction), it may be possible to infer the likely sources of pollution, 

providing actionable insights for regulatory authorities. 

 Machine learning can enhance anomaly detection by reducing false positives. For 

instance, Isolation Forest algorithm isolates abnormal data points in complex datasets, 

reducing false positives in IoT sensor networks compared to traditional methods [17, 18]. 

Meanwhile, autoencoders learn normal pollution patterns and detect anomalies through 

reconstruction errors, proving effective in virtual monitoring systems [19]. 

 In addition, the system may incorporate time series forecasting models for AQI values. 

This would support early warning systems and proactive public health responses by 
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anticipating pollution peaks and trends. One model that could be implemented is Long Short-

Term Memory since the model is able to handle long time series [20]. 

 These extensions would transform the current simulation into a decision support tool, 

capable of both retrospective analysis and forward-looking prediction. 

 

 

8. CONCLUSIONS 

 

 This study presents a simulation-based IoT architecture for air quality monitoring, 

emphasizing scalability, real-time visualization, and anomaly detection. Using MQTT 

communication, cloud-hosted web server and database, and interactive client interfaces, the 

system enables continuous monitoring and analysis of key pollutants in multiple locations. 

 The experimental setup involved 25 gateway processes and 150 individual sensor 

processes that send real-world pollutant data from Seoul. The results showed that PM2.5 

concentrations consistently led to the highest AQI readings, underscoring its critical role in 

pollution-related health risks. The system also proved stable under simulation, with no 

performance issues encountered when managing all processes on a single development 

machine. 

 In addition to monitoring pollutant levels, the platform supports anomaly detection by 

identifying sudden spikes in concentration levels. These events may trigger alerts and provide 

early indicators of pollution episodes. 
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Abstract: This paper provides a data-driven analysis of remote work salaries, leveraging a 

real-world dataset processed with Python. The study investigates how industry, experience, 

employment type, and remote flexibility impact salary and job satisfaction. Insights are 

visualized using statistical plots and support a broader understanding of global salary trends 

in remote work environments. 

 

 

 

1. INTRODUCTION 

 

The rapid adoption of remote work has significantly reshaped global labor markets, 

influencing both salary structures and employee satisfaction. Advances in digital technologies 

and increased workplace flexibility have enabled organizations to recruit talent globally, 

while employees benefit from improved work-life balance. Understanding how factors such 

as industry, experience level, and employment type affect compensation in remote 

environments has become increasingly important. This paper presents a data-driven analysis 

of remote work salaries and job satisfaction using a real-world dataset, aiming to identify key 

trends and relationships that characterize contemporary remote work dynamics. 

 

 

2. METHODOLOGY – DATA SOURCES AND TOOLS 

 

The present analysis is based on a dataset containing remote work salary data, 

processed and visualized using Python. The references used provided both a socio-economic 

context and methodological foundation for the analysis. 

https://doi.org/10.34302/CJEE/MEIZ3377
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Context:  

• Sources [1], [2], and [3] provide insight into remote work trends, global salary expectations, 

and worker preferences, which helped frame the broader relevance of the dataset. 

• Economic relevance: The OECD report [4] highlights how the COVID-19 pandemic 

influenced remote work, justifying the need for salary structure analysis in this new 

normal. 

• Technical tools: Python libraries such as Pandas [5], Matplotlib [6], and Scikit-learn [7] 

were used for data cleaning, transformation, statistical summary generation, and data 

visualization. These tools are recognized and validated in the field of data science. 

 

 

3. CODE FOR ANALYSIS IN GOOGLE COLAB: 

 

# Remote Salary Analysis - Google Colab Notebook 

import pandas as pd import seaborn as sns import 

matplotlib.pyplot as plt # Load dataset df = 

pd.read_csv("/content/Work_From_Anywhere_Salary_Data.

csv") 

# Preview print(df.head()) print(df.info()) 

# Descriptive statistics print(df.describe()) 

# Check for missing values print(df.isnull().sum()) 

# Salary distribution plt.figure(figsize=(10, 6)) sns.histplot(df[’Salary (Annual)’], kde=True, bins=30, 

color=’skyblue’) plt.title(’Annual Salary Distribution’) plt.xlabel(’Salary (Annual)’) plt.ylabel(’Frequency’) 

plt.show() 

# Boxplot - Salary by Experience Level plt.figure(figsize=(10, 6)) 

sns.boxplot(data=df, x=’Experience Level’, y=’Salary (Annual)’, palette=’ 

Set2’) plt.title(’Salary by Experience Level’) plt.show() 

# Average salary per industry industry_salary = df.groupby(’Industry’)[’Salary (Annual)’].mean(). 

sort_values() 

plt.figure(figsize=(10, 8)) industry_salary.plot(kind=’barh’, color=’teal’) 

plt.title(’Average Salary by Industry’) plt.xlabel(’Average Salary (Annual)’) 

plt.ylabel(’Industry’) plt.show() 

# Comparison: Remote vs Onsite plt.figure(figsize=(8, 6)) 

sns.boxplot(data=df, x=’Remote Flexibility’, y=’Salary (Annual)’, palette 

=’coolwarm’) plt.title(’Salary by Remote Flexibility’) plt.show() 

# Average job satisfaction by Tech Stack 

tech_stack_satisfaction = df.groupby(’Tech Stack’)[’Job Satisfaction 

Score (1-10)’].mean().sort_values() plt.figure(figsize=(10, 8)) 

tech_stack_satisfaction.plot(kind=’barh’, color=’orange’) 

plt.title(’Average Job Satisfaction by Tech Stack’) plt.xlabel(’Average 

Satisfaction Score’) plt.ylabel(’Tech Stack’) plt.show() 

# Employment types distribution employment_type_counts = df[’Employment Type’].value_counts() 

plt.figure(figsize=(6, 6)) employment_type_counts.plot(kind=’pie’, autopct=’%1.1f%%’, startangle 
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=140) plt.title(’Distribution of Employment Types’) plt.ylabel(’’) 

plt.show() 

# Correlation matrix for numeric variables plt.figure(figsize=(10, 6)) 

sns.heatmap(df.corr(numeric_only=True), annot=True, cmap=’coolwarm’, fmt 

=’.2f’) plt.title(’Correlation Matrix’) plt.show() 

 

 

4. DATASET PREVIEW AND STRUCTURE 

 

To understand the structure and context of the analysis, Table 1 presents the first five 

entries of the dataset. Each row represents a job position in a remote or flexible working 

environment, and each column captures a specific characteristic of the job or employee: 

 

Table 1. Entries of the dataset 

 Company  Job Title Industry Location Employment Type 

1 Microsoft  Data Analyst Media Austin Part-time 

2 Apple  Data Scientist Retail San Francisco Part-time 

3 Amazon Software Engineer Healthcare San Francisco Full-time 

4 Tesla Data Analyst Retail Austin Contract 

5 Adobe DevOps Engineer Healthcare New York Contract 

 

This snapshot highlights the diversity in employer type, industry, geographical 

location, and employment contract. Notably: 

Industry Variety: The dataset includes entries from Media, Retail, and Healthcare 

industries, allowing for cross-sectoral comparisons. 

Employment Types: Full-time, part-time, and contract-based employment are all 

represented, offering insight into different compensation structures and job stability. 

Geographic Distribution: The jobs are based in prominent U.S. tech hubs like San 

Francisco, Austin, and New York, which are known for high employment demand and 

competitive salaries. 

Job Roles: Positions vary from Data Analysts to Software and DevOps Engineers, 

covering a wide range of technical expertise. This initial view, summarized in Table 2, 

supports the generalizability of the dataset and establishes a solid foundation for further 

exploratory and statistical analysis. 

 

Table 2. Dataset structure and job characteristics 

 Experience Level Remote Flexibility Salary (annual) Currency 

1.  Mid Remote 155200.11 AUD 

2.  Lead Remote 106365.54 INR 

3.  Lead Remote 91026.49 INR 

4.  Mid Onsite 41824.38 EUR 

5.  Senior Remote 143929.78 USD 
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This subset illustrates how experience level and remote flexibility interact with salary 

levels and global currencies: 

Experience Impact: Lead and Senior professionals command higher salaries on 

average than Mid-level employees, consistent with broader labor market trends. 

Remote Flexibility: Positions marked as fully remote tend to be better compensated 

than onsite roles, even when accounting for differences in geographic location and currency. 

... geographic and contractual flexibility. The salary distribution presented in fig. 1 

further highlights these variations across the dataset. 

 

 

Fig. 1. Annual Salary Distribution (Histogram) 

 

The salary distribution shown in fig. 2 follows a slightly right-skewed curve, suggesting 

that while most employees earn within a moderate range, a minority earn substantially higher 

or lower salaries. These outliers may be attributed to senior roles, niche technical skills, or 

geographic salary differentials. 

 

 

Fig. 2. Salary by Experience Level (Boxplot) 
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This boxplot compares annual salaries across four categories of experience level: 

Junior, Mid, Senior, and Lead. A positive correlation between experience and compensation 

is evident. While junior employees have more clustered earnings, higher-level professionals 

display a broader salary range, which may reflect diverse negotiation power, specializations, 

or company size. 

The average annual salaries grouped by industry, illustrated in fig. 3, show that sectors 

such as Technology, Finance, and Healthcare offer higher average salaries, while Retail and 

Media tend to fall below the overall average. These findings highlight how industry type plays 

a crucial role in shaping remote salary structures. 

 

 

Fig. 3. Average Salary by Industry (Horizontal Bar Plot) 

 

Salary variation by work arrangement type—Fully Remote, Hybrid, or Onsite—is 

illustrated in fig. 4. Fully remote roles demonstrate the highest median salary and wider 

distribution, which may result from global hiring practices and increased demand for flexible 

work. Onsite positions, by contrast, show more constrained salary ranges. 

 

 

Fig. 4. Salary by Remote Flexibility (Boxplot) 
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Average job satisfaction scores by technological stack are illustrated in fig. 5. 

Employees using stacks such as Python, Go, and Kubernetes report significantly higher 

satisfaction levels, while roles based on older or more standardized stacks like JavaScript or 

.NET show lower satisfaction averages, potentially due to project maturity or limited 

innovation. 

 

 

Fig. 5. Job Satisfaction by Tech Stack (Bar Plot) 

 

The distribution of employment contracts in the dataset is illustrated in fig. 6. Full-time 

positions represent the majority, reflecting companies’ tendency to maintain long-term 

employment relationships even in remote settings. Part-time and contract roles are also present 

but account for smaller segments of the workforce. 

 

 

Fig. 6. Employment Type Distribution (Pie Chart) 
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The correlations among key numerical variables—including annual salary, years of 

experience, job satisfaction score, and time since last promotion—are illustrated in fig. 7. As 

expected, years of experience positively correlates with salary, while job satisfaction shows 

weak correlation with both salary and promotion recency, suggesting that factors such as 

work-life balance and team culture may have a stronger influence on satisfaction. 

 

 

Fig. 7. Correlation Matrix (Heatmap) 

 

 

5. CONCLUSIONS 

 

In conclusion, the analysis highlights the industries that offer the highest salaries in 

remote work, the impact of experience and promotions on compensation, and the connection 

between work flexibility and employee satisfaction. 
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Abstract: This paper presents an enhanced and practically validated islanding detection 

framework for grid-connected solar PV systems, integrating Complete Ensemble Empirical 

Mode Decomposition with Adaptive Noise (CEEMDAN) and a Pattern Recognition Neural 

Network (PANN). The method processes negative sequence voltage signals at the Point of 

Common Coupling (PCC) to extract intrinsic mode functions (IMFs), mitigating mode mixing 

and improving signal fidelity. Significant IMFs are selected based on their power percentile, 

and three statistical features—maximum value, standard deviation, and entropy—are 

extracted and normalized before classification by the PANN. Unlike prior studies, this work 

extends evaluation to zero-power mismatch scenarios, noisy environments, and load-

switching conditions, providing practical validation of real-time detection performance. 

Simulation results demonstrate a classification accuracy of 98.6% with a detection time of 

0.1806 seconds, complying with IEEE 1547 standards. The proposed approach exhibits 

robust and reliable islanding detection across diverse operating conditions, significantly 

reducing the non-detection zone (NDZ) and enhancing the safety and reliability of modern 

distribution systems. 

 

 

 

1. INTRODUCTION 

 

The increasing penetration of solar photovoltaic (PV) systems into modern distribution 

networks has introduced significant operational and protection challenges. Among these, 

islanding detection remains one of the most critical issues. Islanding occurs when a portion of 

https://doi.org/10.34302/CJEE/LRBT6157
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the power system continues to be energized by distributed generators (DGs) after being 

disconnected from the main utility grid[1],[2]. Failure to detect islanding conditions promptly 

may compromise personnel safety, damage equipment, and degrade power quality. Therefore, 

fast and reliable islanding detection mechanisms are essential to ensure compliance with IEEE 

1547 standards and maintain grid stability. 

Conventional islanding detection methods (IDMs) are generally classified as passive, 

active, or hybrid approaches. Passive methods monitor electrical parameters such as voltage 

magnitude, frequency deviation, and harmonic distortion. Although relatively simple and cost-

effective, these methods often suffer from large non-detection zones (NDZs), particularly under 

small power mismatch conditions[3,4]. Active methods introduce controlled perturbations into 

the system to provoke detectable changes during islanding events. While this approach reduces 

the NDZ, it may adversely affect power quality and increase implementation complexity[4],[5]. 

Hybrid methods attempt to combine the advantages of passive and active techniques; however, 

they still face challenges related to reliability, coordination, and practical deployment[6]. 

Recent advancements in signal processing and artificial intelligence (AI) have enabled 

more effective islanding detection. Techniques such as Fourier Transform, Wavelet Transform, 

Hilbert–Huang Transform (HHT), and Empirical Mode Decomposition (EMD) have improved 

feature extraction from voltage signals [7],[8],[9]. Similarly, machine learning approaches, 

including artificial neural networks (ANN), support vector machines (SVM), and pattern 

recognition neural networks (PANN), have demonstrated high accuracy in classifying islanding 

events[10], [11], [19], [20],[14]  

Among advanced decomposition techniques, Complete Ensemble Empirical Mode 

Decomposition with Adaptive Noise (CEEMDAN) has emerged as an effective solution to the 

mode-mixing limitations of classical EMD. By adaptively adding noise and ensuring complete 

signal reconstruction, CEEMDAN provides more reliable intrinsic mode functions (IMFs) for 

feature extraction. When combined with intelligent classifiers, CEEMDAN-based frameworks 

offer strong potential for robust islanding detection. 

In our previous study[15], a CEEMDAN–PANN-based islanding detection framework 

was developed using negative sequence voltage measured at the Point of Common Coupling 

(PCC). Three statistical features derived from selected IMFs—maximum value, standard 

deviation, and entropy—were used to train the classifier. That study demonstrated high 

detection accuracy under standard operating conditions and moderate power mismatch 

scenarios. 

However, several practical aspects were not comprehensively investigated in the earlier 

work, including: 

➢ Zero-power mismatch conditions, where islanding discrimination becomes particularly 

challenging; 

➢ Extensive fault resistance variations at different grid locations; 

➢ Large-scale load switching disturbances; 
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➢ Detailed cross-validation-based robustness assessment; 

➢ Explicit evaluation of real-time detection performance under noisy measurement 

conditions. 

To address these limitations, the present study extends and strengthens the previously 

proposed CEEMDAN–PANN framework through expanded simulation scenarios and 

enhanced validation procedures. Specifically, this paper: 

1. Evaluates detection performance under zero-power mismatch, representing the most critical 

NDZ condition. 

2. Incorporates noisy signal environments to assess robustness against measurement 

disturbances. 

3. Analyzes fault cases with resistance values ranging from 1 Ω to 70 Ω at varying distances 

from the PCC. 

4. Examines load switching magnitudes up to 20 MW to ensure reliable discrimination from 

islanding events. 

5. Assesses detection time performance to confirm compliance with IEEE 1547 requirements. 

By broadening the validation domain and strengthening performance evaluation, this 

study enhances the practical applicability and robustness of the CEEMDAN–PANN 

methodology for real-world PV-based distributed generation systems. 

 The remainder of this paper presents the system modeling, extended simulation 

scenarios, signal decomposition and feature extraction methodology, classifier training and 

validation results, and a comparative performance analysis with existing islanding detection 

approaches. 

 

2. METHODOLOGY 

 

2.1. CEEMDAN-Based Signal Decomposition 

 

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise 

(CEEMDAN) is used to decompose the negative sequence voltage signal into Intrinsic Mode 

Functions (IMFs). CEEMDAN improves upon classical EMD and EEMD by adaptively adding 

Gaussian noise at each decomposition step, ensuring accurate extraction of IMFs and 

eliminating mode mixing. 

 The CEEMDAN decomposition process is as follows[16]: 

1. Add white Gaussian noise to the original signal: 

 

 𝑥𝑖(𝑡) = 𝑥(𝑡) + 𝜀0𝑛𝑖(𝑡) (1) 

 

where, 𝜀0=0.6 is the noise standard deviation amplitude of the added white noise, 𝑥(𝑡) : Original 

signal, 𝑛𝑖(𝑡) is the i-th noisy realization. 
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2. Extract the first IMF from the noisy signal using EMD and average over 100 realizations: 

 

 𝐼𝑀𝐹1(𝑡) =
1

𝑁
∑ 𝐼𝑀𝐹1,𝑖

𝑁
𝑖=1 (𝑡) (2) 

 

3. Residual Calculation: 

 

 𝑟1(𝑡) = 𝑥(𝑡) − 𝐼𝑀𝐹1(𝑡)  (3) 

 

4. Repeat adaptive noise addition and IMF extraction iteratively until the residual becomes 

monotonic or the maximum number of IMFs is reached: 

 

 𝑥(𝑡) = ∑ 𝐼𝑀𝐹𝑗(𝑡)𝑀
𝑗=1 + 𝑟(𝑡)  (4) 

 

5. Significant IMFs selection: The power of each IMF is computed as: 

 

 𝑃𝑖 = ∑ [𝐶𝑖(𝑡)]2𝑁
𝑡=1  (5) 

 

IMFs with power above the 90th percentile are selected for feature extraction. 

 

2.2. Feature Extraction and Selection 

 

From each significant IMF, three statistical features are extracted: 

1. Maximum value: 

 

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 = 𝑚𝑎𝑥(𝐼𝑀𝐹) 

 

2. Standard deviation: 

 

𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =  √
1

𝑁
∑(𝑥𝑖 − 𝑥̅)2

𝑁

𝑖=1

 

 

3. Entropy: 

 

𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝(𝑥𝑖) 𝑙𝑜𝑔2(𝑝(𝑥𝑖))

𝑁

𝑖=1

 

 

where, 𝑝(𝑥𝑖) is the probability of each unique IMF value. 



Carpathian Journal of Electrical Engineering           Volume 19, Number 1, 2025 

60 

2.3. Feature Normalization 

 

The extracted features are normalized using min-max scaling to ensure uniform 

magnitude and facilitate PANN training: 

 

 𝑋𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =  
𝑋− 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 (6) 

 

𝑋𝑚𝑖𝑛 𝑎𝑛𝑑 𝑋𝑚𝑎𝑥 are the minimum and maximum values of the feature across the dataset. 

 

2.4. PANN Classifier 

 

The Pattern Recognition Neural Network (PANN) structure in figure 1 is used for 

islanding detection. The network consists of: 

❖ Input layer: 3 neurons (for max, standard deviation, entropy) 

❖ Hidden layer: 3 neurons 

❖ Output layer: 1 neuron (0 = non-islanding, 1 = islanding) 

 

 

Fig. 1. PANN structure with 3 inputs 

 

The PANN is trained using supervised learning and backpropagation, adjusting weights 

to minimize prediction errors. The classifier learns patterns and relationships in the features to 

distinguish islanding from non-islanding events effectively. 

 

2.5. Proposed Detection Algorithm 

 

The overall algorithm is summarized as follows: 

1. Acquire negative sequence voltage data from islanding and non-islanding scenarios at the 

PCC. 

2. Add white Gaussian noise (std = 0.6) to enhance decomposition robustness. 

3. Apply CEEMDAN across 100 noisy realizations to extract IMFs. 



Carpathian Journal of Electrical Engineering                        Volume 19, Number 1, 2025 

61 

4. Compute IMF power and select significant IMFs (≥90th percentile). 

5. Extract max, standard deviation, and entropy from significant IMFs. 

6. Normalize the features using min-max scaling. 

7. Train the PANN classifier on the extracted features. 

8. Classify new voltage signals to detect islanding events. 

 

 

Fig. 2. Flow chart for the proposed islanding detection 
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Figure 2 illustrates the CEEMDAN–PANN-based islanding detection framework, 

showing steps from signal acquisition to classification. 

 

 

3. RESULTS AND DISCUSSION 

 

3.1. Test System for Islanding Detection 

 

The proposed CEEMDAN–PANN islanding detection method was evaluated using a 

standard test system widely employed in the literature for validating islanding detection 

algorithms[17],[18]. The system was modeled in MATLAB/Simulink, incorporating realistic 

grid conditions, distributed solar PV generation, and various load types. Figure 3 illustrates the 

studied distributed generation system. 

 

 

Fig. 3: The studied distributed power generation system 

 

Key components of the system include: 

✓ PV-DG unit: Represents solar photovoltaic generation connected to the grid. 

✓ Loads: Both local and grid-connected loads of varying magnitude and characteristics. 

✓ Utility grid and circuit breakers: Enable simulation of disconnection events and islanding 

conditions. 

✓ Point of Common Coupling (PCC): Location where negative sequence voltage is 

measured for monitoring and analysis. 

A total of 294 distinct disturbance scenarios were simulated (Table 1), encompassing 

islanding, fault, and load-switching conditions. The negative sequence voltage was recorded at 

a sampling frequency of 3.84 kHz over 2.5 s, capturing both transient and steady-state 

characteristics necessary for robust islanding detection. 
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Table 1 Simulated grid disturbances 

labels scenarios Scenarios description Number of tests 

C1 islanding Tripping circuit breaker 

during different power 

mismatch 

144 

C2 Non islanding Fault events for 3-phase, 2-

phase and single phase 

132 

C3 Non islanding Switching of local and grid 

loads 

18 

 

Name of system parameters Specifications 

PV system Module: sun-power 

 Module model: SunPower SPR-305E-WHT-D 

 Modules in series: 5 

 No of parallel string: 66 parallel strings 

 PV power rating: 100.7kw 

 Reference voltage: 500V DC 

 Inverter nominal frequency: 60Hz 

 Frequency of the PWM carrier: 33x60Hz 

 Voltage integral and proportional gain: Ki:800, Kp:7 

 Current integral and proportional gain: Ki:20, Kp:0.3 

Electric power grid Rating: 120Kv, and 2500MVA 

Transmission line Resistance: R=0.413 

 Inductance: L=3.32x10-3H 

 Capacitance: C=5.01x10-9F 

 Rating: L1=100kW, L2=2MW, L3= 30MW+j2MVAr 

 Line voltage: 25KV 

 Length of the line: line-1 is 14km, and line-2 is 5km 

Transformer Voltage level:120kV/25kV 

 Rating: 47MVA for T1, 100kVA, 25kV/0.67kV for T2 

 

 

3.2. Islanding Scenario (C1) 

 

Islanding events were simulated by tripping the grid-side circuit breaker. Figure 4 

illustrates islanding of the negative sequence voltage response during various power mismatch 

conditions. 
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Fig. 4. Islanding during various power mismatch 

 

Under zero-power mismatch, the signal and its IMFs (Figure 5) exhibit minimal 

variation, making differentiation from other disturbances challenging. Three IMFs were 

extracted: 

✓ IMF1: Highest frequency content, capturing rapid transient changes. 

✓ IMF2 & IMF3: Lower frequency content, reflecting slower system dynamics 

crucial for detection. 

 

 

Fig. 5. Islanding case of Negative sequence voltage and IMFs during zero power mismatch 
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With a 50% power mismatch, larger voltage variations are observed (Figure 6), 

improving discrimination between islanding and non-islanding events. IMF1 captures fast 

transients, while IMF2 and IMF3 reflect slower dynamics, highlighting the impact of power 

mismatch on islanding detection. 

 

Fig. 6. Islanding case of negative sequence voltage and IMFs @50% power mismatch 

 

3.3. Fault Scenario (C2) 

 

Various faults, including single-phase, two-phase, and three-phase faults, were 

simulated at different distances from the PCC (5 km and 14 km). Resistance values ranged from 

1 Ω to 70 Ω and were cleared after 300 ms. 

Figures 7–9 illustrate negative sequence voltage responses for different fault types. 

Lower voltages at higher fault resistance complicate islanding detection. 

 

 

Fig. 7. 3-phase fault inception time 1.5 seconds negative sequence voltage waveform 
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Fig. 8. 2-phase fault inception time 1.5 seconds negative sequence voltage waveform 

 
Fig. 9. 1-phase fault inception time 1.5 seconds negative sequence voltage waveform 

 

CEEMDAN was applied to extract IMF features from the 1.5–1.8 s window around the 

fault event (Figure 10). 

 IMF1 captures high-frequency transient response while IMF2 & IMF3: Reveal lower-

frequency components essential for distinguishing faults from islanding. 

 

 

Fig. 10. 3-phase grid fault and IMFs for a fault resistance of one ohm 
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3.4. Load Switching Scenario (C3) 

 

Load switching events were simulated at t = 1.5 s, with capacities ranging from 10 MW 

to 20 MW. Figures 11–12 display voltage variations at the PCC for local and grid load 

switching. 

 

Fig. 11. Local load switching fault 

 

 

Fig. 12. Grid load switching fault 

 

IMFs corresponding to different load magnitudes (Figures 13–14) demonstrate that 

larger load changes induce more significant negative sequence voltage variations, which are 

critical for detecting disturbances that could be misinterpreted as islanding. 
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Fig. 13. Switching fault and IMFs for various loading effect(10MW) 

 

Fig. 14. Switching fault and IMFs for various loading effect(20MW) 

 

3.5. Feature Analysis for Islanding Detection 

 

Three statistical features were extracted from the IMFs for islanding detection: 

normalized maximum value, standard deviation, and entropy. 

 Normalized Max (Figure 15) has higher during islanding events, lower for non-

islanding scenarios. 

 Normalized Standard Deviation (Figure 16) has larger deviations during islanding. 

Normalized Entropy (Figure 17) has lower entropy in islanding conditions, higher in 

non-islanding events. 
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 These features provided clear discrimination between islanding and non-islanding 

scenarios, forming the input for the PANN classifier. 

 

 

Fig. 15. Normalized max feature analysis 

 

 

Fig. 16. Normalized std features analysis 

 

 

Fig. 17. Normalized entropy features analysis 
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3.6. PANN Training and Performance 

 

The PANN with a single hidden layer of 3 neurons was trained over 24 iterations. 

Performance metrics included: Training accuracy: 96.4%, Validation accuracy: 97.1%, Testing 

accuracy: 100%, Overall accuracy: 97.0%. 

Figure 18 shows regression performance, and Figure 19 highlights cross-entropy loss 

reduction to 0.09399 at epoch 18, indicating effective feature learning and model convergence. 

 Training and testing times were 4109.85 ms and 18.97 ms, respectively, demonstrating 

real-time applicability. 

 

Fig. 18. Performance of CEEMDAM-PANN training with single hidden layer 3 
 

 

Fig. 19. Performance of CEEMDAN-PANN training with single hidden layers 3 neurons 
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3.7. 5-Fold Cross-Validation Performance 

 

The model was evaluated using 5-fold cross-validation. Figure 20 illustrates fold-wise 

training and testing accuracies. Table 4 summarizes performance metrics: 

 

 

Fig. 19. Training and test accuracy of CEEMDAN-PANN on 5-fold cross validation  

 

Table 2 cross validation Performance of the CEEMDAN-PANN islanding detection 

Fold Accuracy (%) Precision Recall F1_score 

1 94.83 0.97 0.93 0.95 

2 98.61 1 0.97 0.98 

3 94.92 0.97 0.93 0.95 

4 96.61 0.97 0.97 0.97 

5 98.31 1 0.97 0.98 

 

These results indicate high robustness and generalization across different dataset 

subsets. 

 

3.8. Classification Results 

 

The CEEMDAN–PANN classifier achieved: 100% detection for islanding events and 

96.67% detection for non-islanding events (Table 3, Figure 21). 

 

Table 3 CEEMDAN-PANN classification result with IMFs 

classes No of cases Correct detection accuracy 

Non-islanding 30 29 96.67 

islanding 29 29 100 
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Fig. 20. CEEMDAN-PANN confusion matrix for islanding condition 

 

3.9. Comparison with Existing Methods 

 

The proposed method outperformed recent approaches in both accuracy and detection 

speed (Table 5): 

Table 4 comparison with existing methods 

Reference Signal processing classifier Accuracy 

(%) 

[19] Wavelet transform ANN 91.43 

[20] Wavelet transform Decision tree 97.9 

[21] S-transform  KNN 98.1 

[22] Wavelet-singular 

spectrum entropy 

Deep learning 98.4 

Proposed method CEEMDAN Pattern artificial 

neural network 

98.6 

 

Detection time of 0.1806 seconds, suitable for real-time applications 

 

 

4. CONCLUSION 

 

This study presents a robust CEEMDAN–PANN-based islanding detection method for 

solar PV-distributed generation systems. By leveraging negative sequence voltage, selecting 

significant IMFs, and extracting max, standard deviation, and entropy features, the approach 

achieved high detection accuracy (98.6%) and fast response (0.1806 s). 
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 Compared to conventional methods, the proposed framework reduces the non-detection 

zone and ensures reliable, real-time identification of islanding events under power mismatches, 

load switching, and noisy environments. Future work will focus on field implementation and 

optimization for evolving smart grid scenarios. 
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