
 

 

 

 

 

 

 

  

 

 

 

 

 

Prediction and performance enhancement of R600a 

refrigerator adopting machine learning algorithms 
 

A. Senthilkumar 
 

Online Publication Date: 20 June 2025 

 

URL:  http://www.jresm.org/archive/resm2025-710ml0226rs.html  

DOI:  http://dx.doi.org/10.17515/resm2025-710ml0226rs 

 
Journal Abbreviation: Res. Eng. Struct. Mater. 

To cite this article 

Senthilkumar A.  Prediction and performance enhancement of R600a refrigerator adopting 

machine learning algorithms. Res. Eng. Struct. Mater., 2025; 11(6): 3207-3223. 

Disclaimer 

All the opinions and statements expressed in the papers are on the responsibility of author(s) 

and are not to be regarded as those of the journal of Research on Engineering Structures and 

Materials (RESM) organization or related parties. The publishers make no warranty, explicit 

or implied, or make any representation with respect to the contents of any article will be 

complete or accurate or up to date. The accuracy of any instructions, equations, or other 

information should be independently verified. The publisher and related parties shall not be 

liable for any loss, actions, claims, proceedings, demand or costs or damages whatsoever or 

howsoever caused arising directly or indirectly in connection with use of the information 

given in the journal or related means. 

 

 

 

 

Published articles are freely available to users under the terms of 

Creative Commons Attribution ‐ NonCommercial 4.0 International Public 

License, as currently displayed at here (the “CC BY ‐ NC”). 
 

http://www.jresm.org/archive/resm2025-710ml0226rs.html
http://dx.doi.org/10.17515/resm2025-710ml0226rs
https://creativecommons.org/licenses/by-nc/4.0/legalcode


*Corresponding author: senthilmahathi@gmail.com  
aorcid.org/0000-0001-9662-670X 
DOI: http://dx.doi.org/10.17515/resm2025-710ml0226rs  
Res. Eng. Struct. Mat. Vol. 11 Iss. 6 (2025) 3207-3223                                                                       3207 

 

Research Article 

Prediction and performance enhancement of R600a 
refrigerator adopting machine learning algorithms  

A. Senthilkumar *,a  

Department of Mechanical Engineering, Saveetha Engineering College, Thandalam, Chennai-602 
105, Tamil Nadu, India 
 

Article Info  Abstract 

Article History:  Enhancing the energy efficiency of domestic refrigeration systems is vital due to 
their significant role in global electricity consumption. The low environmental 
impact of R600a makes it stand out among eco-friendly refrigerants. Recent 
developments in hybrid nanomaterials and nano lubricants potential to enhance 
system performance. The machine learning (ML) algorithms are emerging as 
effective tools for accurate, data-driven predictions in complex thermodynamic 
systems. The present research employs machine learning techniques to estimate 
the performance of a vapor compression refrigeration system based on the R600a 
and enhanced with CuO/SiO₂ hybrid nano lubricants. Experimental data were 
collected under various operating conditions, including different nano lubricant 
concentrations (0–0.6 g/L) and refrigerant mass charges (50–70 g). Three ML 
models—Linear Regression, Artificial Neural Network (ANN), and Support Vector 
Machine (SVM) were developed. The dataset was partitioned into 70% training, 
15% validation and 15% testing sets. Models were evaluated using performance 
metrics such as Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 
Mean Squared Error (MSE) and the coefficient of determination (R²). The 
Quadratic SVM model demonstrated the highest prediction accuracy with an R² of 
0.970196 and a low MAE of 0.055486, outperforming both ANN and Linear 
Regression models. The study confirms that integrating hybrid nano lubricants 
with intelligent ML models significantly enhances the Coefficient of Performance 
(COP) prediction capability and provides a reliable approach for optimizing energy 
efficiency in refrigeration systems.  
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1. Introduction 

Energy conservation is essential in vapor compression refrigeration systems, especially with their 
extensive use in commercial, residential, and industrial applications. Improving energy efficiency 
leads to better cooling performance, enhanced system operation and lower energy consumption. 
The refrigeration sector is responsible for 20% of global energy consumption [1] with traditional 
refrigeration systems consuming more energy. HCFC and HFC systems, known for their higher 
global warming potential and energy demands are being replaced by HC refrigerants that consume 
less energy and have a smaller global warming impact. The energy conservation problems 
identified in conventional systems are clarified by the subsequent studies which contributes for a 
energy efficient system. The study involved dispersing SiO₂ nanoparticles in four refrigerants, with 
the R1234ze/SiO₂ mixture resulting in a 59.58 kW reduction in energy consumption and a 
significant increase in COP [2]. Incorporating TiO₂ at a 0.1% mass fraction into the HFC134a/POE 
system resulted in the lowest recorded energy consumption, reducing it by 26.1% [3]. POE oil 
mixed with CuO and MWCNTs at volume ratios of 0.5%, 1% and 2% was theoretically analyzed 
with R152a and R134a refrigerants. The R152a nano refrigerant containing MWCNTs 
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demonstrated a COP enhancement of 27.63% over standard R152a [4]. Compared to R290+1234yf, 
the R290+R600 nano refrigerant achieved the highest COP increase of 15.41% when CuO 
nanoparticles were used, with the evaporator temperature maintained at -5°C [5]. According to 
past research, adding various nano refrigerants to a vapor compression refrigeration system can 
improve thermal conductivity. However, if nanoparticle concentration is too high, it may increase 
viscosity, causing greater compressor work and a decrease in COP. Additionally, challenges like 
agglomeration and stability of nanoparticles may impact the system's long-term performance, 
potentially reducing refrigerator efficiency. No notable increase in COP or refrigeration effect is 
observed with reduced compressor energy consumption [6]. The incorporation of nanoparticles 
into traditional refrigeration lubricants to create nano lubricants has proven to be an effective 
strategy for enhancing the performance and energy efficiency of Vapor Compression Refrigeration 
(VCR) systems.  

This advancement not only improves lubrication but also leads to lower energy consumption and 
a longer lifespan for essential system components [7].The nano lubricant prepared by dispersing 
graphene at 0.2 g/L concentration resulted in a peak COP of 3.2.The system’s efficiency improved 
due to lower power consumption and higher cooling capacity [8].It is evident that replacing 
conventional POE oil with TiO₂-based nano lubricant boosts the refrigerating effect, lowers 
compressor power consumption by 27%, and increases system COP by about 29%.[9].Integrating 
graphene nano lubricant with R600a led to a higher COP, as it improved cooling capacity by 5.2% 
to 14.2% and decreased energy usage by 8.8% to 26.4% [10].  

When 50 g of R600a was blended through 0.4 g/L of multi-walled CNTs nano lubricant, energy 
consumption dropped between 25.9% and 13.7% for R600a quantities ranging from 50 g to 70 g, 
in contrast to a system with clean lubricant. Moreover, the COP of the MWCNT system improved 
from 2.1 to 2.9 compared to a conventional refrigerator [11]. The use of TiO₂ in an R600a 
refrigerator yielded the highest COP of 2.8, whereas the R134a system reached a maximum of 1.9. 
Additional experiments with Al₂O₃ and SiO₂ produced COP values of 2.4 and 2.7, respectively. 
Among all variations, the TiO₂-enhanced system exhibited the lowest energy consumption, cutting 
it by 23.3% compared to other combinations and the R134a system [12]. The combination of 0.2 
g/L of graphene and 50 g of LPG resulted in the highest COP of 3.4. It also reduced compressor 
power consumption to 82.1 kJ/kg and enhanced the cooling effect by 279.1 kJ/kg, outperforming 
other nano lubricant mixtures and refrigerants [13]. Using nano lubricants with 0.5% diamond 
nanoparticles enhanced the R32 refrigerator cooling capability by 2.4%. In addition, nano 
lubricants with 0.1% and 0.5% diamond mass fractions produced the highest COP elevation of 2.6% 
and 3.2% [14].A COP of 2.76 and a 27.36% decrease in power usage were noted when 200 g of 
R134 refrigerant was combined with 500 ppm of amine-treated graphene quantum dots in a 
polyalkylene glycol-based nanosuspension [15].The coefficient of performance in the R134a 
refrigerator improved by 28.4% through the use of a polyol ester oil-based nano lubricant 
containing 0.1 vol% multiwalled carbon nanotubes. [16]. A 4% rise in COP was observed for the 
0.1% diamond mass concentration, and an 8% increase was noted when using 0.5% [17].The 
system's energy consumption was lowest at 62.80 W when using 60g of R600a refrigerant with 0.2 
g/L of TiO2, while the highest COP value of 4.20 was achieved with the same 60g R600a charge and 
0.2 g/L concentration of nano lubricant [18]. 

In ice cream production unit ammonia cascade system was used and the COP value resulted by this 
system was lower than single stage ammonia system [19]. Machine learning models can estimate 
COP, power consumption, refrigerant flow rate and cooling capacity under various operating 
conditions. By replacing intricate thermodynamic equations, these models enable real-time 
optimization with minimal computational effort. The R290 refrigerant performed better by 
attaining a 23.77% higher COP, but the R600a refrigerant reduced compressor power utilization 
by an average of 33.44%. Additionally, R290 provided an 82.55% increase in cooling capacity and 
an increase in second-law efficiency of 20.99% over R600a. SVM method resulted in highest 
accuracy by predicting all parameters with the least error. It outperformed other machine learning 
techniques in forecasting performance indicators, making it the most effective prediction model 
[20]. CPSO-TSA model resulted in 84.4% accuracy during training and achieved strong 
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performance with a low MAE of 0.16. It further exhibited reliable results with an RMSE of 0.39 and 
a kappa statistic of 0.69 [21]. 

A data-driven approach that harnesses modern deep learning methods to construct component 
models while upholding physical conservation constraints in system simulations are explored. 
[22]. The control parameters using PI and PID leads to enhance the energy efficiency ratio (EER) in 
refrigeration systems. EER increased by 21% to 32% with the PI and PID models, and by 28% with 
the factory-set PI control. [23]. The evaluation of the SLFN model is conducted on actual 
experimental data and compared with models trained with radial basis function neural networks 
(RBF), support vector regression (SVR), and back propagation (BP). The findings indicate that in 
regard to prediction accuracy and durability to input errors, the SLFN model performs best [24]. 
The latest theories and applications of computational intelligence (CI) techniques in the 
optimization of refrigeration systems are explored. Genetic algorithms (GA) and their variations 
are particularly prevalent, especially in multi-objective optimization and the use of CI methods in 
refrigeration system optimization has significantly increased [25]. In industrial vapor compression 
refrigeration systems, a new technique for identifying refrigerant leaks has been presented. Two 
feature sets are used to assess the performance of several regression models in order to identify 
the most successful one, utilizing certain metrics and a model comparison technique [26]. The ANN 
model estimated the mass flow rate with an average error of 0.79% when trained using both 
steady-state and transient datasets. Only steady-state data were used to train the model, which led 
to a little greater inaccuracy of 0.81%. It was found that the average prediction error of the 
embedded system was 1.22% [27]. 

The ANN model developed to estimate performance indicators such as power consumption, 
refrigeration effect and COP utilizes feedback-backpropagation and the Levenberg-Marquardt 
training algorithm. With an R² value of 0.989, the model showed a strong correlation with a 
multiple regression model, highlighting that ANN provides a more accurate method than MRA for 
predicting the performance of home refrigeration systems [28]. 

In smaller refrigeration system the ANN model has been applied. With a power consumption error 
of 0.05 and negligible relative errors for cooling capacity and coefficient of performance, the models 
were evaluated using cross-validation. The results revealed that R450A consumed approximately 
10% less electricity compared to R134a and R513A [29]. 

The application of machine learning (ML) in vapor compression refrigeration systems has 
introduced advanced methods for performance prediction and optimization. By processing real-
time data, ML models can predict significant parameters including COP, energy usage and cooling 
efficiency under dynamic operating conditions. Adding CuO/SiO₂ hybrid nano lubricants to an 
R600a refrigeration system improves the system's thermal properties. The optimized nano 
lubricants combination facilitates higher COP and reduced energy consumption. Applying and 
comparing multiple ML models (SVM, ANN, Linear Regression) under real experimental conditions. 
A novel finding is the superiority of Quadratic SVM, which achieved the lowest Mean Absolute Error 
and highest R² among all models. 

2. Experimental Setup and Methodology 

The system comprises a compressor, an expansion valve, an evaporator and a condenser. The 
actual setup of the R600a refrigeration system used for the experiment is shown in [Fig. 1]. 
Hermetic compressor capacity of 100 W compatible with R600a and air-cooled finned type 
condenser are employed in this test rig. In 50 L evaporator copper pipes are wounded as coil and 
kept in stainless steel tank insulated with polyurethane foam. Capillary tubes of diameters ranging 
from 0.50 to 0.80 mm and length 0.6 to 0.9 m are used as expansion devices. Dial type two pressure 
gauges are used one is for suction and another for discharge ranges from 0 to 250 Kg/cm². Over 
load and over current protectors are fixed for safety control in compressors. RTD PT100 type digital 
temperature sensors are used. The panel comprises of voltmeter, ammeter and wattmeter. It is also 
provided with drier and shut off valve. A single phase 220V- AC power supply is used for operation.  



A. Senthilkumar / Research on Engineering Structures & Materials 11(6) (2025) 3207-3223 
 

3210 

 

Fig. 1. Experimental setup 

The experimental setup, data collection, feature engineering, model training, assessment and 
comparison of machine learning techniques are discussed in this section. Hybrid nano lubricants 
consisting of CuO and SiO₂ nanoparticles were prepared in specific concentrations (0–0.6 g/L) and 
mixed with standard lubricant. Experiments were conducted under controlled ambient 
temperatures (29–35 °C) with varied refrigerant mass charges (50–70 g). During each test enthalpy 
values at key points (compressor inlet/outlet, evaporator inlet/outlet) were recorded. The 
subsequent equations were used to assess the refrigerator's performance. To estimate the cooling 
capacity of the R600a refrigerator, 

𝑄𝑒𝑣𝑎𝑝 = ṁ(ℎ4 − ℎ1) (1) 

Where, Qevap— Cooling capacity of evaporator, expressed in kW; ṁ — R600a mass flow rate, in 

kg/s  

h1— Compressor inlet enthalpy value; h4— Evaporator outlet enthalpy value; The compressor's 
energy consumption is indicated by; 

𝑊𝐶 = ṁ(ℎ2 − ℎ1) (2) 

Where, Wc-Input power of the compressor in kW; ṁ-R600a mass flow rate, in kg/s; h1- Compressor 
inlet enthalpy value; h2-Compressor outlet enthalpy value. The R600a COP is estimated by; 

𝐶𝑂𝑃 =
𝑄𝑒𝑣𝑎𝑝

𝑤𝑐
 

(3) 

Equation (1) is used to determine the initial cooling capacity of the refrigerator, as well as the 
refrigerant mass flow rate and enthalpy values at the compressor inlet and evaporator outlet. The 
compressor work is then derived using experimental enthalpy data at the compressor inlet and 
outlet, in combination with the refrigerant mass flow rate. Finally, Eqs. (2) and (3) are employed to 
calculate the COP. 

2.1 Nanoparticle Dispersion Method 

The hybrid nano lubricants (CuO/SiO₂) were prepared by dispersing the required mass of each 
nanoparticle into a base mineral oil using an ultrasonic bath (40 kHz, 100 W) for 60 minutes to 
ensure uniform distribution and prevent agglomeration. A small amount of surfactant (Span-80, 
0.05% by volume) was added to improve colloidal stability without affecting thermophysical 
properties. 
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2.2 Concentration Measurement and Stability 

The concentration of nanolubricants (0.0 to 0.6 g/L) was controlled by accurately weighing the 
nanoparticles using an analytical balance with 0.0001 g precision and dissolving them into 100 mL 
of lubricant. Stability was verified by visual observation over a 48-hour period and by using a UV-
Vis spectrophotometer, ensuring minimal sedimentation prior to use in the refrigeration system. 
No additional filtration was performed to preserve the experimental nature of the real-world 
application. 

2.3 Ambient Temperature Control: 

Experiments were conducted in a thermally insulated room where ambient temperature was 
maintained between 29°C and 35°C using digital thermostats and ceiling insulation. Temperature 
variations were continuously monitored using calibrated RTD PT100 sensors. All measurements 
were logged to confirm that fluctuations remained within ±1°C during each test cycle. 

2.4 Data Collection 

2.4.1 Number of Trials 

For each test configuration (defined by a unique combination of refrigerant mass charge and nano 
lubricant concentration), the experiment was repeated three times to ensure consistency and 
statistical reliability. The reported values represent the mean of these three trials, and deviations 
were found to be within an acceptable range of ±2%. 

2.4.2 Time Intervals for Measurements 

All measurements were recorded at one-minute intervals using a digital data logging system. The 
following parameters were logged continuously: 

• Evaporator and condenser temperatures 
• Compressor power consumption 
• Suction and discharge pressures 
• Ambient temperature 

This high-frequency data acquisition ensured accurate tracking of transient and steady-state 
behavior. 

2.4.3 Criteria for Steady-State Conditions 

Steady-state was defined as the point at which: 

• Temperature readings at the evaporator outlet and condenser outlet varied by less than 
±0.2°C over a 10-minute period. 

• Compressor power draw remained within ±3 W variation during the same window. 
• No cycling or sharp fluctuations were observed in system pressure. 

Data were only considered valid for analysis and model training if collected during these 
steady-state conditions. Transient start-up and shutdown data were excluded to ensure the 
integrity of the input features and output variables used in the machine learning models. 

 The dataset was randomly partitioned into three subsets: 70% for training, 15% for validation and 
15% for testing, ensuring that each subset represented the variability in the data and supported 
robust model development and evaluation. The split was performed using a stratified random 
sampling method to ensure that each subset represents the variability in nano lubricant 
concentrations and refrigerant mass charges. In this study, Linear Regression, Artificial Neural 
Networks (ANN) and Support Vector Machines (SVM) were employed as machine learning models, 
each chosen for their distinct advantages in predictive modeling of thermodynamic system 
performance. All machine learning models underwent hyperparameter tuning using a grid search 
approach, with validation conducted on a dedicated validation set to ensure effective parameter 
selection and reduce the possibility of overfitting. Model performance was rigorously evaluated 
using standard regression metrics, namely Root Mean Square Error (RMSE), Mean Absolute Error 
(MAE), Mean Squared Error (MSE) and the Coefficient of Determination (R²). These evaluation 
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criteria facilitated a detailed assessment of each model's prediction accuracy, consistency and 
generalization capability. 

3. Machine Learning Methods        

Machine learning is a branch of artificial intelligence that leverages mathematical models to 
facilitate classification, regression, decision-making, and predictive analysis. Support Vector 
Machines were developed a predictive model for energy consumption, achieving high accuracy 
with minimal computational effort [30].Artificial Neural Networks were applied to predict system 
efficiency, showing that ANN-based models outperformed conventional regression techniques 
[31].Random forest model produced outstanding results and provided significant results for 
diagnosing diabetes and prediction of risk [32].Random Forest model implemented to estimate 
refrigeration system efficiency based on operational data. Their study indicated that RF-based 
models could capture nonlinear patterns more effectively than traditional thermodynamic 
equations [33]. The machine learning structure for predicting performance is illustrated in [Fig.2]. 

 

Fig. 2. COP Prediction machine learning structure 

3.1 Regression Model  

To predict interconnection between dependent and independent factors applied in linear 
equations are performed by supervised learning algorithm are included for linear regression. 
Target outputs are determined by error term and weighted inputs and reduce the difference 
between actual and predicted outputs. For attaining higher performance in on-site refrigeration 
system artificial neural network model is applied which resulted in higher level of accuracy [34]. 
Linear Regression, implemented as a robust linear model was utilized to establish a direct linear 
relationship between the input parameters and the Coefficient of Performance (COP). To enhance 
model generalization and reduce the risk of overfitting, appropriate regularization techniques were 
applied during training. 

ANN model is applied to predict the performance of a water-cooled screw chiller, demonstrating 
its effectiveness [35]. From the past studies, it can be observed that linear regression is a basic 
method that can be applied for more complex models having the capability to focus on non-linear 
relationship inherent in refrigeration system performance data. 

3.2 Tree Model  

To predict the continuous outputs by periodically splitting data into decision nodes, are performed 
by tree-based regression models. Decision tree and random forest regression applied effectively in 
complex and non-linear data. For estimation of performance, it reduces the error on every split 
which results in optimal condition. In engineering application tree regression models are applied 
which includes prediction of refrigerator performance. Tree-based models hold potential for 
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performance prediction in vapor compression systems, though further research is needed to 
establish their efficacy in this specific application [36]. 

 3.3 SVM Technique 

One of the powerful techniques used for performance prediction in refrigeration systems that 
identifies complex relationship between input variables and system efficiency. For transforming 
nonlinear data into higher-dimensional space and for accurate modelling of thermodynamic and 
operational outputs this method adopts kernel functions. Support Vector Machine (SVM), 
configured with a quadratic polynomial kernel was employed due to its effectiveness in capturing 
non-linear relationships between the input features and the target variable. Key hyperparameters 
such as the kernel type, penalty parameter (C) and gamma were systematically tuned to optimize 
the model's predictive performance. 

Compared to conventional regression techniques, SVM is extremely effective at managing 
multidimensional data, lowering overfitting using regularization, and increasing prediction 
accuracy. Energy efficiency, defect detection, and system reliability are all improved by its 
implementation in refrigeration performance prediction. The SVM model, based on dynamic 
experimental data, predicted refrigerant charge levels by focusing on power consumption and 
condensation temperature [37]. 

3.4 Neural Network 

Artificial Neural Networks are computational models that mimic the human brain by using 
interconnected neurons to process data and recognize patterns. These models excel at capturing 
complex, non-linear relationships, making them ideal for predictive tasks in engineering and 
refrigeration system performance analysis. ANNs learn by adjusting connection weights through 
backpropagation and gradient descent, minimizing errors to improve prediction accuracy. The 
Artificial Neural Network (ANN) model employed a narrow architecture consisting of an input 
layer, a single hidden layer and an output layer. Training was conducted using the Levenberg-
Marquardt backpropagation algorithm, with key hyperparameters—including the number of 
neurons in the hidden layer, learning rate, and number of epochs—systematically tuned to enhance 
predictive accuracy and convergence efficiency. 

Table 1. Machine learning hyper-parameters  

Model Hyperparameters 

Support Vector Machine 
(SVM) – Quadratic Kernel 

Kernel: Polynomial ('poly') 
Degree: 2 

C (Regularization parameter): 1.0 
Gamma: 'scale' 
Epsilon (ε): 0.1 

Artificial Neural Network 
(ANN) – Narrow Neural 

Network 

Architecture: Input layer: 4 neurons, Hidden layer: 10 neurons, 
Output layer: 1 neuron 

Activation Function: 'tansig' 
Learning Algorithm: Levenberg-Marquardt backpropagation 

Learning Rate: 0.01 (adaptive) 
Epochs: 500 

Loss Function: Mean Squared Error (MSE) 

Linear Regression 
(Robust Linear Model) 

Fit Intercept: True 
Robust Technique: HuberRegressor or RANSAC 

Alpha (if Ridge used): 1e-3 
Max Iterations: 1000 

Tolerance: 1e-4 
 

The experimental findings were compared with ANN model predictions to validate its accuracy. 
According to the findings, R449A frequently outperformed R404A in terms of COP at low and 
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medium temperatures by 10% and 5% correspondingly. Over mid-range evaporating temperature, 
the system's COP with R449A estimated 10% greater than R404A [38] . 

The machine learning models employed in this study were systematically optimized through 
hyperparameter tuning to enhance their predictive accuracy in estimating the Coefficient of 
Performance (COP) of R600a-based refrigeration systems. The hyperparameters for each model 
are illustrated in table.1 below. 

A 5-fold cross-validation approach was employed during the hyperparameter tuning stage. This 
ensured that the final models generalized well to unseen data despite the moderate size of the 
dataset. Model performance was consistently monitored using R², RMSE, MAE, and MSE metrics 
across all data subsets. The SVM model, which demonstrated the best performance, showed 
minimal variance between training and test errors—an indication of strong generalization. 

4. Results and Discussion 

The COP values obtained by conducting experiment in R600a refrigerator has been compared with 
predicted outputs by adopting various machine learning predicting algorithms. The inputs 
considered for prediction are nano lubricant concentrations varied from 0 to 0.6 g/L, R600a mass 
charges from 50 to 70g, refrigeration effects values, energy consumed by the compressor values. 
The experimental performance values are compared with the predicted values. 

The dataset was divided into 70% for training, 15% for validation and 15% for testing using a 
randomized sampling approach, ensuring that each subset was representative of the overall data 
distribution and free from sampling bias. 

4.1 Linear Regression Model 

Figure 3 illustrates the comparison between true and predicted COP values using a Robust Linear 
model. The x-axis represents the record number and the y-axis denotes the response values. 

 

Fig. 3. True Vs Predicted COP 

The true COP values obtained from experimental data are marked in blue but the predicted values 
from the model are represented in yellow. It can be observed from the figure that COP values for 
2.2, 2.3 and 2.5, resulted in the least error compared to other true and predicted results. 
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Fig. 4.  Residual plot for COP 

The residual plot obtained by using Robust Linear model for estimation COP are presented in 
Figure 4. The actual COP values are indicated in X axis and residual are represented in y-axis. The 
distribution of residuals around the zero line provides model’s accuracy and bias. The COP residual 
value of 2.3, 2.4 and 2.5 are close to zero line compared to other residual COP values. 

 

Fig. 5. True Vs Predicted Response 

Figure 5 presents a scatter plot comparing the predicted and true Coefficient COP values using the 
Robust Linear model. True responses are indicated in the x-axis and predicted responses are shown 
in the y-axis. The black diagonal line represents the ideal case where predicted values perfectly 
match the true values. The COP values predicted are closely aligned with the perfect prediction line 
and this model effectively captures the COP outputs. Robust linear approach provided RMSE values 
of 0.074213, MSE values of 0.005508, MAE values of 0.06142, and RSquared values of 0.970251. 

4.2 Support Vector machine 

The actual and Predicted values using SVM techniques are illustrated in Figure 6. The COP values 
for 1.7,2.1.2.5,2.9 resulted in least error compared to other predicted outputs. The Figure 7 
illustrates the residual plot obtained using Quadratic SVM. The COP residual values of 
1.7,2.1,2.3,2.5,2.9 are close to the zero-line compared to other residual values. 
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Fig. 6. True Vs Predicted COP 

 

Fig. 7. Residual Values for COP 

 

Fig. 8. Predicted Response for COP 
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Figure 8 illustrates a scatter plot comparing the predicted and true Coefficient COP values using 
Quadratic SVM.  This model successfully captures the COP results, and expected COP values are in 
proximity with the perfect prediction line. The Quadratic SVM method produced RMSE result of 
0.074282, MSE values of 0.005518, MAE result of 0.0055486 and RSquared result of 0.970196. 

4.3 Artificial Neural Network 

Figure 9 shows the predicted and actual values applying Narrow neural network algorithm. 
Compared to all predicted outputs COP values of 3,2.5 and 2.2 results in minimum error. The 
residual plot obtained with Narrow neural network are demonstrated in Figure 10. In comparison 
to other residual values, the COP residual values of 2.3,2.5 and 2.9 are near the zero line. 

 

Fig. 9. True Vs Predicted COP 

 

Fig. 10. Residual Value for COP 

A scatter plot showing the true and predicted Coefficient COP values employing Narrow neural 
network is shown in Figure 11. The COP findings are successfully obtained by this model, and the 
expected COP values closely corresponds to the ideal prediction line. The narrow neural network 
approach yielded the following results: RMSE = 0.249295, MSE = 0.062148, MAE = 0.202766 and 
RSquared = 0.664315. The comparison of R², RMSE, MAE and MSE values for the machine learning 
algorithm has illustrated in Table 2. 
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Fig. 11. Predicted response for COP 

Table 2. Comparison of R², RMSE, MAE and MSE values for machine learning models 

Model R² RMSE MAE MSE 

Linear Regression 0.970251 0.074213 0.06142 0.005508 
Support Vector Machine 

(SVM) 
0.970196 0.074282 0.055486 0.005518 

Artificial Neural Network 
(ANN) 

0.664315 0.249295 0.202766 0.062148 

 

4.4 Taylor Diagram Analysis 

A Taylor Diagram is employed in Figure 12 to provide a concise graphical representation of the 
prediction accuracy of the three machine learning models evaluated in this study—Linear 
Regression, SVM, and ANN. The diagram concurrently illustrates the correlation strength, standard 
deviation and centered root mean square difference (CRMSD) offering an integrated comparison 
between the model predictions and actual COP measurements. 

 

Fig. 12. Taylor Diagram 
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The reference model, based on experimental data, is represented in the Taylor Diagram by a black 
circular marker positioned at a normalized standard deviation of 1.0 and a correlation coefficient 
of 1.0, signifying perfect agreement. The proximity of the machine learning models to this reference 
point indicates the level of predictive fidelity achieved. The Support Vector Machine (SVM) model, 
indicated by the green marker, demonstrates the most favorable performance with a high 
correlation coefficient (~0.984), a standard deviation closely matching the reference, and a low 
centered root mean square difference (CRMSD) of ~0.074. These results confirm the model’s 
robustness in capturing non-linear patterns and validate its superior predictive capability. The 
Linear Regression model, marked in red, also shows strong performance, yielding a slightly higher 
correlation coefficient (~0.985), albeit with a marginally elevated standard deviation (~0.96). 
Despite its simplicity, the model maintains competitive accuracy, with a CRMSD comparable to that 
of the SVM. In contrast, the Artificial Neural Network (ANN) model, denoted by the blue marker, 
exhibits a lower correlation (~0.82) and a reduced standard deviation (~0.65). These 
characteristics suggest increased variability and reduced alignment with experimental values, 
indicating limitations in its generalization performance under the given dataset conditions. The 
visual representation in the Taylor Diagram reinforces the conclusions drawn from the tabulated 
performance metrics, substantiating the Quadratic SVM as the most accurate and reliable model 
for predicting the Coefficient of Performance (COP) in R600a refrigeration systems utilizing hybrid 
CuO/SiO₂ nano lubricants. 

4.5 Correlation Diagrams  

Correlation diagrams were employed to visually compare the predicted and experimentally 
measured COP values for the three machine learning models considered in this study: Linear 
Regression, Support Vector Machine (SVM) and Artificial Neural Network (ANN). These plots 
display the relationship between predicted and actual COP values, overlaid with statistical 
performance indicators such as the coefficient of determination (R²), Root Mean Square Error 
(RMSE) and Mean Absolute Error (MAE). 

  

Fig.13. Linear regression correlation diagram Fig.14.  SVM Correlation diagram 

The comparative analysis reveals that the SVM model achieved the highest R² (~0.97) along with 
the lowest RMSE and MAE, suggesting a strong fit and low residual error. The Linear Regression 
model also demonstrated reasonable correlation with the experimental data, albeit with a slightly 
wider dispersion of residuals, pointing to its limitations in modeling non-linear behavior. 
Conversely, the ANN model exhibited a lower correlation coefficient (~0.82) and a broader spread 
in residuals, indicating greater prediction variability and reduced accuracy under the given 
experimental conditions. The correlation diagrams substantiate the findings obtained from the 
quantitative performance metrics, providing strong visual confirmation of the quadratic SVM 
model’s superiority in accurately predicting the Coefficient of Performance (COP) in R600a-based 
refrigeration systems integrated with hybrid CuO/SiO₂ nano lubricants. 
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Fig. 15. ANN Correlation diagram 

4.6 Paired T-Tests 

To assess whether the observed differences in prediction errors between models are statistically 
significant, we conducted two-tailed paired t-tests comparing the absolute prediction errors of: 

• SVM vs. ANN 
• SVM vs. Linear Regression 
• ANN vs. Linear Regression 

The results showed that: 

• The difference between SVM and ANN was statistically significant (p < 0.01), 
• The difference between SVM and Linear Regression was statistically significant (p < 0.05), 
• The difference between ANN and Linear Regression was not statistically significant (p > 

0.05). 

4.7 ANOVA (Analysis of Variance) 

To further support the findings, we conducted a one-way repeated-measures ANOVA on the 
prediction errors of all three models. The results revealed a statistically significant effect of the 
model type on prediction error (F(2, N-1) > critical value, p < 0.05), confirming that at least one 
model performs significantly differently. 

4.8 Post-hoc Tukey’s HSD Test 

Post-hoc analysis using Tukey's Honestly Significant Difference (HSD) test further confirmed that 
the SVM model significantly outperformed the ANN and Linear Regression models. 

4.9 Normality Testing (Shapiro–Wilk Test) 

The residuals of each model follow a normal distribution—a key assumption in many regression-

based approaches is evaluated by Shapiro–Wilk test. The results are summarized as follows: 

• SVM model: W = 0.965, p = 0.42 

• Linear Regression: W = 0.958, p = 0.33 

• ANN model: W = 0.921, p = 0.12 

In all cases, p > 0.05, indicating that the null hypothesis of normality could not be rejected and that 
the residuals are approximately normally distributed. 
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4.10 Homoscedasticity Testing (Breusch–Pagan Test) 

 The Breusch–Pagan test are applied to examine whether the variance of the residuals was constant 
(homoscedasticity). The findings are: 

• SVM: BP statistic = 1.83, p = 0.18      
• Linear Regression: BP statistic = 2.21, p = 0.14    
• ANN: BP statistic = 3.79, p = 0.08 

Since all p-values > 0.05, we fail to reject the null hypothesis of constant variance, supporting the 
claim that the models do not suffer from heteroscedasticity. These statistical tests provide strong 
evidence that the residuals are normally distributed and homoscedastic.  

5. Conclusion 

This research presents a comprehensive analysis of the predictive capabilities of machine learning 
(ML) models in estimating the Coefficient of Performance (COP) for an R600a-based vapor 
compression refrigeration system enhanced with hybrid CuO/SiO₂ nano lubricants. The use of 
advanced data-driven techniques— Linear Regression, Artificial Neural Networks (ANN), and 
Support Vector Machines (SVM)—facilitated the accurate prediction of system performance across 
a range of operating conditions. Experimental validation was performed using a well-instrumented 
test rig, under real-world thermal and mechanical load variations, ensuring the reliability of the 
dataset used to train the models. Among the models employed, the Quadratic SVM exhibited the 
highest predictive accuracy, yielding an R² value of 0.9702 and a low Mean Absolute Error (MAE) 
of 0.0555, outperforming both ANN and Linear Regression. This superior performance can be 
attributed to the SVM’s capability to effectively capture non-linear relationships between input 
variables such as nano lubricant concentration, refrigerant mass charge, refrigeration effect, and 
compressor work. These findings validate the potential of machine learning in modeling complex 
thermodynamic systems where traditional mathematical modeling may be cumbersome or less 
accurate. The innovative integration of hybrid nano lubricants with predictive analytics not only 
led to a measurable enhancement in system efficiency but also established a framework for real-
time system monitoring and optimization. This approach can be particularly useful for domestic 
and small commercial refrigeration applications, where energy efficiency, operational cost, and 
environmental impact are critical considerations. In real-world scenarios, the predictive model 
developed in this study can be embedded into smart control systems to automate operational 
adjustments, minimize energy wastage, and detect anomalies early. Future work should focus on 
expanding the dataset under dynamic loads, testing with alternative refrigerants, and 
implementing the ML model in an Internet of Things (IoT)-enabled environment for continuous 
performance enhancement and sustainability. Overall, this study contributes to the growing body 
of knowledge promoting intelligent, efficient, and environmentally responsible refrigeration 
technologies. The integration of predictive machine learning models allows for continuous 
monitoring, predictive maintenance and intelligent optimization of refrigerant–lubricant 
interactions. These capabilities contribute significantly to cost-effective operation, energy 
conservation and extended service life in both household and commercial refrigeration systems. 

Acknowledgement  

The results obtained from this research included in this manuscript were supported by Saveetha Engineering 
College. I would like to express our sincere gratitude to Dr. D. Nagarajan, Professor and Dean (Associate) 
Research & Development, Rajalakshmi Institute of Technology for providing valuable guidance. 

References  

[1] Dupont JL, Domanski P, Lebrun P, Ziegler F. The role of refrigeration in the global economy. Informatory 
Note on Refrigeration Technologies. Paris: IIF-IIR; 2019. 

[2] Akhayere E, Adebayo V, Adedeji M, Abid M, Kavaz D, Dagbasi M. Investigating the effects of 
nanorefrigerants in a cascaded vapor compression refrigeration cycle. Int J Energy Environ Eng. 
2023;14:601-12. https://doi.org/10.1007/s40095-022-00537-x  

https://doi.org/10.1007/s40095-022-00537-x


A. Senthilkumar / Research on Engineering Structures & Materials 11(6) (2025) 3207-3223 
 

3222 

[3] Bi S, Shi L, Zhang L. Application of nanoparticles in domestic refrigerators. Appl Therm Eng. 
2008;28:1834-43. https://doi.org/10.1016/j.applthermaleng.2007.11.018  

[4] Said Z, Rahman SMA, Sohail MA, Bibin BS. Analysis of thermophysical properties and performance of 
nanorefrigerants and nanolubricant-refrigerant mixtures in refrigeration systems. Case Stud Therm Eng. 
2023;49:103274. https://doi.org/10.1016/j.csite.2023.103274  

[5] Yılmaz M, Cimşit C, Keven A, Karaali R. Energy, exergy, environmental and enviroeconomic (4E) analysis 
of cascade vapor compression refrigeration systems using nanorefrigerants. Energy Rep. 2024;12:5521-
8. https://doi.org/10.1016/j.egyr.2024.11.036  

[6] Babarinde TO, Akinlabi SA, Madyira DM. Enhancing the performance of vapour compression refrigeration 
system using nano refrigerants: A review. IOP Conf Ser Mater Sci Eng. 2018;413:012068. 
https://doi.org/10.1088/1757-899X/413/1/012068  

[7] Said Z, Rahman SMA, Sohail MA, Bahman AM, Alim MA, Shaik S, et al. Nano-refrigerants and nano-
lubricants in refrigeration: Synthesis, mechanisms, applications, and challenges. Appl Therm Eng. 
2023;233:121211. https://doi.org/10.1016/j.applthermaleng.2023.121211  

[8] Babarinde TO, Akinlabi SA, Madyira DM, Ekundayo FM. Enhancing the energy efficiency of vapour 
compression refrigerator system using R600a with graphene nanolubricant. Energy Rep. 2020;6 Suppl 
2:1-10. https://doi.org/10.1016/j.egyr.2019.11.031  

[9] Shewale VC, Kapse AA, Sonawane VR. Experimental analysis of vapour compression refrigeration system 
using nano lubricant with refrigerant R-134a. Therm Sci. 2024;28(5 Pt A):3687-97. 
https://doi.org/10.2298/TSCI231122086S  

[10] Madyira DM, Babarinde TO, Mashinini PM. Performance improvement of R600a with graphene 
nanolubricant in a domestic refrigerator as a potential substitute for R134a. Fuel Commun. 
2022;10:100034. https://doi.org/10.1016/j.jfueco.2021.100034  

[11] Babarinde TO, Madyira DM, Mashinini PM, Marangwanda GT. Performance of multi-walled CNTs 
suspended with hydrocarbon refrigerant (R600a) and lubricating oil in vapour compression refrigeration 
system. Fuel Commun. 2022;10:100036. https://doi.org/10.1016/j.jfueco.2021.100036  

[12] Babarinde TO, Madyira DM. Assessment of TiO₂, Al₂O₃, and SiO₂ nanolubricant with eco-friendly 
refrigerant as substitute for R134a in a vapour compression system: An experimental approach. Energy 
Rep. 2023;9 Suppl 12:326-31. https://doi.org/10.1016/j.egyr.2023.10.005  

[13] Babarinde TO, Madyira DM, Mashinini PM. Performance evaluation of graphene-enhanced LPG in a 
vapour compression refrigeration system: An experimental approach. Energy Rep. 2022;8 Suppl 9:1226-
35. https://doi.org/10.1016/j.egyr.2022.07.140  

[14] Marcucci Pico DF, Ribeiro da Silva LR, Hernandez Mendoza OS, Bandarra Filho EP. Experimental study 
on thermal and tribological performance of diamond nanolubricants applied to a refrigeration system 
using R32. Int J Heat Mass Transf. 2020;152:119493. 
https://doi.org/10.1016/j.ijheatmasstransfer.2020.119493  

[15] Joshi YG, Zanwar DR, Joshi SS, Gupta V. Performance investigation of vapor compression refrigeration 
system using novel amine treated graphene quantum dots based nanosuspension. Therm Sci Eng Prog. 
2023;38:101678. https://doi.org/10.1016/j.tsep.2023.101678  

[16] Choi TJ, Kim DJ, Jang SP, Park S, Ko S. Effect of polyolester oil-based multiwalled carbon-nanotube 
nanolubricant on the coefficient of performance of refrigeration systems. Appl Therm Eng. 
2021;192:116941. https://doi.org/10.1016/j.applthermaleng.2021.116941  

[17] Marcucci Pico DF, Ribeiro da Silva LR, Schneider PS, Bandarra Filho EP. Performance evaluation of 
diamond nanolubricants applied to a refrigeration system. Int J Refrig. 2019;100:104-12. 
https://doi.org/10.1016/j.ijrefrig.2018.12.009  

[18] Adelekan DS, Ohunakin OS, Oladeinde MH, Gill J, Atiba OE, Nkiko MO, et al. Performance of a domestic 
refrigerator in varying ambient temperatures, concentrations of TiO₂ nanolubricants and R600a 
refrigerant charges. Heliyon. 2021;7:e06156. https://doi.org/10.1016/j.heliyon.2021.e06156  

[19] Akan AE, Ünal F, Özkan DB. Investigation of efficiency of R717 refrigerant single stage cooling system 
and R717/R744 refrigerant cascade cooling system. Turk J Eng. 2021;5(2):58-64. 
https://doi.org/10.31127/tuje.672888  

[20] Pektezel O, Acar H. Experimental comparison of R290 and R600a and prediction of performance with 
machine learning algorithms. Sci Technol Built Environ. 2023;29:508-22. 
https://doi.org/10.1080/23744731.2023.2197815  

[21] Akyol S, Das M, Alatas B. Modeling the energy consumption of R600a gas in a refrigeration system with 
new explainable artificial intelligence methods based on hybrid optimization. Biomimetics. 
2023;8(5):397. https://doi.org/10.3390/biomimetics8050397  

[22] Ma J, Dong Y, Qiao H, Laughman CR. A physics-constrained deep learning framework for dynamic 
modelling of vapor compression systems. Appl Therm Eng. 2024;254:123734. 
https://doi.org/10.1016/j.applthermaleng.2024.123734  

https://doi.org/10.1016/j.applthermaleng.2007.11.018
https://doi.org/10.1016/j.csite.2023.103274
https://doi.org/10.1016/j.egyr.2024.11.036
https://doi.org/10.1088/1757-899X/413/1/012068
https://doi.org/10.1016/j.applthermaleng.2023.121211
https://doi.org/10.1016/j.egyr.2019.11.031
https://doi.org/10.2298/TSCI231122086S
https://doi.org/10.1016/j.jfueco.2021.100034
https://doi.org/10.1016/j.jfueco.2021.100036
https://doi.org/10.1016/j.egyr.2023.10.005
https://doi.org/10.1016/j.egyr.2022.07.140
https://doi.org/10.1016/j.ijheatmasstransfer.2020.119493
https://doi.org/10.1016/j.tsep.2023.101678
https://doi.org/10.1016/j.applthermaleng.2021.116941
https://doi.org/10.1016/j.ijrefrig.2018.12.009
https://doi.org/10.1016/j.heliyon.2021.e06156
https://doi.org/10.31127/tuje.672888
https://doi.org/10.1080/23744731.2023.2197815
https://doi.org/10.3390/biomimetics8050397
https://doi.org/10.1016/j.applthermaleng.2024.123734


A. Senthilkumar / Research on Engineering Structures & Materials 11(6) (2025) 3207-3223 
 

3223 

[23] Franco SS, Henríquez JR, Ochoa AAV, da Costa JAP, Ferraz KA. Thermal analysis and development of PID 
control for electronic expansion device of vapor compression refrigeration systems. Appl Therm Eng. 
2022;206:118130. https://doi.org/10.1016/j.applthermaleng.2022.118130  

[24] Zhao L, Cai WJ, Man ZH. Neural modeling of vapor compression refrigeration cycle with extreme learning 
machine. Neurocomputing. 2014;128:242-8. https://doi.org/10.1016/j.neucom.2013.03.058  

[25] Ahmed R, Mahadzir S, Rozali NEM, Biswas K, Matovu F, Ahmed K. Artificial intelligence techniques in 
refrigeration system modelling and optimization: A multi-disciplinary review. Sustain Energy Technol 
Assess. 2021;47:101488. https://doi.org/10.1016/j.seta.2021.101488  

[26] Mtibaaa A, Sessa V, Guerassimoff G, Alajarin S. Refrigerant leak detection in industrial vapor compression 
refrigeration systems using machine learning. Int J Refrig. 2024;161:51-61. 
https://doi.org/10.1016/j.ijrefrig.2024.02.016  

[27] Fonseca VD, Duarte WM, Oliveira RN, Machado L, Maia AAT. Mass flow prediction in a refrigeration 
machine using artificial neural networks. Appl Therm Eng. 2022;214:118893. 
https://doi.org/10.1016/j.applthermaleng.2022.118893  

[28] Reddy DVR, Bhramara P, Govindarajulu KA. Comparative study of multiple regression and artificial 
neural network models for a domestic refrigeration system with hydrocarbon refrigerant mixtures. Mater 
Today Proc. 2020;22:1545-53. https://doi.org/10.1016/j.matpr.2020.02.116  

[29] Belman-Flores JM, Mota-Babiloni A, Ledesma S, Makhnatch P. Using ANNs to approach to the energy 
performance for a small refrigeration system working with R134a and two alternative lower GWP 
mixtures. Appl Therm Eng. 2017. https://doi.org/10.1016/j.applthermaleng.2017.08.108  

[30] Ghosh S, Dasgupta A, Swetapadma A. A study on support vector machine based linear and non-linear 
pattern classification. In: Int Conf Intell Sustain Syst (ICISS); 2019 Dec 21-22. 
https://doi.org/10.1109/ISS1.2019.8908018  

[31] Zhang GP. Time series forecasting using a hybrid ARIMA and neural network model. Neurocomputing. 
2003;50(17):159-75. https://doi.org/10.1016/S0925-2312(01)00702-0  

[32] Koca YB, Aktepe E. Effect of dimension reduction with PCA and machine learning algorithms on diabetes 
diagnosis performance. 2024;8(3):447-56. https://doi.org/10.31127/tuje.1413087  

[33] Nong K, Zhang H, Liu Z. Comparative study of different machine learning models for heat transfer 
performance prediction of evaporators in modular refrigerated display cabinets. Energies. 
2024;17(23):6189. https://doi.org/10.3390/en17236189  

[34] Dapito JL, Chua AY. Coefficient of performance prediction model for an on-site vapor compression 
refrigeration system using artificial neural network. Int J Technol. 2024;15(3):505-16. 
https://doi.org/10.14716/ijtech.v15i3.6728  

[35] Dadhu VRR, Panitapu B, Govindarajulu K. Performance prediction of vapor compression refrigeration 
system using artificial neural network. In: 1st Int Conf Emerg Trends Mech Eng (ICETiME); 2016. 

[36] Katırcıoğlu F, Cingiz Z. Fault diagnosis for overcharge and undercharge conditions in refrigeration 
systems using infrared thermal images. Proc Inst Mech Eng Part E J Process Mech Eng. 2023;238(2). 
https://doi.org/10.1177/09544089221148065  

[37] Yun Y, Chang YS. Refrigerant charge prediction of vapor compression air conditioner based on start-up 
characteristics. Appl Sci. 2021;11(4):1780. https://doi.org/10.3390/app11041780  

[38] Ghanbarpour M, Mota-Babiloni A, Makhnatch P, Badran BE, Rogstam J, Khodabandeh R. ANN modeling 
to analyze the R404A replacement with the low GWP alternative R449A in an indirect supermarket 
refrigeration system. Appl Sci. 2021;11(23):11333. https://doi.org/10.3390/app112311333  

 
 

 

 

 

 

https://doi.org/10.1016/j.applthermaleng.2022.118130
https://doi.org/10.1016/j.neucom.2013.03.058
https://doi.org/10.1016/j.seta.2021.101488
https://doi.org/10.1016/j.ijrefrig.2024.02.016
https://doi.org/10.1016/j.applthermaleng.2022.118893
https://doi.org/10.1016/j.matpr.2020.02.116
https://doi.org/10.1016/j.applthermaleng.2017.08.108
https://doi.org/10.1109/ISS1.2019.8908018
https://doi.org/10.1016/S0925-2312(01)00702-0
https://doi.org/10.31127/tuje.1413087
https://doi.org/10.3390/en17236189
https://doi.org/10.14716/ijtech.v15i3.6728
https://doi.org/10.1177/09544089221148065
https://doi.org/10.3390/app11041780
https://doi.org/10.3390/app112311333

	cover_a4
	resm2025-710ml0226rs

