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1. Introduction 

Energy consumption is increasing rapidly because of industrialization, technological advancements, and 
population growth. The continuous development and expansion of global infrastructure further amplifies 
energy demands, while the availability of fossil fuels to meet these needs is steadily declining. This growing 
imbalance underscores the urgent need to transition toward cleaner, more sustainable energy sources. 
Renewable energy has emerged as a critical solution due to its environmental sustainability and reduced 
ecological impact. Among these renewable resources, solar energy stands out for its abundant availability 
and immense potential to contribute significantly to the global energy mix (Bayrakçı & Gezer, 2019).  
Photovoltaic panels, which enable the direct conversion of solar energy into electrical energy, are one of the 
basic technologies that utilize solar radiation most efficiently in renewable energy production. Various 
effective strategies are being developed today to minimize the negative impact of factors on the efficiency 
of photovoltaic (PV) panel electricity production. These factors include cloud cover, air pollution, extreme 
temperatures, and incorrect panel orientation and tilt angle (Arslan & Çunkaş, 2024). One strategy is to 
position the panel at the optimal tilt and orientation angles, considering the region's solar radiation data 
(Bakırcı, 2009). The correct positioning of PV panels is critical to achieving maximum annual energy 
production. 

Abstract: This study attempts to develop precise machine learning algorithms 
for estimating solar power generation using meteorological data, including air 
pollution (PM2.5, PM10) for different orientation angles in the dual-axis solar 
panel tracking system. Our study focused on maximizing energy generation for 
multivariable input factors in Adıyaman, rather than optimizing environmental 
parameters for fixed panels as previously studied. Three machine learning 
algorithms—Random Forest (RF), Gradient Boosting (GB), and Support Vector 
Regression (SVR)—were studied. The experimental setup was designed to 
measure power, temperature, humidity, wind speed/direction, pressure, air 
pollution data, and to adjust orientation angles (tilt and azimuth angles). 
Algorithm performances were assessed using R², MSE, and RMSE metrics. RF 
yielded the best results (R²: 0.83, MSE: 5.32, RMSE: 2.26). Including cumulative 
air pollution data improved prediction accuracy, implying particulate matter 
indirectly affects solar radiation and energy output. 

Keywords Solar Energy, Machine learning, Energy Generation, Air pollution, 
Orientation Angle 
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Another parameter that adversely impacts energy production in solar energy is represented by various forms 
of particulate matter (PM2.5 and PM10) (Zhou et al., 2016). These pollutants reduce solar radiation, which 
negatively affects the energy production capacity of photovoltaic (PV) panels (Shim et al., 2025). Many 
photovoltaic (PV) systems produce less energy than expected due to radiation losses caused by particulate 
matter (Wu & Zhou, 2019). The tilt angle of photovoltaic (PV) panels is a critical parameter for energy 
efficiency. For fixed systems, it must be adjusted to the optimal angle specific to the region, taking exposure 
to particulate matter into account. Recently, various studies have used solar tracking systems to determine 
the optimal tilt angle for fixed systems in specific regions (Arslan & Çunkaş, 2024; Yadav & Chandel, 2013). 
Solar tracking systems, particularly in regions with high solar energy potential such as Adıyaman, aim to 
optimize energy generation by adjusting orientation angles (Al-Mohamad, 2004). These systems have 
become a key focus in efforts to maximize the utilization of solar energy resources (Boyacı & Kocaman, 
2018). In many studies, the adjustment of solar panel angles is typically based on variations in solar radiation 
intensity (Fahad et al., 2019; Sharma & Bhattacharya, 2020). However, research also indicates that 
atmospheric factors, especially particulate matter, and indirectly solar radiation, significantly influence solar 
energy efficiency (Demirtaş et al., 2019; Kılıç & Kumaş, 2016; Ozbeyaz & Demirci, 2019).  
Recently, due to their potential to maximize solar energy generation, researchers have widely used artificial 
intelligence-based algorithms, including the data on pollutant particulate matter that negatively affects solar 
radiation and the panel tilt angle, to calculate the optimum energy generation, as we do in this study. In the 
literature, these AI-based studies generally have preferred the commonly known AI methods, such as neural 
networks (Oviedo et al., 2013, 2014) and multi-layer perceptron (AL-Rousan et al., 2021). In this context, 
AI-based methodologies are well-positioned to dynamically adapt PV panels to changing meteorological 
conditions, thereby 
In this study, the machine learning algorithms were developed to estimate the energy generation at the 
various angles by using different meteorologic data inputs (Ozbeyaz & Demirci, 2019; Uz et al., 2022). A 
solar tracker system was specifically designed for this purpose, featuring the ability to adjust to different 
panel angles and perform biaxial movements. During the experimental phase, the tilt and azimuth angles of 
the solar panels were systematically changed at predetermined intervals, and the resulting energy data, along 
with meteorological parameters, were meticulously recorded. These collected data were employed as inputs 
in machine learning models (AL-Rousan et al., 2021; Kaul & Weed, 2021; Pierce et al., 2022), enabling the 
prediction of energy production through multiple algorithms. This study uniquely incorporates orientation 
angles and particulate matter that adversely impact solar brightness within the machine learning framework, 
specifically conducted in Adıyaman, Türkiye.   

2. Data Acquisition System 
Türkiye has significant potential for solar energy (around 380 GWh), with an average annual sunshine 
duration of 7.5 hours and a daily solar energy density of 4.2 kWh/m² (Kaçan & Ülgen, 2012). Adıyaman, 
located in the Southeastern Anatolia Region, lies between 39° east longitude and 37°25′ to 38°11′ north 
latitude. With an average daily sunshine duration of 8.11 hours—exceeding the national average—Adıyaman 
is an important region in solar energy production (Aslan et al., 2021).  
In the hardware system, the solar panel operates along two axes, and power, voltage, and current 
measurements are systematically recorded in relation to these angles. Additionally, meteorological data were 
synchronously collected alongside photovoltaic (PV) panel measurements. These data include 
concentrations of particulate matter (PM2.5 and PM10), wind direction and speed, humidity, temperature, 
and atmospheric pressure. The solar panel integrated into the system is a high-efficiency monocrystalline 
module with a power output of 20 watts. Figure 1 presents visual representations of the developed system.  
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Figure 1 Sample images of the data collection system  

Geomatic experts determined the system's orientation based on its geographical location. After establishing 
the system's true north and south orientations, the tilt angle of the solar panel was adjusted on specific days 
according to both the azimuth angle (γs, the angle between the south direction and the incident solar rays 
on the panel) and the inclination angle (β, the angle between the panel surface and the horizontal plane). 
During this process, power, voltage, and current measurements obtained from the photovoltaic panel were 
systematically recorded on an SD card, along with relevant meteorological data. Specialized electronic 
hardware was designed to facilitate automatic data recording. This hardware was integrated into a dedicated 
compartment located at the base of the system. Figure 2 presents the hardware components of the designed 
system. 

 

 
 

Figure 2. The images of the electronic hardware controlling the system. 

The system consists of two microcontroller boards along with various sensor components. The primary 
microcontroller is responsible for managing the SparkFun Weather Shield and the Nova air quality sensor. 
The Sparkfun Weather Shield integrates multiple environmental sensors, including the Si7021 humidity and 
temperature sensor, the MPL3115A2 barometric pressure sensor, and the ALS-PT19 light sensors, while 
rain and wind sensors are connected via an RJ11 interface. The Nova air quality sensor measures the 
concentration of PM2.5 and PM10 particulate matter. The secondary microcontroller controls the data 
logger shield, the LoRa wireless communication module, and the INA226 power monitoring module. The 
data logger shield includes an SD card interface and a real-time clock module to ensure precise time-stamped 
data recording. The system systematically logged all collected data, including temporal information, onto the 
SD card. Data acquisition occurred every two minutes, with wireless transmission via the LoRa module, 
while data storage on the SD card was performed at five-minute intervals. Figure 3 provides a detailed 
schematic of the system's electronic hardware. 
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Figure 3. A schematic representation of the electronic hardware that controls the system.  

Throughout the day, the solar panel was adjusted at specific angles in accordance with the sun’s movement, 
and the generated power was recorded alongside meteorological data. The panel’s stand angle was oriented 
southward, incrementally adjusted by 15-degree intervals each hour. At solar noon (12:00), the azimuth angle 
of the panel was aligned directly south (0 degrees). The same pattern was followed as the adjustment 
proceeded westward in the afternoon until sunset. Additionally, the tilt angle of the panel was set to 15, 30, 
and 45 degrees at different times of the day across various days. This approach allowed for the measurement 
of the varied energy generations attainable under different solar positions and meteorological conditions. 

3. Methods 
This study aims to develop machine learning models for estimating the energy output of photovoltaic (PV) 
panels by incorporating meteorological data and panel orientation parameters. The dataset was collected at 
10-minute intervals using a custom-designed dual-axis solar tracking system capable of independently 
adjusting both azimuth and tilt angles. A total of 657 data samples were recorded between January and June 
2024, representing a limited range of seasonal variation; therefore, future studies will focus on year-round 
data collection to improve model generalizability. Before model construction, the data underwent a 
preprocessing phase to eliminate irrelevant variables. In the modeling phase, both meteorological parameters 
and the physical panel orientation (tilt and azimuth angles) were used as independent variables. The dataset 
was split into separate training and test sets for model construction to ensure that training data was never 
used or seen during testing, thereby preventing bias in performance assessment. Regression-based 
forecasting models were then developed using three machine learning algorithms: Gradient Boosting (GB), 
Random Forest (RF), and Support Vector Regression (SVR). 

3.1 Gradient Boosting Algorithm 

Boosting is an ensemble learning method designed to enhance the predictive performance of classification 
and regression techniques. The boosting algorithm, originally introduced by Schapire in 1990 (Schapire, 
1990), enables improved performance in classification and regression trees. One of the most prominent 
implementations of this approach is the AdaBoost algorithm. In addition, a variant known as gradient 
boosting, proposed by Friedman in 1999 (Ankarali et al., 2012), has also been widely adopted. Both methods 
incrementally incorporate new models to enhance predictive accuracy. By leveraging different loss functions, 
these methods offer effective solutions for both classification and regression tasks. Gradient boosting 
iteratively improves model performance by concentrating on reducing residual errors at each stage. The 
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mathematical representation of the gradient boosting model is shown in the following equation (Temel et 
al., 2014).  

𝐹𝐹(𝑥𝑥) = 𝐹𝐹0 + 𝛽𝛽1ℎ1(𝑥𝑥) + 𝛽𝛽2ℎ2(𝑥𝑥) + ⋯+ 𝛽𝛽𝑀𝑀ℎ𝑀𝑀(𝑥𝑥)     (1) 

In Equation (1), F0 denotes the initial model, while hM(x) and βM represent, respectively, the learner added 
at each stage and its corresponding weight. This framework proves highly effective not only for generating 
robust predictions but also for enhancing the model’s generalization capacity. 

3.2 Random Forest Algorithm 

The Random Forest algorithm, introduced by Leo Breiman in 2001, constitutes an enhanced version of the 
tree bagging method (Breiman, 2001). By constructing an ensemble of decision trees, it seeks to improve 
predictive accuracy. Each decision tree in the Random Forest is generated via the bootstrap method, which 
involves sampling random subsets from the training dataset. Furthermore, the Random Subspace Method is 
applied at each node, whereby only a small and randomly selected subset of attributes is considered for 
potential splits. This strategy fosters diversity among the trees and, consequently, enhances the model’s 
generalization ability. Empirical research indicates that the Random Forest algorithm generally generations 
higher accuracy than tree bagging and other random tree ensemble methods. Notably, when the size of the 
attribute subset (K) is relatively small compared to the total number of attributes (n), the algorithm becomes 
more robust. In addition, by leveraging bootstrap sampling, the Random Forest outperforms models that 
rely solely on the Random Subspace Method. Fundamentally, the Random Forest comprises multiple 
decision trees, the predictions of which are aggregated to produce the outcome. The formula for the 
regression prediction is presented in the following equation. 

𝑦𝑦� = 1
𝐵𝐵
∑ ℎ𝑏𝑏(𝑥𝑥)𝐵𝐵
𝑏𝑏=1          (2) 

In Equation (2), 𝑦𝑦� represents the final regression prediction, while B denotes the total number of trees, and 
ℎ𝑏𝑏(𝑥𝑥) corresponds to the prediction made by the bth decision tree for the input x. Through this approach, 
the Random Forest algorithm demonstrates strong performance in terms of both predictive accuracy and 
generalization capability. 

3.3 Support Vector Regression 

Support Vector Regression (SVR) is a supervised learning-based machine learning approach derived from 
the Support Vector Machine (SVM) algorithm (Jia et al., 2019). The fundamental components of SVR 
include a hyperplane supported by support vectors, as well as minimum and maximum margin lines, as 
illustrated in the following equation. 

𝑌𝑌 = 𝑓𝑓(𝑥𝑥) = 𝜔𝜔𝜔𝜔(𝑥𝑥) + 𝑏𝑏        (3) 

In Equation (3), x represents the independent variable, while ω and b denote the weight vectors, and φ(x) 
refers to the mapping function. When dealing with a multidimensional dataset, Y can have an infinite number 
of possible predictions. Therefore, to address the optimization problem presented in the following equation, 
a tolerance margin is introduced. 

min �𝜔𝜔
1
2
𝜔𝜔2� + 𝐶𝐶�(ξ𝑖𝑖 + ξ𝑖𝑖∗),

𝑙𝑙

𝑖𝑖=1

 

 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �
𝑦𝑦𝑖𝑖 − 𝜔𝜔𝑇𝑇𝑥𝑥𝑖𝑖 − 𝑏𝑏 ≤ 𝜀𝜀 + ξ𝑖𝑖
𝜔𝜔𝑇𝑇𝑥𝑥𝑖𝑖 + 𝑏𝑏 − 𝑦𝑦𝑖𝑖 ≤ 𝜀𝜀 + ξ𝑖𝑖∗

ξ𝑖𝑖ξ𝑖𝑖∗ ≥ 0
 

(4) 



Özbeyaz (2025), Electr. Eng. Energy                                                                                                                                                                                    6 
 

Electrical Engineering and Energy 

 

Here, C represents a positive regularization parameter that balances the trade-off between prediction error 
and function smoothness, while 𝜔𝜔 denotes the penalty parameter, and ξi, ξi* are slack variables used to 
minimize errors within the margin of the hyperplane. To solve the dual nonlinear problem, optimization 
methods can be reformulated as shown in the following equation. 

min :
1
2
� (𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗)�𝛼𝛼𝑗𝑗 − 𝛼𝛼𝑗𝑗∗�𝑘𝑘�𝑥𝑥𝑖𝑖 . 𝑥𝑥𝑗𝑗� + 𝜀𝜀
𝑛𝑛

𝑖𝑖,𝑗𝑗=1

�(𝛼𝛼𝑖𝑖 + 𝛼𝛼𝑖𝑖∗) −�𝑦𝑦𝑖𝑖(𝛼𝛼𝑖𝑖 + 𝛼𝛼𝑖𝑖∗)
𝑛𝑛

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

⎩
⎪
⎨

⎪
⎧ �(𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗) = 0

𝑛𝑛

𝑖𝑖=1
𝜔𝜔𝑇𝑇𝑥𝑥𝑖𝑖 + 𝑏𝑏 − 𝑦𝑦𝑖𝑖 ≤ 𝜀𝜀 + ξ𝑖𝑖∗

0 ≤ 𝛼𝛼𝑖𝑖 ,𝛼𝛼𝑖𝑖∗ ≤ 𝐶𝐶

                  𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖 = 1,2, … . ,𝑛𝑛 

(5) 

Here, 𝛼𝛼𝑖𝑖  and 𝛼𝛼𝑖𝑖∗ denote the Lagrange multipliers, while 𝑘𝑘�𝑥𝑥𝑖𝑖 . 𝑥𝑥𝑗𝑗� represents the kernel function used to 
address the nonlinear problem (Jia et al., 2019). 

3.4 Cross Validation 

Cross-validation is a computationally intensive technique that utilizes all available samples as both training 
and test data. In this method, the dataset is partitioned K times, ensuring the restructuring of training and 
test sets in each iteration. The algorithm undergoes repeated training K times, simulating the process by 
leaving out 1/K of the training samples in each step for testing purposes. Although such performance 
evaluation methods are computationally costly due to their iterative training processes, they aim to reduce 
the variance of predictions (Stone, 1974).   
In practical applications, the dataset D is partitioned into K mutually exclusive subsets (or blocks) of 
approximately equal size (𝑚𝑚 ≈ 𝑛𝑛/𝐾𝐾). Here, Tk denotes the test set corresponding to the kth block, while 
Dk represents the training set obtained by excluding the elements in Tk. The cross-validation estimator is 
defined as the average error computed on the test set Tk for a model trained on the dataset formed by 
excluding each respective block Tk. The following equation formally represents this process. 

𝐶𝐶𝐶𝐶(𝐷𝐷) =
1
𝐾𝐾
�

1
𝑚𝑚

� 𝐿𝐿(𝐴𝐴(𝐷𝐷𝑘𝑘), 𝑧𝑧𝑖𝑖)
𝑧𝑧𝑖𝑖∈𝑇𝑇𝑘𝑘

𝐾𝐾

𝑘𝑘=1

 (6) 

In this context, CV(D) denotes the mean cross-validation error for the dataset D. The parameter K 
represents the total number of cross-validation folds (e.g., K=10 for 10-fold cross-validation). Tk refers to 
the kth test set, meaning that each Tk in K iterations is a distinct subset used for testing. Correspondingly, 
Dk represents the training set obtained by excluding Tk, effectively comprising the remaining data after 
removing Tk from D. The variable mmm indicates the number of samples in each test set (i.e., in each block 
Tk). Finally, 𝐿𝐿(𝐴𝐴(𝐷𝐷𝑘𝑘), 𝑧𝑧𝑖𝑖) denotes the error or loss function of the trained model 𝐴𝐴(𝐷𝐷𝑘𝑘) evaluated on the 
sample 𝑧𝑧𝑖𝑖 within the test set (Bengio & Grandvalet, 2004). 

3.5 Error Metrics 

In this study, various metrics were employed to assess the performance of machine learning algorithms. 
Among these, the correlation coefficient (R) quantifies the strength of the linear relationship between 
predicted and actual values, ranging from [−1,1]. An R value close to 1 indicates a strong positive correlation, 
whereas a value near -1 signifies a strong negative correlation, and an R value of 0 suggests no correlation. 
The coefficient of determination (R²) measures the proportion of the total variance in the target variable 
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explained by the model, taking values within the range [0,1]; a value approaching 1 indicates higher model 
performance (Magee, 1990). The mean squared error (MSE) represents the average of the squared 
differences between predicted and actual values, where a lower MSE suggests better predictive accuracy. The 
root mean square error (RMSE), obtained by taking the square root of the MSE, is more sensitive to larger 
deviations, making it a useful metric for evaluating error magnitude. The mean absolute error (MAE) is the 
mean of the absolute differences between predicted and actual values, providing a straightforward measure 
of prediction accuracy. The relative absolute error (RAE) expresses the MAE as a percentage by normalizing 
it with respect to the sum of deviations from the mean of the actual values. Similarly, the relative root square 
error (RRSE) normalizes the RMSE by dividing it by the standard deviation of the actual values, serving as 
a standardized error metric for model evaluation. These performance metrics play a crucial role in assessing 
both the accuracy and efficiency of machine learning models (James et al., 2021). 

4. Results 
As part of this study, a prototype scale solar tracking system was developed in Adıyaman, Türkiye. The 
system features dual-axis mobility, allowing adjustments of both azimuth and tilt angles, and it is equipped 
with additional hardware capable of recording meteorological data. Using this system, various environmental 
and operational parameters were recorded at different time intervals, including PM2.5, PM10, wind direction 
(hourly), wind speed (hourly), humidity, temperature, pressure, azimuth and tilt angles, and the generated 
voltage, current, and power. This comprehensive data collection system enabled an in-depth analysis of the 
relationship between solar power generation and meteorological variables. 

4.1 Statistical evaluation of data 

The primary motivation of this study was to model the power output of a photovoltaic (PV) panel under 
varying meteorological conditions and different azimuth and tilt angles for the Adıyaman province, Türkiye. 
In this context, the aim was to verify or recalculate the optimal tilt angle for improving solar energy 
performance by incorporating meteorological parameters into the analysis. Thus, 657 data points were 
collected. A statistical summary of the data is presented in Table 1. 

Table 1 Statistics of the collected data. 

Variables Mean Std. Dev. Min 25th Percentile Median 75th Percentile Max 

PM2.5 (µg/m³) 2.01 2.22 0.30 0.80 1.40 2.45 19.30 

PM10 (µg/m³) 7.12 4.49 0.80 3.80 6.10 9.20 31.30 

Wind Direction (°) 178.50 97.67 0.00 135.00 180.00 270.00 338.00 

Wind Speed (m/s) 3.50 1.62 0.11 2.76 3.07 3.64 8.92 
Humidity (%) 13.92 7.73 6.74 10.25 11.21 15.24 65.89 

Temperature (°C) 40.83 8.34 10.13 40.75 43.13 45.63 47.50 

Pressure (hPa) 930.15 2.24 926.32 928.34 930.16 931.56 938.98 

Azimuth Angle (°) 181.32 12.63 145.00 180.00 180.00 180.00 255.00 

Tilt Angle (°) 27.81 13.82 15.00 15.00 15.00 45.00 45.00 

Voltage (V) 13.12 5.72 0.93 7.67 16.61 17.59 19.11 
Current (A) 0.59 0.26 0.04 0.34 0.74 0.78 0.85 

Power (W) 9.14 5.59 0.04 2.61 12.30 13.81 16.20 

In Table 1, low levels of PM2.5 and PM10 positively influenced sunlight penetration to the panel, thereby 
supporting energy generation. However, to fully understand this effect, it was recognized that data should 
be collected over longer periods and across different seasons. Conversely, the high average temperature 
(40.83°C) had a negative impact on solar panel efficiency and energy output. The recorded wind speed (3.50 
m/s) has contributed to panel cooling, potentially enhancing energy production; however, additional data 
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are required to confirm this relationship. Furthermore, low humidity levels (13.92%) provided favorable 
conditions for energy generation. 
Looking at the table again, the azimuth angle has a positive impact on energy generation. This finding 
illustrates the importance of proper panel orientation in maximizing energy output. Similarly, the tilt angle 
was observed as a crucial parameter influencing energy production. A more thorough analysis of the 
relationship between tilt angle and energy output, however, necessitates a larger dataset. Figure 4 presents a 
graphical representation of energy production across varying panel angles. 

 
Figure 4 Energy densities produced at different angles. 

In Figure 4, power values are predominantly concentrated at 15° and 45°, suggesting that the panel tilt angle 
was maintained within an optimal range, thereby enhancing energy production at specific angles. Similarly, 
in the azimuth angle-power graph, most generated power values are clustered around 180°, indicating that 
the panels were oriented southward, maximizing solar energy capture at this angle. Although energy 
production decreases as the azimuth angle deviates from 180°, the dataset generally suggests that the panels 
were operated at optimal angles, ensuring high efficiency. Overall, a strong correlation between power 
generation and panel angles is observed in both graphs, emphasizing the critical role of panel orientation in 
energy generation. 

4.2 Modelling Results 

In the study, regression analysis was basically conducted using three different machine learning algorithms 
(Gradient Boosting (GB), Random Forest (RF), and Support Vector Regression (SVR)) to estimate the 
energy output of the solar panel. The machine learning process involved two distinct modeling scenarios. In 
Scenario 1, meteorological parameters—including PM2.5, PM10, wind direction, wind speed, humidity, 
temperature, and pressure—along with panel tilt and azimuth angles were used as independent variables. 
This approach aimed to analyze the relationship between key meteorological factors influencing energy 
production and panel orientation. In Scenario 2, it was hypothesized that elevated particulate matter levels 
could negatively impact energy generation. To analyze this effect more thoroughly, aggregated PM2.5 and 
PM10 inputs were included as distinct, independent variables in the modeling methodologies. This approach 
allowed for a more comprehensive evaluation of the impact of particulate matter accumulation on energy 
production. Both scenarios were performed using the three selected machine learning algorithms, with 
independent variables structured differently for each approach. The results of Scenario 1 and Scenario 2 are 
presented in Table 2 and Table 3, respectively. 
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Table 2 Regression Analysis Results Using Meteorological Data & Panel Position Angles as Independent Variables: 
Scenario 1 

 
Random Forest 

(RF) 
Gradient Boosting (GB) 

Support Vector Regression 
(SVR) 

Mean Std Mean Std Mean Std 

MSE 5.95 2.69 6.77 2.30 13.15 3.40 

R 0.90 0.05 0.89 0.04 0.76 0.06 

R2 0.81 0.09 0.78 0.07 0.57 0.11 

MAE 1.19 0.29 1.56 0.23 2.10 0.34 

RMSE 2.38 0.55 2.56 0.44 3.59 0.48 

RAE 0.24 0.06 0.31 0.04 0.41 0.07 

RRSE 0.48 0.06 0.55 0.04 0.65 0.08 

 
Table 3 Regression Analysis Results with Cumulative Air Pollution Values Included as Independent Variables: 

Scenario 2 

 
Random Forest 

(RF) 
Gradient Boosting (GB) 

Support Vector Regression 
(SVR) 

Mean Std Mean Std Mean Std 

MSE 5.32 2.13 6.24 2.63 12.00 3.47 

R 0.91 0.04 0.89 0.05 0.78 0.07 

R2 0.83 0.06 0.79 0.09 0.60 0.12 

MAE 1.10 0.24 1.49 0.27 1.97 0.34 

RMSE 2.26 0.48 2.44 0.52 3.43 0.51 

RAE 0.21 0.04 0.30 0.05 0.39 0.07 

RRSE 0.46 0.05 0.54 0.05 0.62 0.10 

The results of Scenario 2 demonstrated better performance compared to Scenario 1, indicating that the 
inclusion of cumulative particulate matter (PM2.5 and PM10) data enhanced the model’s predictive accuracy. 
As shown in Table 3, the R² values were calculated as 0.83, 0.79, and 0.60 for the RF, GB, and SVR 
algorithms, respectively. Among these, the RF algorithm exhibited the highest predictive performance, 
achieving an R² value of 0.83 and a correlation coefficient (R) of 0.91. A visual representation of R values is 
shown in Figure 5. 

 
(a) 

 
(b) 

 
(c) 

Figure 5 R values of (a) RF, (b) GB, and SVR algorithms for Scenario 2. 
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The RF algorithm's success may be abstracted as follows: the algorithm used the M5 tree model to 
automatically remove redundant linear characteristics and processed the dataset hierarchically from highest 
to lowest levels. Furthermore, linear functions were computed independently for each node in the RF tree 
structure, resulting in optimal prediction performance.  

Although time-series data frequently need chronological splitting, the study used ten-fold cross-validation 
since the data were not chronologically continuous or autocorrelated but instead reflected a wide range of 
separate environmental circumstances. The successful results showed that including cumulative air pollution 
data marginally enhanced model performance. The metric findings show that the RF algorithm performs 
better during the modeling process. Figure 6 illustrates the performance of the three machine learning 
methods employed in Scenario 2. 

 
Figure 6 Metric comparisons. 

Figure 7 depicts a comparison of the actual test data to the predicted values, including the related error 
values. This comparison demonstrates the RF algorithm's prediction accuracy in energy modeling, 
highlighting its usefulness as a machine learning tool for energy forecasting. 

 
Figure 7 Comparison of actual-predicted and error values in the RF method. 
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Feature importance analysis and learning curve diagnostics were conducted to provide additional details 
about the learned relationships and to assess the physical interpretability of the succeeded model (Scenario 
2). As shown in Figure 8, the feature importance plot reveals that pressure, temperature, and wind speed are 
the most influential variables affecting solar energy output, followed by humidity and azimuth angle. These 
results support the physical plausibility of the model’s structure and confirm that meteorological and angular 
parameters are critical determinants in solar energy performance. 

 
Figure 8 Feature importance (RF). 

In addition, the learning curve presented in Figure 9 reveals the model's training and cross-validation R² 
scores across increasing training set sizes. The training performance remains consistently high, while the 
cross-validation scores indicate notable variance at lower sample sizes and modest improvement as more 
data are introduced. This suggests that although the model fits the training data well, generalization may be 
limited by the current dataset size, and additional data could enhance stability and performance. 

 
Figure 9 Learning curve (RF). 
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5. Discussion 
In this study, the results indicated that Scenario 2 (cumulative particulate matter was included in the model 
as an independent variable) is better than Scenario 1, and the RF algorithm outperformed the others, 
demonstrating better predictive performance. The RF algorithm's ability to effectively capture complex and 
non-linear relationships within the dataset is primarily responsible for this success. 
Although air pollution parameters do not have a direct significant impact on energy production, 
incorporating these variables into the model resulted in an increase in prediction accuracy. This suggests that 
particulate matter may indirectly influence solar radiation, thereby leading to variations in energy generation. 
The findings also reinforce the positive impact of physical parameters, such as panel tilt and azimuth angles, 
on energy generation. Furthermore, the inclusion of multiple meteorological variables significantly 
contributed to the model’s success by enhancing prediction accuracy in solar energy forecasting. 
This study's RF method achieved a high R² value of 0.83 with only 657 data points, in contrast to previous 
studies that relied on larger datasets and Artificial Neural Networks (ANN) (Kayri & Gencoglu, 2019; 
Keddouda et al., 2023; Postawa et al., 2024). Compared to ANN models, RF and GB provided advantages 
in terms of model interpretability and computational complexity for small-to-moderate datasets. 
Furthermore, these algorithms typically need less hyperparameter tuning effort. While ANN models are not 
necessarily more sophisticated than RF or GB models, their training frequently requires more computer 
resources and increases the danger of overfitting in the absence of sufficient data. 
This study sets itself apart by integrating air pollution parameters (PM2.5, PM10) into the predictive 
framework, a feature often overlooked in comparable studies. Thus, despite its data set limitations, the 
methodology presented offers a novel and computationally efficient approach that can be extended and 
refined with more comprehensive data in future work. 
Future studies will expand the dataset and conduct a more comprehensive evaluation by testing the models 
under varied environmental conditions. Additionally, the long-term relationships between air pollution and 
energy production will be analyzed, with a particular focus on assessing the impact of climate change in this 
context. To enhance the interpretability of model outputs, the inclusion of solar irradiance and panel 
temperature sensors is also planned, allowing for a clearer separation between particulate matter attenuation 
and temperature-induced efficiency losses.  
The insights gained from these analyses will contribute to energy production, management, and policy 
development processes in Adıyaman. The findings of this investigation serve as an invaluable foundation for 
optimizing the efficient utilization of renewable energy resources and advancing the development of solar 
energy systems. 

6. Conclusions 
Recently, Adıyaman has hosted an increasing number of solar power plants that contribute to local energy 
production. Most of these plants are fixed systems. To improve solar energy production efficiency in the 
region while considering environmental conditions, there is a need to perform angle calculations for fixed 
panels using more innovative machine learning algorithms and a larger data set. The software and 
installations developed within the scope of this study will provide the infrastructure for these calculations, 
specifically for Adıyaman. 
In this study, energy production forecasting models were developed by incorporating meteorological data 
and air pollution parameters specific to Adıyaman province, utilizing dual-axis solar panels. The data were 
analyzed under two distinct scenarios, and the model including cumulative air pollution factors as 
independent variables performed better. Three different machine learning algorithms—Random Forest 
(RF), Gradient Boosting (GB), and Support Vector Regression (SVR)—were evaluated, with RF 
demonstrating the highest predictive performance despite the limited data, achieving a high R² value and low 
error metrics.  
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This research stands out from many existing studies because it includes air pollution indicators in solar 
forecasting models and utilizes data from a specially designed dual-axis solar tracking system, which allows 
for a detailed assessment of how orientation affects energy output. 
This study's ideas pave the way for more sustainable and efficient energy forecasting and renewable energy 
systems in Adıyaman. The methodological combination of underutilized ambient parameters, a localized 
dual axis tracking setup, and interpreted machine learning algorithms makes a new and useful contribution 
to the field. The findings provide useful insights that may be used to guide energy management and policy 
formation processes, as well as to contribute meaningfully to scientifically driven initiatives for encouraging 
the uptake and optimization of renewable energy resources. 
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1. Introduction 
Vibration analysis represents a critical research domain for health monitoring, fault detection, and 
performance evaluation of engineering systems (Matania et al., 2024). In industrial applications, vibration 
monitoring systems are extensively deployed across diverse areas, including rotating machinery, bridges, 
buildings, and aerospace systems (Kiliç & Acar, 2024; Vaishnavi et al., 2025; Ye et al., 2022). Particularly in 
rotational systems, which have limitations due to primary friction forces (Yücel et al., 2025),  the early 
detection of mechanical faults such as imbalance, bearing defects, and gearbox issues is vital for preventing 
unexpected downtime and minimizing maintenance costs (Seid Ahmed et al., 2025; Tama et al., 2023). 
Although traditional condition monitoring techniques have provided valuable insights for industrial 

Abstract: This paper presents a radar-based methodology for detecting rotational 
imbalance in machinery. The approach employs multi-resolution signal processing 
techniques, specifically comparing Empirical Mode Decomposition (EMD) and 
Wavelet Decomposition (WD), for feature extraction from radar-acquired signals. 
Both methods generated five levels of sub-components. Time-domain features 
were extracted individually from each sub-component, and the resultant feature 
vectors from all levels were concatenated to form the final input for machine 
learning classifiers. WD was evaluated using three distinct mother wavelet 
functions (Haar, Coiflet-2, and Symlet-4), with the performance of each 
benchmarked against EMD. The comparative analysis rigorously assessed 
classification metrics (accuracy, precision, recall, F1-score) alongside 
computational efficiency metrics (model size, training and prediction latency). 
Results demonstrate that wavelet-derived features consistently outperformed 
EMD across all classifiers. The Haar-Random Forest combination achieved the 
highest classification accuracy (95.28%). Support Vector Machines paired with 
Haar features offered an optimal accuracy-latency trade-off (approximately 219 ms 
training time), while Decision Trees delivered ultra-fast inference (0.6 ms). These 
findings validate the practical viability and effectiveness of the proposed radar-
based vibration detection framework for industrial condition monitoring systems. 

Keywords Empirical Mode Decomposition (EMD), Machine Learning (ML),    
Multi-Resolution Analysis (MRA), Radar-Based Monitoring, Rotational Imbalance 
Detection, Wavelet Decomposition (WD). 
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diagnostics, each method faces significant operational challenges. Contact-based vibration sensors, for 
instance, can introduce mass-loading effects and often require invasive installation procedures, problematic 
in hazardous environments (Kiranyaz et al., 2024). Acoustic approaches are highly susceptible to 
interference from ambient noise, demanding sophisticated denoising strategies to ensure reliable results 
(Glowacz et al., 2025). Electrical current signature analysis lacks sensitivity to mechanical faults and is prone 
to electromagnetic interference (Jiang et al., 2019).  
Differing from conventional approaches, radar-based vibration sensing effectively overcomes the key 
drawbacks of traditional methods: it eliminates the mass-loading and invasive installation issues associated 
with contact sensors, avoids the susceptibility to ambient noise that limits acoustic techniques, and is 
immune to the electromagnetic interference that affects current-based analysis. Recent advancements have 
highlighted the precision and versatility of radar technology. Wen et al. achieved micron-level radar-based 
vibration measurements with high signal-to-noise ratios using their proposed DeepVib deep learning 
algorithm (Wen et al., 2024). In a study conducted by Acar and Çetinkal, bearing defects across 15 different 
damaged bearing datasets were classified with high accuracy by monitoring the vibration of motors with 
faulty bearings (Acar & Çetinkal, 2025). Ren et al. implemented high-precision three-dimensional vibration 
measurements utilizing three different Frequency-Modulated CW radars (Ren et al., 2023). 
Whether employing conventional or modern technologies, extracting meaningful information from 
vibration signals necessitates a series of signal processing steps. While traditional Fourier transform-based 
spectral analysis methods constitute fundamental approaches, time-frequency transformations are widely 
utilized for time-frequency analysis (Bolshakova et al., 2023; Manhertz & Bereczky, 2021; Wu & Yang, 
2025). However, the typical non-linear and non-stationary characteristics of vibration signals have increased 
the demand for adaptive signal decomposition methods. 
Empirical Mode Decomposition (EMD) offers adaptive and localized analysis by decomposing non-
stationary signals into Intrinsic Mode Functions (IMFs), thereby extracting different resolutions directly 
from the data itself without relying on fixed functions or filters (Jaarsveldt et al., 2023; Şeflek, 2025). Li et 
al. (Li et al., 2023) tested various EMD variants in industrial vibration analysis and proposed a variant that 
outperforms existing ones. Although conventional EMD has proven effective in analyzing non-stationary 
data, Stallone et al. demonstrated that improper applications are inevitable if its fundamental constraints 
are not considered (Stallone et al., 2020). One of the most critical disadvantages of EMD is the mode 
mixing problem, which occurs when similar frequency components are distributed across different IMFs 
or when signals of different scales mix within the same IMF. Wavelet transformation, however, offers a 
significant alternative by using predefined mother wavelet functions that are unaffected by mode mixing 
problems and provide consistent time-frequency localization (Ganguly et al., 2022; Guo et al., 2022). Due 
to its stable structure, Wavelet Decomposition (WD) has been the subject of numerous studies in detecting 
mechanical faults such as bearing and gearbox defects (Han et al., 2022; Jiang et al., 2020; Zheng et al., 
2024). 
Despite the widespread use of EMD and wavelet-based approaches in conventional sensor-based vibration 
analysis, studies systematically examining the performance of these methods with radar-acquired vibration 
data remain considerably limited. The primary objective of this study is to comprehensively investigate the 
performance of EMD and WD methods in radar-based vibration detection systems. Within the scope of 
this work, the imbalance problem in rotational systems was selected as a realistic and industrial test scenario, 
and the performance of the methods was compared through experimental studies. 
This study contributes to the literature in the following aspects: 

• Systematic comparison and parameter optimization of EMD and WD methods for feature 
extraction in radar-detected vibration signals. 

• Parametric comparison of different machine learning algorithms' performance on radar-based 
vibration data and determination of optimal classification strategies. 
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Figure 1 The experimental test setup 
 
To ensure a comprehensive evaluation of the feature extraction methods, our analysis incorporates a 
systematic comparison of classification performance using multiple machine learning algorithms —Support 
Vector Machine (SVM), k-Nearest Neighbors (KNN), Random Forest (RF), and Decision Tree (DT) — 
with parameter optimization through grid search, considering both classification accuracy and 
computational efficiency metrics relevant to industrial applications. 
The organization of the subsequent sections of this paper is as follows: The second section details the 
experimental setup, data collection procedure, and applied signal processing methods. The third section 
presents the experimental results and comparative analyses in detail. Finally, the fifth section assesses the 
study and recommendations for future research. 
 

2. Materials and Methods 
In this study, a dataset was created for imbalance detection in rotational systems using a 24 GHz CW radar 
system based on Raspberry Pi 4. The experiments aimed to detect imbalances created with an asynchronous 
motor fault simulation test set designed by Piritech Electric Vehicle and Automation Systems (n.d.). Three 
different levels of imbalanced rotation were achieved by placing weights of varying mass on a metal disc 
driven by an asynchronous motor. A radar module directed at the motor housing from the radial axis was 
utilized to obtain baseband signals modulated by motor vibration. Quadrature radar signals received 
through RF Beam's KLC5 module were amplified by approximately 40 dB using identical active 
Butterworth filters and filtered within the range of 0.01-1.6 KHz. The signals were digitized at a 10 KHz 
sampling rate using an MCC118 Daq Hat and processed offline. Figure 1 shows the data collection system. 
Table 1 presents the list of primary components in the experimental setup. 
 

Table 1 List of primary components in the experimental setup 
 

Component Specifications Explanation 
Volt VM 90S-4 Induction motor 1.1 kW, 1500 rpm, 3-phase rotates the coupled disc 
ABB ACS150-01E-07A5-2 motor driver 50/60 Hz, 220V, 1.5 kW controls the motor speed 
EMF ABTF02 magnetic powder brake 15 Nm, 24 W, 24 Vin load for the motor 
EMF TFD-02 mag. powder brake driver 12-48 VDC, operation options (4-20 mA, 0-

10V, Potentiometer, Modbus) 
drives the load 
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2.1 Dataset Generation 

The KLC5 module is a 24 GHz homodyne radar transceiver with  IQ demodulation providing dual-channel 
I and Q analog signals. These signals, modulated by target movement, contain information about target 
displacement. For micro-level displacements, the phase of the signal is extracted using methods such as 
arctangent transformation, complex signal demodulation, DACM, and EDACM. This phase signal contains 
displacement information. In this study, a complex-valued signal was formed using I and Q signals with a 
90-degree phase difference as shown in Equation (1). 

𝑥𝑥(𝑡𝑡) = 𝑖𝑖(𝑡𝑡) + 𝑗𝑗𝑗𝑗(𝑡𝑡) (1) 
The spectrum of this complex-valued signal is rich in information content as it provides both the frequency 
of target movement and directional information. In this study, the phase and amplitude of the complex-
valued signal were calculated as shown in Equations (2.a) and (2.b) and used together. 

𝑝𝑝ℎ𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2 �
𝑞𝑞(𝑡𝑡)
𝑖𝑖(𝑡𝑡)

� (2.a) 

𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡) = �𝑖𝑖2(𝑡𝑡) + 𝑞𝑞2(𝑡𝑡) (2.b) 

Here, the arctan2 function is a two-argument arctangent function that returns the angle in the correct 
quadrant based on the signs of both input arguments, providing a full 360-degree range of values. 
In each of the 1,802 separate experiments conducted, phase and amplitude signals of length 30,000 were 
generated ( 30-second and 10 kHz sampling rate). The experiments include data for four different levels of 
imbalance: a baseline class created without attaching any disc to the disc rotated by the motor, a mild 
imbalance class created by attaching 10 g to the disc, a moderate imbalance class created by attaching 20 g, 
and a severe imbalance class created by attaching 30 g. Data were diversified through experiments conducted 
at different times, speeds, and loads. Table 2 summarizes the basic information about the dataset. The dataset 
has been shared on the KAGGLE platform with open access (Acar, 2025). 
 

Table 2 Dataset Characteristics 
 

Parameters Values 
RPM {500, 600, …,1400, 1500} 
Weights (source of imbalance) {0 g, 10 g, 20 g, 30 g} 
Load (mag. pow. brake) {0, 0.6, 1.2, 1.8, 2.4, 3} 
# of experiments per classes {462, 464, 413, 463} 

 
These signals were decomposed into different frequency bands using approaches such as EMD and WD. 
The sub-frequency components obtained after these approaches were subjected to time-domain feature 
extraction to form the input to the classifier. 
 

2.2 Empirical Mode Decomposition (EMD) 

EMD is a data-driven method developed for the self-adaptive decomposition of non-linear and non-
stationary signals Huang et al., 1998. Unlike transformations such as the wavelet transform, this method 
does not use a selected basis function. Instead, it uses the signal's internal oscillations, thus practically 
obtaining the concept of instantaneous frequency. 
In this decomposition method, the signal 𝑥𝑥(𝑡𝑡) is modeled as the sum of 𝐾𝐾 intrinsic mode components 
𝐼𝐼𝐼𝐼𝐼𝐼𝑘𝑘(𝑡𝑡) with a residual signal 𝑟𝑟𝐾𝐾(𝑡𝑡) as given in Equation (3). 

𝑥𝑥(𝑡𝑡) = �𝐼𝐼𝐼𝐼𝐼𝐼𝑘𝑘(𝑡𝑡) + 𝑟𝑟𝐾𝐾(𝑡𝑡),    𝐾𝐾 < ∞
𝐾𝐾

𝑘𝑘=1

 (3) 
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In the EMD algorithm, there are two fundamental conditions that the 𝐼𝐼𝐼𝐼𝐼𝐼𝑘𝑘(𝑡𝑡) components must satisfy. 
Let 𝑛𝑛0 be the number of zero-crossing points of the signal and 𝑛𝑛𝑒𝑒 be the number of local extrema, then 
|𝑛𝑛0 − 𝑛𝑛𝑒𝑒| ≤ 1 must hold. Additionally, for each moment 𝑡𝑡, the mean of the upper and lower envelopes of 
the signal 𝑚𝑚(𝑡𝑡) must oscillate around zero as given in Equation (4). 

𝑚𝑚(𝑡𝑡)  =
𝑒𝑒𝑢𝑢(𝑡𝑡) + 𝑒𝑒𝑙𝑙(𝑡𝑡)

2
≈ 0 (4) 

Here, 𝑒𝑒𝑢𝑢(𝑡𝑡) and 𝑒𝑒𝑙𝑙(𝑡𝑡) represent the upper and lower envelopes of the signal, respectively. In EMD, which 
is an iterative process, first, the mean signal 𝑚𝑚(𝑡𝑡)  is obtained from the 𝑒𝑒𝑢𝑢(𝑡𝑡)  and 𝑒𝑒𝑙𝑙(𝑡𝑡)  envelope signals 
passing through the local maximum and minimum points of the input signal 𝑥𝑥(𝑡𝑡). The high-frequency detail 
signal ℎ(𝑡𝑡) is obtained as the difference between 𝑥𝑥(𝑡𝑡) and 𝑚𝑚(𝑡𝑡), as given in Equation (5). 

ℎ1(𝑡𝑡)  = 𝑥𝑥(𝑡𝑡) −𝑚𝑚(𝑡𝑡) (5) 
If this detail signal ℎ(𝑡𝑡) does not satisfy the conditions for being an IMF component, the mean of its 
envelopes is calculated, and a similar difference signal is obtained. The process continues iteratively until the 
resulting difference signal satisfies the conditions. Additionally, the filtering process is terminated when the 
energy ratio between two consecutive detail signals obtained in each iteration falls below a certain threshold 
value (typically 0.2). The difference signal that satisfies the conditions at the nth iteration is assigned as the 
first IMF component 𝐼𝐼𝐼𝐼𝐼𝐼1(𝑡𝑡), and the first-level residual signal 𝑟𝑟1(𝑡𝑡) is obtained as given in Equation (6). 

𝑟𝑟1(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) − 𝐼𝐼𝐼𝐼𝐼𝐼1(𝑡𝑡) (6) 
By considering the first-level residual signal as the initial input signal and repeating the entire process, the 
second-level IMF component is obtained. This process continues until the maximum IMF component is 
found or until the residual signal becomes monotonic. The pseudocode of the algorithm can be summarized 
as shown in Figure 2. 
 

 
 

Figure 2 Pseudocode of the EMD algorithm 
 

2.3 Wavelet Decomposition (WD) 

The Wavelet transform is a powerful signal processing method that enables localization of a signal in both 
time and frequency domains, exhibiting superior performance, particularly in the analysis of transient and 
sudden changes (Acar et al., 2019) . The selection of the mother wavelet function (such as Haar, Daubechies, 
Symlet) allows optimization of time-frequency resolution according to the characteristics of the analyzed 
signal. One of the most critical advantages of WD is its ability to detect transient and sudden changes in the 
signal with high precision and to reconstruct the original signal losslessly. Additionally, it offers a structure 
more resistant to problems such as mode mixing and is preferred in applications like mechanical fault 
detection. 
At the foundation of the wavelet transform are wavelet functions obtained by scaling and shifting a function 
called the mother wavelet. The Continuous Wavelet Transform (CWT) is defined as shown in Equation (7). 

𝑊𝑊(𝑎𝑎, 𝑏𝑏) = � 𝑥𝑥(𝑡𝑡)𝜓𝜓𝑎𝑎,𝑏𝑏
∗ (𝑡𝑡)𝑑𝑑𝑑𝑑

∞

−∞
 (7) 

Here, 𝑥𝑥(𝑡𝑡) represents the analyzed signal, and 𝜓𝜓𝑎𝑎,𝑏𝑏
∗  denotes the complex conjugate of the mother wavelet 

1) Initialization: Start with the raw signal 𝑥𝑥(𝑡𝑡) as the initial residue. 
2) Sifting Loop: For each residue: 

i. Identify local maxima/minima to construct upper/lower (𝑒𝑒𝑢𝑢(𝑡𝑡), 𝑒𝑒𝑙𝑙(𝑡𝑡))  envelopes. 
ii. Compute the mean envelope 𝑚𝑚(𝑡𝑡) (Eq. 4). 

iii. Extract the detail ℎ(𝑡𝑡) = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 −𝑚𝑚(𝑡𝑡) (Eq. 5). 
iv. Repeat sifting until h(t) satisfies IMF conditions 

3) Termination: Stop when residue becomes monotonic or reaches maximum IMFs. 
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function created with scale (𝑎𝑎) and shift (𝑏𝑏) parameters. The mother wavelet function is obtained by scaling 
and shifting as shown in Equation (8). 

𝜓𝜓𝑎𝑎,𝑏𝑏(𝑡𝑡) =
1

�|𝑎𝑎|
𝜓𝜓(
𝑡𝑡 − 𝑏𝑏
𝑎𝑎

) (8) 

Here, the scale parameter a controls frequency resolution, while b controls the shift on the time axis. Small 
a values enable the analysis of high-frequency components, while large values enable the analysis of low-
frequency components. 
In practical applications, the Discrete Wavelet Transform (DWT) is widely used. DWT is obtained by 
sampling the signal at specific scale and shift values and is defined as shown in Equation (9). 

𝑊𝑊𝑗𝑗,𝑘𝑘 = �𝑥𝑥[𝑛𝑛]𝜓𝜓𝑗𝑗,𝑘𝑘[𝑛𝑛]
𝑛𝑛

 (9) 

Here, 𝑥𝑥[𝑛𝑛] represents the discrete-time signal, and  𝜓𝜓𝑗𝑗,𝑘𝑘[𝑛𝑛] represents the discrete wavelet function created 
with scale 𝑗𝑗 and shift 𝑘𝑘 parameters. In practice, DWT enables the decomposition of the signal into 
components at multiple resolutions by iteratively passing it through low-pass ℎ[𝑛𝑛] and high-pass 𝑔𝑔[𝑛𝑛] filters. 
The approximation and detail coefficients obtained at each step are calculated as shown in Equations (10.a) 
and (10.b). 

𝐴𝐴𝑗𝑗+1[𝑛𝑛] = �ℎ[𝑘𝑘]𝐴𝐴𝑗𝑗[2𝑛𝑛 − 𝑘𝑘]
𝑙𝑙

 (10.a) 

𝐷𝐷𝑗𝑗+1[𝑛𝑛] = �𝑔𝑔[𝑘𝑘]𝐴𝐴𝑗𝑗[2𝑛𝑛 − 𝑘𝑘]
𝑙𝑙

 (10.b) 

In this process, the coefficients obtained at each level are derived by downsampling, which reduces the signal 
length by half. Thus, the low-frequency (approximation) and high-frequency (detail) components of the 
signal are decomposed at each level. The flow diagram showing three levels of WD and the downsampling 
process is presented in Figure 3. This figure visually summarizes how the signal is decomposed at each level 
and how the sampling rate decreases. 

 
 

Figure 3 Wavelet decomposition and the downsampling process for 3 levels 
 

2.4 Feature Extraction and Classification  

Feature extraction is the process of deriving meaningful and representative attributes from raw data. This 
process directly impacts model performance in machine learning and data analytics. Time-domain feature 
extraction is critical for capturing time-dependent dynamics and patterns in the data, because information 
such as trends, periodicity, and transient changes in time series increases the predictive power of the model. 
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In this paper, the focus is on specific feature extraction approaches that stand out in the time domain. 
In this study, time-domain features were extracted from sub-frequency component signals obtained through 
both the wavelet transform and EMD methods. Each sub-frequency component was divided into windows 
of 1s length, and for each window, features such as Mean Absolute Value, Energy, Waveform Length, 
Willison Amplitude, Zero Crossing, Slope Sign Change, Root Mean Square, Mean, Variance, Standard 
Deviation, Skewness, and Kurtosis were extracted. With the average of the features extracted for each 
window, 12 features were extracted for each sub-frequency component. The final feature vector was 
obtained by combining the features extracted for all sub-frequency components. Figure 4 shows the feature 
extraction process for each experimental recording. 
 

 
 

Figure 4 feature extraction process 

As illustrated in Figure 4, the feature extraction pipeline systematically processes raw radar signals 𝐼𝐼[𝑛𝑛] and 
𝑄𝑄[𝑛𝑛] obtained from each experimental trial. Initially, these signals are transformed into their corresponding 
phase (𝜙𝜙[𝑛𝑛]) and amplitude (𝐴𝐴[𝑛𝑛]) representations. Subsequently, both phase and amplitude signals are 
subjected to multi-resolution decomposition through either EMD or WD techniques, resulting in five 
distinct sub-components for each signal type. Each sub-component is then partitioned into 1-second 
temporal windows (with an overlapping ration of %50). From each window, twelve time-domain features 
are extracted. To obtain a representative feature set for each sub-component, the extracted features from all 
windows are averaged, producing twelve consolidated features per sub-component. The final feature vector 
is constructed by concatenating features from all sub-components for both EMD and WD approaches. The 
resulting dataset contains 1,802 experimental samples with a dimensionality of 1,802×121, where the 
additional column represents the target classification labels corresponding to different imbalance severity 
levels: 0 indicates balanced condition, 1 denotes mild imbalance, 2 represents moderate imbalance, and 3 
signifies severe imbalance. The created data matrix was tested with each of the widely accepted machine 
learning methods: SVM, KNN, RF, and DT. 

2.5 Parameters and Evaluation Metrics  

The dataset is divided into training (80%) and testing (20%) sets, employing 5-fold cross-validation for model 
evaluation. Each machine learning algorithm required specific hyperparameter tuning, which we 
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accomplished through grid search optimization. This systematic approach evaluated various parameter 
combinations based on both preliminary experiments and literature recommendations, balancing 
comprehensive coverage with computational efficiency. Table 3 details the specific hyperparameter search 
ranges explored for each classifier. 
 

Table 3 Hyperparameter Search Ranges for Classifiers 

Method Parameters 

SVM Kernel function: {‘linear’, ‘rbf’, ‘polynomial’},C (regularization):{ 0.1, 1, 10, 100}, γ (kernel coef.): {0.001, 0.01, 0.1, 1} 
KNN Num. of neighbor: {1, 10, 50, 100}. Distance metric: {‘euclidean’, ‘cityblock’, ‘cosine’, ‘correlation’}. 

RF Number of trees: {50, 100, 200, 300}, Min leaf size: {1, 5, 10}, num. of predictors to sample: {'all', 'sqrt', 'log2'} 
DT MinLeafSize:{1, 5, 10, 20}, maxNumSplits={10, 50, 100, 500}, splitCriter.= {'gdi', 'deviance'}. 

 
The classifier is validated using 5-fold cross-validation across multiple parameter combinations, selecting 
final models based on the highest average F1 score across all folds. 
Performance assessment relied on confusion matrix-derived metrics. This matrix displays classification 
accuracy for each class in tabular form, showing true positives (correctly identified positive cases), false 
positives (negative cases incorrectly labeled positive), and false negatives (positive cases incorrectly labeled 
negative). Equations (11)-(14) present the key performance metrics calculated from these values. Figure 5 
illustrates the confusion matrix structure for our four-class classification problem. 
 
Accuracy = (Σ TPs) / (All predictions) (11) 
Precision = TP / (TP + FP) (12) 
Recall = TP / (TP + FN) (13) 
F1 score = 2 x (Precision x Recall) / (Precision + Recall) (14) 

 
 

Figure 5 Confusion matrix for a four-class problem 

 
3. Results and Discussion 

The experimental evaluation assesses the performance of multi-resolution approaches, specifically WD and 
EMD, for the radar-based estimation of rotational imbalance level. Each method generated five 
decomposition signals to extract time-domain features. Then, these features are tested in four different 
machine learning algorithms: SVM, KNN, RF, and DT. The performances of WD for different wavelet 
functions and EMD are tabulated in Table 4-7. 
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Table 4 Performance Comparison for ML algorithms with EMD features 

Model 
Name Parameters Acc. 

(%) 
Prec. 
(%) 

Recall 
(%) 

F1 score 
(%) 

Train. 
time (ms) 

Pred. 
time (ms) 

Model 
size (MB) 

SVM 

C=10, 
gamma=0.01, 
kernel=rbf, 
polynomialOrder=2. 

88.90 88.82 88.79 88.77 127.02 19.61 2.58 

KNN k=1, 
distance=cityblock. 88.34 88.37 88.23 88.23 10.65 26.47 1.11 

RF 
numTrees=200, 
minLeafSize=1, 
numPredictors=sqrt. 

91.12 91.17 91.06 91.08 2628.43 272.51 12.11 

DT 
minLeafSize=1, 
maxNumSplits=100, 
splitCriter.=deviance. 

73.14 73.39 72.93 73.02 211.04 0.63 1.14 

 
Table 4 shows that EMD paired with RF (EMD-RF) achieved the highest accuracy, 91.12%, using optimal 
settings (numTrees=200, minLeafSize=1, numPredictors=sqrt). SVM followed at 88.90% with an RBF 
kernel (C=10, γ=0.01), KNN was close at 88.34%, and DT lagged at 73.14%. Regarding training speed, 
KNN was the quickest at 10.65 ms, while RF required much longer training time (2628.43 ms). 
 

Table 5 Performance Comparison for ML algorithms with Haar features 

Model 
Name Parameters Acc. 

(%) 
Prec. 
(%) 

Recall 
(%) 

F1 Score 
(%) 

Train. 
time (ms) 

Pred. 
time (ms) 

Model 
size (MB) 

SVM 

C=0.1,  
gamma=1, 
kernel=polynomial, 
polynomialOrder=2. 

91.74 91.65 91.61 91.61 218.53 13.48 2.21 

KNN k=1, distance=cityblock. 87.72 87.98 87.76 87.74 10.34 26.13 1.11 

RF 
numTrees=300, 
minLeafSize=1, 
numPredictors=sqrt. 

95.28 95.28 95.23 95.22 3904.64 401.02 15.55 

DT 
minLeafSize=1, 
maxNumSplits=500, 
splitCriter.=gdi. 

84.46 84.59 84.32 84.36 127.41 0.59 1.13 

 
According to Table 5, the RF-Haar combination with 300 trees achieved the highest accuracy at 95.28%, 
leading the experiments, while SVM with a polynomial kernel (C=0.1, γ=1, degree=2) also performed 
strongly with 91.74% accuracy, indicating non-linear kernels work well with Haar-derived features. Even the 
weakest model, DT, reached an accuracy of 84.46%, highlighting the superior discriminative power of Haar 
features compared with EMD. The primary trade-off is computational cost: RF required 3904.64 ms for 
training and 401.02 ms for prediction. 
 

Table 6 Performance Comparison for ML algorithms with Coif2 features 

Model 
Name Parameters Acc. 

(%) 
Prec. 
(%) 

Recall 
(%) 

F1 Score 
(%) 

Train. 
time (ms) 

Pred. 
time (ms) 

Model 
size (MB) 

SVM 

C=10,  
gamma=0.01, 
kernel=rbf, 
polynomialOrder=3. 

87.44 87.74 87.33 87.37 159.21 22.41 2.95 

KNN k=1, distance=cityblock. 86.40 86.58 86.43 86.37 10.92 26.57 1.11 

RF 
numTrees=100, 
minLeafSize=1, 
numPredictors=sqrt. 

93.20 93.24 93.20 93.17 1322.11 139.25 5.96 

DT 
minLeafSize=1, 
maxNumSplits=100, 
splitCriter.=deviance. 

85.22 85.35 85.14 85.10 180.52 0.56 1.13 
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Table 6 indicates that the Coiflet2 wavelet demonstrated robust and consistent classification performance. 
Random Forest achieved 93.20% accuracy using 100 trees, while SVM with RBF kernel yielded 87.44% 
accuracy. KNN and Decision Tree achieved 86.40% and 85.22%, respectively. Table 6 also presents that 
Coiflet2 offered a better computational trade-off than Haar, with RF training time reduced to 1322.11 ms 
while maintaining high classification accuracy. 
 

Table 7 Performance Comparison for ML algorithms with Symlet4 features 

Model 
Name Parameters Acc. 

(%) 
Prec. 
(%) 

Recall 
(%) 

F1 Score 
(%) 

Train. 
time (ms) 

Pred. 
time (ms) 

Model 
size (MB) 

SVM 

C=10,  
gamma=0.01, 
kernel=rbf, 
polynomialOrder=2. 

86.54 86.69 86.42 86.43 160.83 22.37 2.94 

KNN k=1, distance=cityblock. 85.64 85.78 85.73 85.64 10.88 26.60 1.11 

RF 
numTrees=100, 
minLeafSize=1, 
numPredictors=sqrt. 

93.55 93.60 93.51 93.51 957.20 143.22 6.60 

DT 
minLeafSize=1, 
maxNumSplits=100, 
splitCriter.=deviance. 

83.07 83.40 82.96 83.00 126.55 0.63 1.13 

 
Table 7 shows that Symlet4 wavelet features also produced competitive results, with Random Forest 
achieving 93.55% accuracy. The performance hierarchy remained consistent with other wavelet methods, 
following the pattern RF > SVM > KNN > DT. Notably, Symlet4 provided the most efficient RF training 
time (957.20 ms) among all methods while maintaining high classification performance. This consistency 
across wavelet types indicates the general superiority of wavelet-based feature extraction for this application 
domain. 
Computational efficiency analysis across Tables 4-7 revealed significant variations in training and prediction 
times. KNN consistently demonstrated the fastest training times (10.34-10.92 ms) across all feature types 
due to its lazy learning nature. DT algorithms achieved the fastest inference speeds (0.56-0.63 ms), while RF 
showed the highest prediction latency. Model size analysis indicated that KNN and DT produced the most 
compact models (~1.11-1.14 MB), while RF models exhibited the poorest memory footprint, ranging from 
5.96 MB (Coiflet2) to 15.55 MB (Haar). 
Statistical analysis of the experimental results demonstrates the clear superiority of wavelet-based approaches 
over EMD, with mean accuracies of 89.80% (Haar), 88.07% (Coiflet2), 87.20% (Symlet4), and 85.38% 
(EMD). RF emerged as the most effective classification algorithm across all feature extraction methods, 
achieving a mean F1-score of 93.25% ± 1.74%. The comprehensive performance comparison detailed in 
Table 4-7 is summarized in Figure 6. Figure 6 illustrates the accuracies and the model sizes with a bar chart, 
while comparing the timing performances with heat maps. 
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Figure 6 Performance Analysis Summary for All Methods  

4. Conclusions 
This study demonstrates the effectiveness of radar-based imbalance detection with multi-resolutional 
analysis (EMD and WD) and machine learning classifiers. The comparative analysis revealed that WD 
consistently outperformed EMD in feature extraction, with the Haar-RF combination achieving peak 
accuracy of 95.28% due to WD's robustness against mode-mixing issues inherent in EMD. Among 
classifiers, RF delivered the highest average accuracy (93.25% ± 1.74%) but required significant 
computational resources (training up to 3904 ms, model size 15.55 MB), whereas DT provided ultra-fast 
inference (0.6 ms) and compact models (~1.13 MB) – optimal for edge deployment despite lower accuracy 
(73–85%). The SVM-Haar pairing offered a balanced compromise (91.74% accuracy, 219 ms training). 
Therefore, for industrial vibration monitoring, Haar wavelets emerge as the definitive feature extractor. 
Choose Random Forest for systems demanding peak accuracy, and opt for Decision Trees when ultra-low 
latency and compact size are paramount for edge deployment. 
Although operating speed, load, and imbalance mass were varied to encompass diverse conditions, future 
work will extend experimental validation to additional motor types, a broader range of power ratings, and 
various mechanical coupling and mounting configurations to increase generalizability. 
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1. Introduction 

Today, electric motors with different design architectures and operating characteristics are studied in 
academic settings and used in industry (Yücel et. al. 2025; Yücel et. al. 2025; Ünlükaya et. al. 2014; Samur 
& Altıntaş, 2020). When these motors are classified according to their most general characteristics, it is 
possible to state that they are asynchronous (induction) and synchronous. Similarly, from a general 
perspective, induction motors are more cost-effective, more durable, and require less maintenance due to 
their operating characteristics and design architecture. Commonly used in a wide variety of sectors, 
induction motors are also widely used in submersible pumps due to these superior features. Although 
permanent magnet synchronous motors are used in submersible pumps, three-phase induction motors are 
more commonly used. Therefore, a small increase in the efficiency of induction motors used in submersible 
pumps will result in significant overall energy efficiency. 
Considering the usage dimensions and operating conditions of induction motors used in submersible 
pumps, it is obvious that there will be some differences from the classical induction motor design. For 

Abstract: This study examines the design of a three-phase induction motor used in 
submersible pumps. The motor considered is a 380V, 50Hz, 75Hp, 2-pole, 8" three-
phase induction motor. The targeted induction motor performance is high efficiency at 
the rated load. Furthermore, the operating characteristics of the three-phase induction 
motor, such as starting current, starting torque, breakdown current, breakdown torque, 
rated current, rated torque, and magnetic flux distribution, were also investigated. The 
design process began with determining the general geometry of the motor and 
continued with the calculation of the stator, rotor, and equivalent circuit parameters. 
Geometric and magnetic constraints were considered during the design process, and 
priority was given to ensuring that the motor achieves the desired high performance. 
The motor design simulation was first performed in the Ansys RMxprt module, and 
then the motor design was simulated in the Ansys Maxwell 2D module and compared 
with motors from various manufacturers. The resulting motor design geometry has a 
4% higher efficiency. Other performance outputs of the motor are also found to be 
sufficient. 
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example, since the operating environment is underground and in contact with water, it is possible to expect 
the temperature resulting from motor losses to be not too high (30-35°C) (https://www.polmot.com.tr/tr; 
https://tr.ferat.com.tr/index.php). This is particularly important in the selection of winding cross-sections. 
On the other hand, due to the size of the operating environment in submersible pumps, motor diameters 
are smaller (4", 5", 6", 7", 8", 9", 10", and 12") than in induction motors with similar characteristics, 
increasing the motor package length to ensure sufficient power density (https://www.polmot.com.tr/tr; 
https://tr.ferat.com.tr/index.php). These and similar operating characteristics directly affect the design and 
operating performance of induction motors used in submersible pumps. When the designs of induction 
motors are examined, it is seen that increasing motor efficiency is at the forefront (Yücel et. al. 2025; 
Tumbek et. al. 2025). Furthermore, goals such as directly or indirectly achieving high starting torque, low 
starting current, high rated torque, improving the torque/speed characteristic curve, and reducing cost are 
also identified (Ergene et. al. 2012; Lee et. al. 2013; Marfoli et. al. 2020; Çunkaş, 2012). In some studies, 
stator geometry, rotor geometry, and material selection used in the motor are modified, or manufacturing 
technologies such as die-cast rotor bars are suggested (Manoharan et. al. 2011; Kirtley, 2004). Simulations 
in these studies are generally performed with finite element method-based programs such as Ansys, Flux, 
and FEMM (Yücel et. al. 2025; Yücel et. al. 2025; Tumbek et. al. 2025, Ergene et. al. 2012; Arslan, 2016; 
Galindo et al. 2002). While experimental comparisons are made in studies (Arslan, 2016), most studies 
prefer to compare simulation results with existing motors. 
Induction motor design studies for submersible pumps are rarely single-phase (Gundale & Kulkarni, 2012). 
Most studies focus on motors below 10HP. Studies focusing on changing the selection and geometry of 
rotor bars are particularly prominent. In general, ideal conditions are sought in induction motor design 
studies. However, the torque vibrations of the induction motor and the unbalanced currents in the stator 
windings were investigated for unbalanced voltages (Donolo et. al. 2011). Studies on the design of three-
phase induction motors used in submersible pumps are not very common (Çunkaş, 2012). Therefore, in 
this study, the design of an 8" diameter, 75Hp three-phase induction motor used in submersible pumps 
was implemented. The design was simulated with Ansys RMxprt and Maxwell 2D programs and compared 
with operating values from various companies. According to the results, motor efficiency increased by 
approximately 4%. 
 

2. Materials and Methods 

Certain quantities must be determined at the outset for induction motor design. These include nominal 
power, synchronous speed, line supply voltage, frequency, and number of phases. Determining Esson’s 
constant, based on the air gap apparent power, is critical in induction motor design (Figure 1) (Boldea & 
Nasar, 2010). Using Esson’s constant in Equation 1, stator internal diameter and package length of the 
induction motor can be calculated. Based on this general geometry, other geometric calculations for the 
stator and rotor can be made. 

𝐷𝐷𝑖𝑖𝑖𝑖 = �2𝑝𝑝1
𝜋𝜋𝜋𝜋

𝑝𝑝1
𝑓𝑓1

𝑆𝑆𝑔𝑔𝑔𝑔𝑔𝑔
𝐶𝐶0

3
        (1) 

where, p1 is the number of poles, λ is the package aspect ratio, f1 is the frequency, Sgap is the air gap apparent 
power in kVA, and C0 is the Esson’s constant in J/dm3 (Boldea & Nasar, 2010). 
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Figure 1 Esson’s constant graphs versus Sgap air gap apparent power 

 
In induction motor design, consideration should be given to the calculation of two important design 
parameters beyond geometry. The first of these is the stator winding quantity and its cross-section. While 
the stator winding quantity depends on many parameters, the most important factor is the air gap flux. The 
winding quantity is calculated using the air gap flux selected according to Table 1, and the winding cross-
section is related to rated current of the motor and the net usable area of the stator slot. 
 

Table 1 Air gap flux density according to pole number 

Pole number (2p1) Air gap flux density (Bg) (T) 
2 0.5-0.75 
4 0.65-0.78 
6 0.7-0.82 
8 0.75-0.85 

 
The second most influential design factor is the rotor slot shape and material. The rotor slot shape 
determines torque/speed curve and efficiency of the motor by changing the rotor resistance and reactance 
ratio throughout the operating range, from startup to synchronous speed. Aluminum is generally the 
preferred rotor slot material for low-power machines, while copper is preferred for high-power machines. 
Furthermore, die-casting the rotor bar also increases efficiency and reduces operational failures (Manoharan 
et. al. 2011; Kirtley, 2004). 
Today, the use of commercial finite element-based software is indispensable in electrical machine studies. 
One of the most popular of these programs is Ansys. Because the features offered by the Ansys RMxprt 
and Maxwell modules are very practical and useful, designers can quickly simulate their work, easily transfer 
the analytical design to the magnetic analysis platform, and perform more detailed analyses. The stator and 
rotor slot shapes presented in the Ansys RMxprt module are shown in Figure 2. Slot dimensions can be 
entered by selecting any of these geometries. After analytical simulation, the motor can be transferred to 
the 2D or 3D Maxwell module with all its design parameters. 2D geometry is generally preferred due to 
data size and processing time. With the Ansys Maxwell module, outputs such as magnetic flux distribution 
and torque-speed curve of the motor can be provided with higher precision. 
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a) 

      

b) 

    
Figure 2 Ansys RMxprt a) stator slot shapes b) rotor slot shapes 

 
The input parameters of the induction motor designed for 8" submersible pumps in this study are given in 
Table 2. Design details can be examined from various sources (Boldea & Nasar, 2010). 
 

Table 2 Design parameters of the three-phase induction motor 

Design parameters Unit Value 

Rated power kW 55 

Synchronous speed rpm 3000 

Supply voltage V 380 

Frequency Hz 50 
Phase number – 3 
Pole number – 2 

Steel sheet – M19-24G 

Stator/Rotor conductor – Copper 

 
3. Results and Discussion 

The power/speed, torque/speed, current/speed and efficiency/speed graphs of the three-phase induction 
motor obtained with Ansys RMxprt are given in Figure 3. The nominal efficiency of the motor is 89.3%, 
the nominal speed is approximately 2890 rpm, the nominal torque is 182.26 Nm and the nominal current 
is 101.75 A. According to these results, motor efficiency has increased by approximately 4% 
(https://www.polmot.com.tr/tr; https://tr.ferat.com.tr/index.php). 
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a) 

 

b) 

 

c) 

 

d) 

 
Figure 3 Ansys RMxprt graphics a) power/speed b) torque/speed c) current/speed d) efficiency/speed 

 
After the analytical simulation was performed, the rated values of the induction motor were taken as the 
basis and transferred to Ansys Maxwell 2D. As a result of the simulations performed with Ansys Maxwell 
2D, the input power/time graph, output power/time graph, torque/time graph, current/time graph and 
magnetic flux density graph of the three-phase induction motor are given in Figure 4. In the graphs in 
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Figure 4, the average and effective values are labeled for the 100ms-180ms interval. In general, the analytical 
and numerical simulation results of the induction motor are consistent with each other. Furthermore, the 
magnetic flux density values are within acceptable limits. Some important design outputs for the motor and 
the operating values from various manufacturers (https://www.polmot.com.tr/tr; 
https://tr.ferat.com.tr/index.php) are given in Table 3. According to Table 3, the three-phase induction 
motor designed for the submersible pump provides satisfactory performance in terms of operating values. 

a) 

 

b) 

 

c) 

 

d) 

 
Figure 4 Ansys Maxwell 2D graphics a) input power/time, output power/time b) torque/time c) current/time d) magnetic flux 

density 
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Table 3 Design outputs of the three-phase induction motor 

Design outputs Unit 
Value 

IM POLDAP (HPL875/1A) 
(https://www.polmot.com.tr/tr) 

FERAT (FM8/75) 
(https://tr.ferat.com.tr/index.php) 

Output power kW 55 55 55 

Input power kW 61.6 – – 

Efficiency % 89.3 86 85.7 

Rated speed rpm 2890.47 2885 2883 

Power factor  0.915 0.87 0.86 
Start-up torque Nm 287.7 – – 

Break-down torque Nm 499.3 – – 
Rated torque Nm 181.7 – – 

Start-up current A 595 – 624 

Break-down current A 426.3 – – 

Rated current A 101.4 112 114 

Stator tooth magnetic flux T 1.56 – – 

Stator yoke magnetic flux T 1.54 – – 

Rotor tooth magnetic flux T 1.56 –  

Rotor yoke magnetic flux T 0.94 – – 

 
This study was conducted for an 8", 75Hp, three-phase induction motor used in submersible pumps. 
Because operating conditions and production criteria were neglected for the design, some aspects of the 
study reflect ideal conditions. Furthermore, implementing the motor design using one of the known 
optimization methods, such as genetic algorithm, particle swarm algorithm, gray wolf algorithm, etc., would 
make the results more useful and improve the study in many ways. 
In the design of induction motors, design classes are formed, particularly based on rotor bar geometry 
(Boldea & Nasar, 2010; Chapman, 2004). This factor, which guides the design at the beginning, should be 
reviewed at the end. Examining the data obtained in Table 3 for the motor designed in this study, the 
starting torque to rated torque ratio is 1.58, the breakdown torque to rated torque ratio is 2.75, the starting 
current (short-circuit current) to rated current ratio is 5.87, and the nominal slip is 3.65%. These values 
correspond to design class B in NEMA standards. 
 

4. Conclusions 
This study conducted the design and simulations of a 380V, 50Hz, 75Hp, 2-pole, 8" three-phase induction 
motor used in submersible pumps. The results revealed a model with 4% higher efficiency compared to 
motors from various manufacturers. Graphs for torque, power, current, efficiency, and magnetic flux 
density of the motor are also presented. The graphs indicate that the nominal operating values of the motor 
are sufficiently large. The primary power loss of the motor is due to stator copper losses. Therefore, it 
would be appropriate to optimize the design of the induction motor in this direction. 
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1. Introduction 

Transformers are the key elements of the power supply system. Ensuring the stability of the electrical 
network is a crucial aspect of modern power systems, and transformers play a vital role in maintaining 
this stability. In essence, network stability refers to the ability of the power system to maintain 
consistent voltage and frequency values despite fluctuations in power consumption. Transformers 
contribute to the stability of the network by regulating voltage levels, distributing electrical loads, and 
providing protection against faults. 
Despite their importance for network stability and reliability, transformer power supply systems face a 
number of challenges that need to be addressed. One of the main challenges is the aging of the 
infrastructure. Many of the transformers currently in use were installed decades ago and are 
approaching the end of their service life. As these aging transformers become less efficient and 
reliable, they pose a threat to network stability. The emergence of problems is often related to the 
condition and quality of transformer oil. If water particles enter the oil due to changes in weather 
conditions or external impacts on the transformer, numerous issues can arise (Fingas &Fieldhouse, 

Abstract: The efficiency and long-term reliability of electrical 
transformers are highly dependent on the quality of their insulating oil, 
which serves both as a dielectric medium and a cooling agent. One of the 
most critical factors affecting transformer oil performance is moisture 
contamination, which significantly reduces dielectric strength, accelerates 
aging processes, and increases the probability of insulation breakdown. 
The purpose of this study is to develop and analyze a reliable method for 
monitoring the water content in transformer oil. A capacitive sensor 
system was designed and applied to measure variations in dielectric 
permittivity caused by different levels of moisture concentration. 
Experimental measurements were carried out using transformer oil 
samples with controlled humidity levels, and the obtained results 
demonstrated a clear correlation between the sensor output and the 
actual water content. The proposed method provides a simple, accurate, 
and real-time monitoring approach, which can be effectively used for 
predictive maintenance and ensuring the safe operation of power 
transformers. 

Keywords Transformer oil, dielectric strength, capacitive sensor, 
microcontroller, amplifier. 
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2012). 
The impact of moisture content in transformer oil is significant, as contamination of the oil with 
moisture can lead to the following problems: 
Loss of dielectric properties of the oil and an increased risk of potential short circuits;  
Aging and degradation of insulation materials;  
Reduction in the service life of the transformer;  
Intensification of electrochemical corrosion in the active parts of the transformer. 
The minimum dielectric strength voltage for transformer oil is presented in the following Table 1. 

Table 1 The minimum dielectric strength voltage for transformer oil 
Operating voltage of oil-filled equipment Dielectric strength voltage of the oil [kV]. 

Up to 15 kV. 30 
From 15 kV to 35 kV. 35 
From 60 kV to 150 kV. 55 
From 220 kV to 500 kV. 60 

 
2. Materials And Methods 

The dielectric strength of transformer oil (Em) decreases exponentially with the increase in moisture 
content (S) in the oil. This relationship is expressed by the following empirical formula: 

Em = E0 ∙ e−kS          (1) 

Em- transformer oil dielectric strength (kV/mm),E0– dielectric strength of new (pure) transformer oil 
(at 0 ppm), S – water content in oil (ppm), 
k– empirical coefficient of variation 
If the dielectric strength of pure oil is E0 = 50 kV/mm and k ≈ 0.0012 the change in dielectric 
strength with increasing water content is shown in Table 2. 
 

Table 2 dielectric strength with increasing water content 

Moisture content (ppm) Dielectric strength, Em (kV/mm) 

0 ppm 50 
50 ppm 44.1 
100 ppm 38.9 
200 ppm 30.4 
500 ppm 18.3 
1000 ppm 10.7 

 
Figure 1 Dependence of dielectric strength on the moisture content in transformer oil 
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From these calculations, it is evident that when the moisture content in transformer oil exceeds 500 
ppm, the dielectric strength drops to below 20 kV/mm. This significantly increases the risk of losing 
dielectric properties. Therefore, it is crucial to monitor the quality of transformer oil. Traditional 
methods, although providing accurate results, do not allow for real-time monitoring (Sun et al. 2010). 
Capacitive sensors, on the other hand, enable continuous and automated monitoring. The sensor 
consists of two main plates (electrodes) with transformer oil in between. As the concentration of water 
in the oil increases, the capacitance also increases. These changes are detected by highly sensitive 
electronic modules and converted into digital values. 

The basic structure of the capacitive sensor consists of the following components: 

• Measuring electrodes (sensor plates) – Detect changes in the dielectric field. 
• Signal amplification module – Amplifies electrical signals. 
• ADC (Analog-to-Digital Converter) – Converts analog signals into digital form. 
• Microcontroller – Processes the signal and displays the results. 
• Display – Shows or transmits the obtained results. 

By integrating the system with a microprocessor or IT technologies, it is also possible to monitor the 
results remotely. 

3.1 Capacitive Sensor 

The electrodes are mounted on the outer side of a glass tube, allowing for the measurement of the 
capacitance of the transformer oil sample under test. The tube has a diameter of 15 mm and a length 
of 150 mm. Each electrode is 100 mm long, and the minimum spacing between the electrodes is 5 mm. 
When pure oil is used as the dielectric material, the initial capacitance of the sensor is 12.25 pF. We 
have thoroughly analyzed the sensors in our previous research and in this case, we are characterized by 
separate characteristics (Baratov et al. 2021; Safarov et al. 2021; Fingas & Fieldhouse 2012) 

 

Figure 2 View of the semi-cylindrical capacitive sensor 

The capacitance of the sensor primarily depends on the dielectric permittivity of the medium between 
the pair of electrodes. The actual capacitance (Ca) depends on the transformer oil sample and is in 
series with the capacitance of the glass tube wall (Cw). Therefore, the total capacitance (Ct) of the 
sensor can be expressed as: 
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Ct = CmCw
Cm+Cw

           (2) 

Ct − total capacity, Cm − Capacity of transformer oil, Cw − Capacity of the glass wall. 

Determining the dielectric constant 

εm = Vsεs+Vmεm
Vt

         (3) 

Vs,  Vm − Volume of water and oil, εs, εm − Dielectric permittivity of water and oil. 

From (2) and (3), the capacitance of the sensor, taking into account the distance between two semi-
cylindrical electrodes of the same size, can be expressed as follows (Mustafoqulov et al. 2024): 

Ca = ∑ 2ε0εaAe ∙ �
1

d+(i−1)∆d
�n

i=0 + ε0εaAe
2R

      (4) 

Here: Ae − The surface area of the electrode, ε0 − is the permittivity of free space, εa − is the 
dielectric permittivity of the sample medium inside the glass tube, d − is the distance between the 
electrodes, R −is the radius of the tube, ∆d − is the step distance between the semi-cylindrical 
electrodes. 

In general, the use of microcontrollers for measuring extremely low capacitances is considered 
the most effective and accurate method today (Baratov & Mustafoqulov 2023). In measurements of 
very low physical parameters, microcontrollers primarily rely on measuring the charging or discharging 
time of capacitors. With the help of microcontrollers or microprocessors, it is possible to capture and 
process electrical signals in very high-frequency circuits or within very short time intervals (ns). 
Temperature of this silence is widely used in measuring the water consumption and level of water in 
various otherwise, vibrations. In addition, the methods of tanks are also analyzed deeply (Baratov et al. 
2022;  Baratov et 2021; Leifer & Patro 2002 ; Cudina 2003) 

The developed sensor circuit also uses this same principle, with the external circuit consisting 
of a differentiator. Figure 3 below presents the developed sensor circuit. 

 

Figure 3 Low capacitance measurement differentiator circuit 

In this circuit, the value of the resistor R1 can be about 10 kΩ or higher, and the resistor R2 can be 
around 200-220 Ω. The current through the capacitor can be written as: 
The current throught the capicator can be written as: 

i(t) = dq
dt

= d(CXUC)
dt

= CX
dUC
dt

= CX
dUinput

dt
       (5) 

The output voltage of this circuit can be written as follows: 
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Uout = UR2 = R2 ∙ iR2          (6) 

If we take into account the expression (4), then we get the following: 

Uout = UR2 = R2 ∙ iR2 = R2 ∙ CX
dUinput

dt
        (7) 

So, the input and output signals of this circuit are as follows, they are presented in Figure 4 below. 

 

Figure 4 Input and output signals of sensor circuit 

The sensor circuit is driven by rectangular pulse with a frequency of 16 MHz. The output signal of the 
circuit is directly proportional to the values of R2 and CX. It’s known from the expression (7) or above 
presented curves. The output signal pulse width is 62.5 ns and it can be adjusted to different frequency 
according to the measured capacitance value. ATMEGA 328P-UP microcontroller and Arduino Uno 
platform were used in the experiment. Gauss’s law is used to determine the capacitance of the semi-
cylindrical capacitor. 

εa ∮E� ∙ dS� = Q
εa∙S

          (8) 

where E - is electric field(V/m), а ε- absolute permittivity, S - area (m2), Q - electric charge, (C).  
When water particles form in transformer oil, they alter the oil-water ratio. Taking the above into 
account, the capacitance of the sensitive element can be determined as follows: 

Ca = 2ε0εaAe ∙ �
1

d+(i−1)∆d
� + ε0εaAe

2R
       

 (9) 
Due to their high sensitivity, capacitive sensors are also suitable for measuring the deflection of 
rotating parts of vibrating manipulators. However, due to their small measurement range, 
electromagnetic sensors are used for systems that move in a circular motion (Baratov & Mustafoqulov 
2023.; Baratov et al. 2023). In addition, capacitive sensors are also widely used to control water levels 
through sluice gates (Baratov et al. 2019). The sensors are very sensitive and can even accurately 
measure air bubbles in drinking water and cavitations in various pumping stations (Wu & Gharib, 
2002.; Wang et al. 2013). 
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3. Results and Discussion  
The results measured using the capacitive sensor are presented in the following table (Table 3).  

Table 3 The results measured using the capacitive sensor  

Moisture content (%) Theoretical Capacitance 
change (pF) 

Measured 
capacitance (pF) Error (%) 

0.1% 0.095 pF 0.087 pF 8.42% 
0.5% 0.472 pF 0.455 pF 3.60% 

1% 0.945 pF 0.912 pF 3.49% 
5% 4.72 pF 4.15 pF 12.08% 

10% 9.45 pF 8.89 pF 5.92% 

 
Figure 5 Graph of the dependence of sensor capacitance on the moisture concentration in oil 

Both characteristics exhibit high linearity (R² ≥ 0.98), which allows for an accurate estimation of the 
actual moisture concentration (in percentage) based on capacitance change. 

4. Conclusions 
Contamination of transformer oil with moisture leads to the degradation of the insulation system and 
shortens the service life of electrical equipment. Capacitive sensor systems enable real-time monitoring 
of moisture content, helping to enhance the safety of transformers. This system offers high sensitivity, 
automation, and rapid response capabilities, making it one of the effective solutions in the energy 
sector. 
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1. Introduction 
The steady increase in global population and rapid technological advancements have led to a continuous 
rise in energy demand. Among various sectors, residential energy consumption ranks just behind industry 
and transportation in terms of total energy use (Ali et al., 2018). Therefore, improving the efficiency of 
heating systems in residential buildings plays a crucial role in ensuring both individual and national energy 
sustainability (Embaye et al., 2015). 
Heating, ventilation, and air conditioning (HVAC) systems account for more than 30% of total energy 
consumption in Europe, 50% in the United States, and over 70% in the Middle East, indicating their 
significant impact on global energy use (Razmi et al., 2018). In Turkey, approximately 35% of total energy 
is consumed by buildings, and the energy required to heat one square meter of area is estimated to be 2–3 

Abstract: This study numerically investigates the thermal, exergy, and 
environmental performance of a widely used PCCP-type (Type 22) panel 
radiator equipped with three newly designed fin geometries using ANSYS-based 
CFD simulations. The proposed configurations were evaluated and compared 
with a conventional fin design under identical operating conditions to assess 
their influence on overall heat transfer performance. The results demonstrate 
that the I-profile fin achieved the highest performance, delivering a thermal 
efficiency of 61.9%, an exergy efficiency of 15.8%, and approximately a 33% 
reduction in CO₂ emissions compared to the standard model. While some 
alternative designs slightly reduced emissions further, they also resulted in 
notable exergy losses, highlighting a trade-off between energy quality and 
environmental benefits. These findings indicate that optimized fin geometries 
can be seamlessly integrated into existing manufacturing processes with minimal 
modifications, providing a practical and scalable solution for improving energy 
efficiency and supporting the development of sustainable radiator designs. 
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times higher than in EU countries (Sağbaş & Başbuğ, 2018). This makes the optimization of heating 
systems, particularly panel radiators that are commonly used in homes, a promising solution for improving 
energy efficiency without compromising indoor thermal comfort. 
Panel radiators typically consist of flat, non-circular pipe sections that allow hot water to circulate. Since 
the water temperature is higher than the surrounding air, heat transfer occurs mainly through natural 
convection. Although commonly referred to as radiators, up to 80% of their total thermal output actually 
comes from convection, while only about 20% originates from radiation (Beck et al., 2004). Factors 
influencing the convective heat transfer of panel radiators include fin thickness, fin height, spacing between 
opposing fins, trapezoidal height, and edge radius. Previous studies have demonstrated that increasing the 
thickness and height of fins significantly enhances heat transfer performance (Calışır et al., 2019). 
The performance of panel radiators is also affected by the thermophysical properties of their surroundings. 
For instance, a poorly insulated wall behind a radiator can reduce energy efficiency by nearly 5% (Robinson, 
2016), while a roughened surface can improve convective heat transfer by up to 26% compared to smooth, 
polished surfaces (Shati et al., 2011). Conversely, long-term improvements using decorative elements, such 
as stone coverings in front of radiators, have been found to be ineffective (Menéndez-Díaz et al., 2014). 
Several studies have investigated the influence of water flow rate and inlet temperature on radiator 
performance. For example, experiments using different convector types under varying flow rates and 
supply temperatures showed that the flow rate is the most critical factor affecting overall heat transfer, 
while the number of panels has a dominant effect on entropy generation (Geliş & Akyürek, 2021). Similarly, 
a study focusing on the development of modern panel radiators for low inlet water temperatures 
determined optimal combinations of inlet temperature and flow rate through ANSYS-based CFD 
simulations (Aydın, 2013). 
The effect of airflow above radiators has also been analyzed using both CFD and particle image velocimetry 
(PIV) techniques. Results showed that, even when convector dimensions were altered, the airflow patterns 
above radiators remained consistent, indicating stable thermal comfort conditions (Calışır et al., 2021a). 
Due to standardization practices in Turkey, most panel radiator designs exhibit high similarity, resulting in 
only minor differences in thermal performance (Ekmekçi et al., 2014). 
Some researchers have proposed fin design enhancements. For example, sweeping fins were reported to 
improve thermal efficiency by 32% compared to conventional models (Gheibi & Rahmati, 2019), while 
other studies recorded a 34% increase in total heat output by using modified baseboard radiator designs 
(Shobi et al., 2020). The effect of fin geometry has also been widely investigated. One study found that a 
triangular fin released 3.15% more heat than the standard model (Aydar et al., 2014). Furthermore, the 
placement of inlet and outlet connections plays a significant role in temperature distribution, with cross-
flow configurations achieving better water distribution and more uniform thermal performance compared 
to parallel setups (Calışır et al., 2017). 
In this study, unlike previous works, a widely used commercial PCCP-type panel radiator (Type 22) was 
selected. The influence of modified fin geometries on thermal performance was numerically evaluated and 
compared with a conventional fin configuration under identical operating conditions. Beyond thermal 
analysis, energy and exergy efficiencies were calculated, and the potential reduction in annual CO₂ 
emissions was estimated under typical residential heating scenarios. This multi-dimensional approach 
contributes to sustainable radiator design by quantifying both heat transfer enhancement and its broader 
environmental impact. 

2. Physical Model and Geometric Configurations  
2.1. General Overview of Panel Radiators 

Panel radiators are widely used in residential heating systems because of their compact design, ease of 
installation, and cost-effectiveness. These systems typically consist of one or more flat panels through which 
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hot water circulates, enabling heat to be transferred primarily through natural convection. To improve 
convective heat transfer, thin metallic fins—commonly referred to as convectors—are integrated between 
the panels. The external assembly generally includes top and side covers, as well as connection fittings that 
allow seamless integration with existing plumbing systems (Figure 1). 
 

Figure 1 Exploded view of a typical panel radiator with labeled components: convectors, top cover, side cover, and connection 
fittings 

2.2 Flow Configurations in Panel Radiators 

Panel radiators can be connected to the plumbing system using different configurations, depending on the 
desired thermal uniformity and installation constraints. The two most common connection types are: 

• Parallel Connection (Figure 2): In this configuration, the inlet and outlet are positioned on 
the same side of the radiator. While this setup is easier to install, it can result in uneven 
temperature distribution, particularly in larger panels. 

• Cross-Flow Connection (Figure 3): Here, the inlet and outlet are placed on opposite sides of 
the radiator. This arrangement enables the hot water to spread more uniformly across the 
radiator volume, which enhances heat transfer performance and ensures better thermal 
uniformity.  

 

 

 

 

 

 

          Figure 2 Parallel connection configuration       Figure 3 Cross-flow connection configuration              

2.3 Radiator Model Used in the Study 

In this study, a Type 22 PCCP (panel–convector–convector–panel) panel radiator was selected for numerical 
analysis. This model consists of two water panels and two convector fins placed in between, creating a 
compact design with high heat transfer efficiency. The radiator geometry and operational parameters were 
determined in accordance with the TS EN 442 standards, and the key specifications are as follows: 

Inlet temperature: 75 °C 

1 Top Cover 
2 Convectors 
3 Connection Fittings / Parts 
4 Side Cover 
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Outlet temperature: 65 °C 

Panel dimensions: 600 mm (height) × 600 mm (length) × 130 mm (depth) 

Flow configuration: Cross-flow (inlet located at the top, outlet positioned at the bottom) 

2.4 Material Properties and CFD Mesh Details 

The panel material was selected as aluminum sheet metal, with a thickness of 1.2 mm in accordance with the 
DIN EN 10130 standard. The convector fins were assumed to be 0.5 mm thick. The working fluid was 
water, and a T-type pipe configuration with a diameter of 30 mm was used for water entry. The 
thermophysical properties of the materials employed in the simulations are presented in Table 1. 
The main geometric specifications used in the CFD simulations are as follows: 
- Panel height: 600 mm 
- Panel length: 600 mm 
- Panel depth: 130 mm 
- Panel sheet thickness: 1.2 mm 
- Convector fin length: 490 mm 
- Distance between opposing fins: 30 mm 
- Fin height: 50 mm 
- Fin thickness: 0.5 mm 
- Distance between two adjacent fins: 26 mm 
- Fin base width: 13.74 mm 
- Fin tip width: 13 mm 
- Water channel spacing between opposite fins: 9.6 mm 

Table 1. Thermophysical Properties of the Materials 

Material Density (kg/m³) Dynamic 
Viscosity (Pa·s) 

Thermal 
Conductivity 
(W/m·K) 

Specific Heat 
(J/kg·K) 

Water 977.7 0.0004 0.6 4189.8 
Aluminium 2719 — 202.4 871 

2.5 Fin Geometry Designs 

To enhance the thermal performance of the panel radiator, four different fin profiles were developed and 
evaluated through numerical simulations. Each fin was made of aluminum with fixed dimensions: 0.5 mm 
thickness, 26 mm width, and 50 mm length. Only the cross-sectional geometry was modified to assess its 
influence on convective heat transfer. 
To evaluate the influence of fin geometry on the thermal efficiency of the panel radiator, three different fin 
designs were developed. In all cases, aluminum was used as the fin material, and the fin thickness (0.5 mm), 
width (26 mm), and length (50 mm) were kept constant. Only the cross-sectional profiles of the fins were 
modified, and the relevant geometric parameters are presented in Table 2. 

Table 2. Fin Geometry and Material Specifications 

Fin Material Fin Thickness (mm) Fin Width (mm)      Fin Length (mm) 

Aluminum            0.5          26                 50 

The newly developed geometries are illustrated in Figure 4 (Fin-1), Figure 5 (Fin-2), and Figure 6 (Fin-3), 
while the conventional flat fin used for comparison is shown in Figure 7 



Aksoy et al. (2025),  Electr. Eng. Energy                                                                                                                                                                               47 

Electrical Engineering and Energy 

 

 

 Figure 4 Cross-sectional geometry of Fin 1               Figure 5 Cross-sectional geometry of Fin 2 

 

 

 

 

 

 

Figure 6 Cross-sectional geometry of Fin 3               Figure 7  Conventional Fin               

Mesh quality in CFD (Computational Fluid Dynamics) directly affects the convergence and accuracy of the 
solution through parameters such as aspect ratio, skewness, and orthogonality. In thermal simulations 
involving natural or forced convection, maintaining a y⁺ value below 5 and limiting skewness to under 0.9 
are widely accepted standard practices (Versteeg, at all 2007). 

In this study, a tetrahedral mesh structure was used, and prismatic layers were applied at the solid–fluid 
interfaces to resolve boundary layer effects. The mesh elements in the boundary layer were generated with a 
target y⁺ value of 4 and a skewness of 0.840 to ensure geometrically optimal conditions. Additionally, a mesh 
independence test was conducted to verify that the selected mesh resolution does not significantly affect the 
simulation results. 

3. Methodology 

The methodology adopted in this study presents a holistic evaluation approach based on numerical analysis. 
Without conducting experimental studies, the thermal performance of the proposed radiator fin geometries 
was assessed using Computational Fluid Dynamics (CFD) simulations. In these simulations, the system 
behavior was modeled by incorporating analytical modeling results grounded in thermodynamic principles 
and validated using manufacturer-provided performance data. This integrated approach aims to enhance 
both the scientific validity and the real-world applicability of the findings. 
In the first phase, CFD-based thermal analyses were performed for each proposed fin geometry, and the 
design offering the highest thermal efficiency was identified. This optimal design was then compared with a 
conventional panel radiator under identical operating conditions in terms of exergy efficiency and estimated 
CO₂ emissions. This step-by-step methodology enabled a comprehensive evaluation of the thermal, 
exergetic, and environmental performance of the improved design. 
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3.1 Thermal Analysis 

Fins are extensively used to improve convective heat transfer by increasing the effective surface area 
available for energy exchange. Manufactured in various materials and geometries, these structures serve as 
key performance-enhancing elements, particularly in heat exchangers and thermal management systems 
where convection plays a dominant role. 

In this study, a thermal analysis was conducted to evaluate the heat transfer performance of panel 
radiators equipped with different fin geometries. The impact of geometric variation on thermal efficiency 
was investigated using Computational Fluid Dynamics (CFD) simulations, following established numerical 
modeling approaches (Liu, 2023; Çengel, 2014). 

The maximum heat transfer from a fin is assumed to occur when the entire fin is at the base temperature, 
and it can be calculated using the following expression (Incropera 2007) 

The maximum heat transfer from a fin is assumed to occur when the entire fin is at the base temperature, 
and it can be calculated using the following expression. In this formula,  h represents the convective heat 
transfer coefficient (W/m²·K), A fin denotes the surface area of the fin (m²) ,T_b is the base temperature of 
the fin (typically corresponding to the wall or fluid temperature), and T_∞ refers to the ambient temperature. 

The actual heat transfer from the fin can be determined by Equation (2), which accounts for the 
temperature gradient along the fin surface; 

In this equation 𝑚̇𝑚 represents the mass flow mass flow rate of the fluid (kg/s), specific heat of the fluid 
(J/kg.K), fluid inlet and outlet temperatures.  

The fin efficiency is defined as the ratio of the actual heat transfer from the fin to the maximum 
possible heat transfer, assuming the entire fin is at the base temperature. It is calculated by; 

In heating systems such as radiators, energy efficiency is defined as the ratio of the thermal energy output 
from the system to the total thermal energy input. This ratio indicates how effectively the system converts 
input energy into useful heating and is expressed by the following equation; 

In the energy efficiency definition given in Equation 4, the input heat can be calculated using Equations 5 
and 6, respectively 

Exergy efficiency is a second-law-based performance indicator used to evaluate the effectiveness of thermal 
systems. As defined in Equation (7), it is calculated based on the outlet temperature of the system and the 

𝑄𝑄𝑓𝑓𝑓𝑓𝑓𝑓 ,𝑚𝑚𝑚𝑚𝑚𝑚 = ℎ.𝐴𝐴𝑓𝑓𝑓𝑓𝑓𝑓 . (𝑇𝑇𝑏𝑏 − 𝑇𝑇∞)                (1) 

𝑄𝑄𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑚̇𝑚. 𝑐𝑐𝑝𝑝 . (𝑇𝑇𝑖𝑖𝑖𝑖 − 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 )               (2) 

𝜂𝜂𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑄𝑄𝑓𝑓𝑓𝑓𝑓𝑓
𝑄𝑄𝑓𝑓𝑓𝑓𝑓𝑓 ,𝑚𝑚𝑚𝑚𝑚𝑚

                    (3) 

𝜂𝜂𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜 (𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 ]

𝑄𝑄𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
               (4) 

𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜 (𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 ) = 𝑚̇𝑚. 𝑐𝑐𝑝𝑝 . (𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑖𝑖𝑖𝑖 )             (5) 

𝑄𝑄𝑖𝑖𝑖𝑖 = 𝑚̇𝑚. 𝑐𝑐𝑝𝑝 . (𝑇𝑇𝑖𝑖𝑖𝑖 − 𝑇𝑇∞)              (6) 
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dead-state (ambient) temperature. This metric represents the potential for system improvement and 
quantifies the fraction of available energy that can be converted into useful work (Bejan, 2016). 

Carbon dioxide (CO₂) emission analysis is a commonly applied method for evaluating the environmental impacts of 
energy systems. In energy-consuming devices, CO₂ emissions are estimated based on the type of fuel used, the amount 
of energy consumed, and the emission factor associated with the energy source. This approach enables a comprehensive 
assessment of the environmental consequences arising from both the energy utilized and the energy saved through 
efficiency improvements (Dincer & Rosen, 2007).The total carbon dioxide (CO₂) emissions resulting from energy 
consumption can be estimated using the following equation 

where EEE represents the annual energy consumption (kWh/year), and EFEF denotes the emission factor of the 
energy source (kgCO₂/kWh). This formulation is particularly suitable for systems with a known annual energy demand. 
However, for systems that operate only during specific periods of the year and where the instantaneous input energy is 
available, the CO₂ emissions can be calculated using the following equation: 

 

In this equation, the input energy refers to the thermal energy supplied to the system, ttt represents the 
annual operating time, and η denotes the thermal efficiency of the system. The emission factor (EF) 
corresponds to the amount of CO₂ emitted per unit of energy consumed (kgCO₂/kWh) and varies 
depending on the type of energy source used, such as natural gas, coal, or petroleum. 

4. Result and Discoustion 

In this study, detailed CFD simulations were performed for four different fin geometries, including one that 
represents the standard geometry commonly used in panel radiators. The resulting temperature distributions 
were carefully examined and comparatively analyzed to assess the thermal performance of each 
configuration. Figure 8 illustrates the temperature distribution of Fin 1 as obtained from the CFD 
simulations. 

 
Figure 8 Temperature distribution of Fin 1 geometry (CFD results). 

 
In the generated geometry, a noticeable temperature decrease from the base to the tip of the fin is observed, 
which is an expected behavior for surfaces where heat transfer occurs primarily through convection. The 

𝜂𝜂𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 1 − 𝑇𝑇0
𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜

               (7) 

𝐶𝐶𝐶𝐶2 = 𝐸𝐸.𝐸𝐸𝐸𝐸                 (8) 

𝐶𝐶𝐶𝐶2 = 𝑄𝑄𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 .𝑡𝑡 .𝐸𝐸𝐸𝐸
𝜂𝜂𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 .3600

               (9)  
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base region, being in direct contact with the panel surface, exhibits the highest temperature, approximately 
75 °C, where conduction dominates the heat transfer process. In contrast, at the tip region, where 
convective effects are more significant, the temperature decreases to around 53 °C. Although the fin 
geometry ensures a relatively uniform temperature distribution along the horizontal plane, heat losses 
occurring near the tip region reduce the overall fin efficiency. 
 

 

Figure 9 Temperature distribution of Fin 2 geometry (CFD results). 

The temperature distribution for the Fin 2 geometry is presented in Figure 9. Similar to Fin 1, this design 
shows a base surface temperature of approximately 75 °C, which gradually decreases toward the tip region, 
reaching around 51 °C. However, the inclined transitions within the geometry introduce irregularities in 
the temperature distribution, which disrupt the uniformity of thermal conductivity along the fin. As a result, 
these variations contribute to a reduction in the overall fin efficiency. The temperature distribution for the 
Fin 3 geometry is illustrated in Figure 10. 
 
 

 
 

Figure 10 Temperature distribution of Fin 3 geometry (CFD results). 
 
 
Fin 3 features a flat, sharp-edged structure designed in an “I-profile” configuration. Although the overall 
temperature distribution is similar to that of the other fins, it demonstrates a more uniform and symmetrical 
pattern. The absence of inclined surfaces within the geometry enhances symmetrical heat distribution and 
allows for more efficient heat conduction along the fin by reducing thermal resistance. 
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Figure 11 Temperature distribution of conventional fin geometry (CFD results) 

 
Figure 11 presents the temperature distribution of the conventional (standard) fin geometry commonly used 
in panel radiators. Similar to the other geometries, the base region exhibits the highest temperature, while 
the temperature gradually decreases toward the fin tips due to the increasing thermal resistance along the fin 
height, reaching approximately 330 K (57 °C). The straight and thicker structure of this fin results in a more 
symmetrical temperature distribution across its surface. 
In this study, fin efficiency, exergy efficiency, and CO₂ emission analyses were conducted for both the 
conventional and newly designed fin geometries, assuming an annual operating time of 1500 hours. The 
results of these analyses are summarized in Table 3. 
Table 3 presents a comparative performance analysis between the standard (conventional) radiator fin 
commonly used in panel radiators and the newly designed fin geometries evaluated through Computational 
Fluid Dynamics (CFD) simulations. 
In terms of fin efficiency, the highest performance was achieved with Fin 3, yielding a value of 61.9%. This 
result indicates that Fin 3 enables more effective heat transfer by maintaining a uniform temperature 
distribution from the base to the tip. The fin efficiencies of the other geometries were relatively close, 
averaging around 48.3%. 
For exergy efficiency, Fin 3 again demonstrated the highest performance, reaching 15.8%. In contrast, the 
lowest value was observed in Fin 2 at 7%, primarily due to its inclined and sharp-edged surfaces, which 
introduce additional geometric complexity and lead to greater exergy losses. The conventional fin and Fin 1 
achieved exergy efficiencies of 13.3% and 14.6%, respectively. These results highlight that existing designs 
exhibit relatively low exergy efficiencies overall, indicating a potential performance enhancement of up to 
80% through optimized geometries. 
Regarding annual CO₂ emissions, Fin 2 recorded the lowest emission level at 46.57 kg/year, suggesting lower 
energy-related environmental impact. However, despite this advantage, Fin 2 also demonstrated poor 
thermal and exergy performance, indicating an inability to preserve energy quality. By comparison, Fin 3 
produced slightly higher emissions (58.52 kg/year) but still represents a significant improvement—
approximately a one-third reduction—compared to the conventional fin. 
When considered comprehensively in terms of thermal performance, exergy efficiency, and environmental 
impact, Fin 3 (I-profile) stands out as the most efficient and sustainable design among all evaluated 
configurations. 
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Table 3 Comparison of Fin and Exergy Efficiencies with Annual CO₂ Emissions for Different Fin Geometries 

 

 

5 Conclusions 
In this study, alternative fin geometries were proposed and evaluated to enhance the heat transfer 
performance of panel radiators. Alongside the conventional fin structure, three newly designed fin profiles 
were analyzed using Computational Fluid Dynamics (CFD) simulations in ANSYS. For each configuration, 
thermal efficiency and temperature distribution were obtained, while exergy efficiencies and annual CO₂ 
emissions were also calculated. These comprehensive evaluations provide valuable insights for system 
designers in optimizing thermal performance, minimizing environmental impact, and improving system 
sizing. 
Among the evaluated designs, the I-profile fin demonstrated the highest thermal and exergy efficiencies 
while maintaining an acceptable level of CO₂ emissions. This geometry offers an improvement potential of 
approximately 80% and can be seamlessly integrated into existing production processes with only minor 
modifications, making it a practical and scalable option for future manufacturing. 
To fully exploit the potential of the improved design, it is recommended that the CFD results be validated 
through experimental studies. Such validation would not only support industrial adoption but also contribute 
to the development of future academic research in this field. 
Future studies may focus on integrating the optimized I-profile fin geometry into low-temperature radiator 
systems, which are becoming increasingly relevant in modern energy-efficient buildings. Furthermore, 
additional research on material optimization and cost-effective manufacturing strategies could further 
enhance both performance and sustainability. By maintaining compatibility with current production 
processes, the proposed design provides a feasible, efficient, and scalable solution for the next generation of 
radiator technologies. 

 
 
 

 

Fin  Fin Efficiency (%) Exergy Efficiency 
(%) 

Annual CO₂ 
Emissions 
(kg/year) 

1  
 

 

% 48,3 
 

% 14.6 
 

49,57 

2  
 

 

%48,2 %7 46,57 

3  
 

 

% 61,9 % 15,8 58,52 

Conventional 
 

 

%48,27 %13,3 44,95 
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