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Abstract 

The intermittent nature of solar energy and dynamic environmental conditions pose significant challenges to the performance 

and reliability of solar-powered refrigeration systems in hot-humid climates. While traditional thermodynamic models offer 

limited predictive capability under real-world variability, machine learning (ML) presents a promising alternative for addressing 

these complexities. This study develops and evaluates ML-based models to predict the performance of a 92-liter DC solar-

powered domestic refrigerator, focusing on power input (Pin), coefficient of performance (COP), and refrigerating capacity (CR). 

Experimental data, including solar irradiance, ambient temperature, and system operational parameters, were collected at 10-

minute intervals under hot-humid conditions. Three ML algorithms: Artificial Neural Network (ANN), Random Forest 

Regression (RFR), and Support Vector Regression (SVR) were trained and validated using a dataset of 500 samples. Key findings 

reveal that ambient temperature strongly influences system performance, exhibiting a negative correlation with COP (-0.65) and 

CR (-0.56), while solar irradiance shows a non-linear relationship with these metrics. Among the models, SVR demonstrated 

exceptional accuracy for power input prediction (R2 = 0.99, RMSE = 0.41), whereas ANN achieved the highest performance for 

COP prediction (R2 = 0.85, RMSE = 1.45). RFR emerged as the most robust for refrigerating capacity estimation (R2 = 0.71), 

though all models faced challenges due to the parameter's transient dependence. The results highlight the potential of hybrid ML 

approaches to optimize solar refrigeration systems in climate-specific scenarios. This study contributes a scalable, data-driven 

framework for performance prediction, offering practical insights for system design, adaptive control strategies, and policy 

recommendations to enhance the adoption of solar refrigeration in off-grid and energy-insecure regions. The limitations of dataset 

size and weather variability are acknowledged, suggesting avenues for future research, including long-term real-world validation 

and ensemble modeling. 
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1. Introduction 

The increasing demand for sustainable cooling solutions in 

off-grid and energy-insecure regions has driven the adoption 

of solar-powered refrigeration systems, particularly in hot-hu-

mid climates where conventional grid electricity is unreliable 

or unavailable [24]. These systems offer a promising alterna-

tive by harnessing solar energy to power direct current (DC) 

compressors, reducing reliance on fossil fuels and minimizing 

carbon emissions [42]. However, solar-powered refrigerators 

face significant challenges due to the intermittent nature of so-

lar radiation, ambient temperature fluctuations, and battery 

storage efficiency [26]. These factors collectively impact their 

reliability and hinder widespread deployment. The perfor-

mance of solar-powered refrigeration systems is highly de-

pendent on the efficiency of photovoltaic (PV) systems and 

the energy storage solutions employed [36]. The variability in 

solar insolation necessitates the use of efficient energy storage 

systems to ensure continuous operation, especially in off-grid 

applications [25, 36, 43]. 

Existing studies on solar refrigeration have predominantly 

focused on thermodynamic modeling and experimental eval-

uations under controlled conditions [1, 2, 13, 39, 42]. While 

these approaches provide valuable insights into system design 

and efficiency, they often fail to account for the dynamic and 

non-linear interactions between environmental variables and 

system performance in real-world settings. For instance, high 

ambient temperatures in hot-humid climates increase the cool-

ing load on refrigeration systems, requiring compressors to 

work harder to maintain low internal temperatures [16-21]. 

The phenomenon results in higher energy consumption, which 

can be a significant challenge for solar-powered systems that 

rely on intermittent solar energy. This underscores the need 

for adaptive systems capable of mitigating the adverse effects 

of environmental variability. Also, there is the lack of predic-

tive tools capable of estimating long-term system performance 

under variable climatic conditions. Traditional thermody-

namic models fail to predict long-term performance under dy-

namic climatic conditions, limiting their practical applicabil-

ity [46]. Most studies rely on controlled experimental data, ne-

glecting the real-world variability of hot-humid climates [1-

13, 36]. However, simulation models, such as those using 

TRANSYS, have been developed to optimize the performance 

of solar photovoltaic thermal hybrid systems, improving effi-

ciency by incorporating dynamic climate variables [14]. 

The integration of dynamic climate variables into these 

models enables a more accurate prediction of system behavior 

and efficiency across different geographical locations and cli-

mates [30-34]. Also, the application of machine learning (ML) 

in solar-powered refrigeration systems presents a significant 

opportunity for optimization, yet it remains underexplored 

[15]. compared to other renewable energy sectors [19-22, 25-

36]. Recent studies indicate that ML can enhance the effi-

ciency of solar-powered display refrigerators (SPDRs) by im-

plementing intelligent control systems that adapt to varying 

operational conditions, thereby reducing energy consumption 

and improving performance metrics like the coefficient of per-

formance (COP) [11, 15]. The integration of ML can optimize 

the performance of solar-powered refrigeration systems by 

dynamically adjusting to changes in solar radiation and ambi-

ent conditions, thereby enhancing energy efficiency and relia-

bility [17-35]. The potential for ML to enhance the efficiency 

and functionality of DC solar refrigerators has been shown to 

be significant, especially in regions with abundant solar re-

sources and limited access to conventional power grids [7-9]. 

However, the application of machine learning (ML) in re-

frigeration has predominantly focused on conventional vapor-

compression systems, with limited exploration into DC solar 

refrigerators [5-17, 31]. This is primarily due to the estab-

lished nature and widespread use of vapor-compression sys-

tems, which have been the subject of extensive research and 

development. The unique constraints of DC solar-powered re-

frigerators, such as variable power input from photovoltaic 

panels and battery storage inefficiencies, necessitate special-

ized modeling approaches [33-43]. These constraints arise 

from the intermittent nature of solar energy, which can be ef-

fectively addressed using adaptive models and machine learn-

ing (ML) techniques. 

This study addresses these gaps by developing an ML-

based predictive model tailored to the unique challenges of 

solar refrigeration in hot-humid climates. By integrating high-

resolution environmental data with system operational metrics, 

the research provides a scalable framework for optimizing 

performance and supporting stakeholder decision-making. 

The findings will contribute to the development of adaptive 

control strategies and policy recommendations, ultimately en-

hancing the reliability and adoption of solar refrigeration tech-

nologies in energy-vulnerable communities. 

The objectives of this study are threefold: (1) to quantify 

the impact of solar irradiance variability on compressor power 

input and cooling load using empirical data, (2) to evaluate the 

coefficient of performance (COP) under dynamic operating 

conditions, and (3) to design an ML algorithm that outper-

forms traditional analytical models in predicting long-term 

system performance. By integrating high-resolution environ-

mental data with system operational metrics, this research pro-

vides a scalable framework for optimizing solar refrigerator 

design and deployment, ultimately supporting policymakers, 

manufacturers, and end-users in achieving energy-efficient 

and reliable cooling solutions. 

2. Literature Review on Machine 

Learning Models That Forecast Solar 

Fridge Performance 

The literature review highlights the growing use of machine 
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learning in renewable energy systems. Artificial Neural Net-

works have been widely applied because of their ability to 

model nonlinear relationships and learn from complex da-

tasets. Previous studies demonstrated that ANNs can outper-

form conventional optimization techniques in photovoltaic en-

ergy systems and solar thermal applications [7-11]. 

Random Forest Regression has gained popularity due to its 

robustness, resistance to overfitting, and ability to handle mul-

tidimensional datasets. By combining multiple decision trees, 

Random Forest models can achieve high predictive accuracy 

even in the presence of noisy data. These characteristics make 

the method suitable for renewable energy applications where 

environmental variability is significant [7]. 

Support Vector Regression is particularly effective for 

high-dimensional datasets and nonlinear prediction tasks. 

SVR utilizes kernel functions to map data into higher-dimen-

sional spaces where relationships become easier to model. Nu-

merous studies have shown its effectiveness in solar energy 

forecasting and renewable energy optimization [12, 23, 48]. 

Despite the success of these methods in other energy sectors, 

relatively few studies have focused specifically on solar-pow-

ered refrigeration systems [49]. Existing work has concen-

trated mainly on conventional refrigeration technologies. This 

research therefore fills an important gap by evaluating ma-

chine learning approaches for direct-current solar refrigerators 

operating in hot-humid climates. 

3. Methods and Materials 

This section details the experimental approach and data 

analysis procedures employed to evaluate and model the per-

formance of the solar-powered refrigerator under real-world 

tropical conditions (controlled environment). 

3.1. Experimental Setup 

The experimental system consisted of a 92-liter domestic 

refrigerator equipped with a variable-speed Danfoss BD35F 

compressor using R-134a refrigerant. Power was supplied 

through a 200 Wp photovoltaic array comprising two 100 Wp 

monocrystalline solar panels connected in series. A 12 V, 50 

Ah lead-acid battery provided energy storage for nighttime 

operation, while a charge controller regulated power flow. 

Several monitoring instruments were employed. Solar irra-

diance was measured using a solar power meter. Voltage and 

current sensors monitored electrical performance. Tempera-

ture measurements were obtained using thermocouples and 

digital sensors positioned at the compressor, condenser, evap-

orator, and refrigerator interior. The setup was deployed in a 

hot-humid climate where average ambient temperatures 

ranged from 28°C to 32°C. 

The experimental arrangement allowed researchers to cap-

ture both environmental and operational variables simultane-

ously, providing a comprehensive dataset for machine learn-

ing analysis. 

 
Figure 1. The experimental setup of the DC solar fridge. 

3.2. Data Collection and Processing 

Data were collected at ten-minute intervals over three days 

of operation. Measurements included solar irradiance, voltage, 

current, ambient temperature, battery state of charge, com-

pressor conditions, condenser temperature, evaporator tem-

perature, and cabinet temperature. These variables were used 

to calculate power input, coefficient of performance, and re-

frigerating capacity. 

Data preprocessing involved cleaning, outlier removal, fea-

ture selection, and normalization. Outliers resulting from sen-

sor errors were identified using the interquartile range method. 

Correlation analysis was conducted using Pearson and Spear-

man coefficients to identify important relationships among 

variables. Python programming tools were used throughout 

the preprocessing and analytical stages. 

A dataset containing approximately 500 observations was 

prepared for machine learning model development. The da-

taset was divided into training, testing, and validation subsets 

to ensure robust model evaluation. 

𝑃𝑖𝑛 = 𝑉𝑐𝑐 × 𝐼𝑐𝑐                 (1) 

𝐶𝑂𝑃 =  
ℎ1−ℎ4

ℎ2−ℎ1
                  (2) 

CR = 𝑚 (ℎ1 − ℎ4)                (3) 

where h1-h4 represent enthalpies at key cycle stages, and ṁ is 

the refrigerant mass flow rate [24]. 
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Figure 2. Steps used in data preparation and analysis for modeling 

in ML. 

3.3. Correlation Analysis Findings 

Correlation analysis revealed several important relation-

ships. The strongest positive relationship was observed be-

tween coefficient of performance and refrigerating capacity, 

indicating that improvements in one metric are typically ac-

companied by improvements in the other. 

Ambient temperature exhibited strong negative correlations 

with both coefficient of performance and refrigerating capac-

ity. This finding confirms that higher temperatures increase 

thermal loads and reduce system efficiency. The result is par-

ticularly important for tropical regions where high tempera-

tures are common. 

Solar irradiance demonstrated a more complex relationship. 

Moderate positive Pearson correlations suggested that in-

creased irradiance generally improves performance. However, 

strong negative Spearman relationships indicated nonlinear 

behavior. This suggests that solar irradiation influences per-

formance through mechanisms that are not strictly linear. 

Electrical variables also contributed significantly. Current 

showed moderate negative relationships with efficiency met-

rics, while voltage exhibited weak positive relationships. Bat-

tery state of charge displayed relatively weak correlations, in-

dicating that the refrigerator maintained fairly stable perfor-

mance across varying battery levels. 

Table 1. Selected statistical metrics for Correlation Analysis. 

Correlation Coefficient Equation Description 

Person Correlation 

Coefficient (r) 

𝑟 =

 
∑(𝑥𝑖−𝑥̅)(𝑦𝑖 − 𝑦̅)

√∑(𝑥𝑖−𝑥 ̅)2(𝑦𝑖 − 𝑦 ̅)2
  

Evaluates the linear association between two continuous variables (Coeff. lies 

between −1 to +1). Coeff. of −1 represents a perfect negative linear association, 

+1 denotes a perfect positive linear association, and 0 denotes the absence of a 

linear association (Schober et al., 2018) 

Spearman Rank Correla-

tion Coefficient (ρ) 
ρ = 1 −

6∑𝑑𝑖2

𝑛(𝑛2−1)
 

Evaluates the rank correlation between two variables with a non-linear relationship 

(monotonic). It ranges from - 1 to +1 where: +1 indicates positive perfect positive 

monotonic relationship, -1 indicates perfect negative monotonic relationship, and 

a 0 indicates no monotonic relationship (Schober et al., 2018) 

 

3.4. Thermodynamic Performance Results 

The experimental investigation evaluated refrigerator per-

formance under different ambient temperatures. The maxi-

mum coefficient of performance observed during testing was 

approximately eight. The relationship between evaporator 

temperature and coefficient of performance was strongly pos-

itive. Higher evaporator temperatures reduced compressor 

workload and improved efficiency. Conversely, condenser 

temperature showed a strong negative relationship with per-

formance. As condenser temperature increased, coefficient of 

performance declined dramatically. This result emphasizes 

the importance of effective heat rejection and condenser cool-

ing in tropical environments. The analysis demonstrated that 

condenser management is more critical than evaporator man-

agement for improving solar refrigerator performance in hot 

climates. Enhanced airflow, improved heat exchanger design, 

and adaptive cooling strategies could significantly improve ef-

ficiency. 

3.5. Machine Learning Methodology 

Three machine learning algorithms were implemented: Ar-

tificial Neural Networks, Random Forest Regression, and 

Support Vector Regression. Each model was trained using en-

vironmental and operational variables as inputs. 

The ANN architecture consisted of three hidden layers with 

32, 64, and 32 neurons respectively. Rectified Linear Unit ac-

tivation functions were used. The model was trained using a 

dataset split into training, validation, and testing subsets. The 

ANN equation is given by Equation (4) [12]. 

𝑦 = 𝑓(∑ 𝑤𝑖. 𝑥𝑖 + 𝑏)𝑛
𝑖=1              (4) 
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The SVR model employed a radial basis function kernel. 

Key hyperparameters included a regularization parameter of 

one and an epsilon value of 0.1. This configuration enabled 

the model to capture nonlinear relationships while controlling 

overfitting. The SVR equation is given by Equation (5) (Gil-

Vera & Quintero-López, 2023; Xu et al., 2014). 

𝑦 = 𝑓(∑ 𝛼ᵢ𝐾(𝑥𝑖, 𝑥) + 𝑏)𝑁
𝑖=1            (5) 

The Random Forest model utilized one hundred decision 

trees with a maximum depth of ten. Solar irradiance and am-

bient temperature were prioritized as important predictor var-

iables. Cross-validation techniques were applied to all models 

to ensure robustness and generalizability. The RFR equation 

is given by Equation (7) (Gil-Vera & Quintero-López, 2023). 

𝑦 = 𝑓(
1

𝑁
∑ (∑ 𝑤𝑗. 𝑦𝑗𝑇

𝑗 )𝑁
𝑖=1             (6) 

3.6. Model Evaluation Metrics 

Model performance was assessed using Mean Absolute Er-

ror, Root Mean Square Error, Mean Absolute Percentage Er-

ror, and the coefficient of determination. These metrics pro-

vide complementary perspectives on prediction quality. 

The coefficient of determination measures the proportion of 

variance explained by the model. Higher values indicate 

stronger predictive capability. Root Mean Square Error quan-

tifies prediction errors while placing greater emphasis on large 

deviations. Mean Absolute Error provides an intuitive meas-

ure of average prediction accuracy. Mean Absolute Percent-

age Error expresses errors as percentages, enabling compari-

son across variables. 

Together, these metrics provide a comprehensive frame-

work for comparing machine learning algorithms and select-

ing the most effective model for each performance indicator. 

Table 2. Machine Learning Model Evaluation Results. 

 
ML model values for Power in-

put (Pin) 

For Coefficient of performance 

(COP) 
For Refrigerating Capacity (CR) 

Metrics ANN RFR SVR ANN RFR SVR ANN RFR SVR 

MSE 0.1 3.16 0.17 2.1 2.46 8.95 70.4 83.79 221.85 

RMSE 0.32 1.77 0.41 1.45 1.57 2.99 8.39 9.15 19.89 

MAE 0.131 0.02 0 0.0322 1.13 2.43 0.003924 6.63 11.37 

MAPE 0.0068 1.19 0.26 1.446 1.13 0.37 0.00077 0.02 0.03 

R-squared 0.934 0.89 0.99 0.85 0.83 0.38 0.6821 0.71 0.22 

 

4. Results and Discussion 

The following subsections present the results obtained from 

the correlation analysis, followed by the machine learning 

model evaluation and discussion of key performance insights. 

4.1. Correlation Test Results 

The statistical correlation between the dataset for all varia-

bles is shown in a seaborn correlation heatmap shown in Fig-

ure 3. The correlation heatmap presents a comprehensive vis-

ualization of the relationships between various factors influ-

encing the coefficient of performance as well as the refrigera-

tion capacity of the DC refrigerator. Table 3 presents a corre-

lation analysis between selected parameters, utilizing both 

Spearman’s rank correlation coefficient (ρ) and Pearson’s cor-

relation coefficient (r). The correlation analysis of the experi-

mental data reveals several significant relationships governing 

the performance of the DC solar-powered domestic refrigera-

tor in hot-humid climates. The coefficient of performance 

(COP) and refrigerating capacity (CR) demonstrate an excep-

tionally strong positive correlation (0.92), indicating that these 

two performance metrics are intrinsically linked. This finding 

aligns with prior experimental and review studies to confirm 

that refrigeration system efficiency parameters (e.g., COP, CR) 

typically move in tandem under normal operating conditions 

[3-8]. Ambient temperature (Tamb) exhibits strong negative 

correlations with both COP (-0.65) and CR (-0.56), confirming 

the assertions of [27] and [28] that thermal conditions signifi-

cantly impact refrigeration efficiency in tropical environments. 

This temperature sensitivity underscores the critical im-

portance of thermal insulation and proper system placement in 

hot-humid climates. 

Solar irradiation (G) displays an interesting relationship 
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with system performance, showing moderate positive Pearson 

correlations with COP (0.29) and CR (0.35), while simultane-

ously exhibiting strong negative Spearman rank correlations. 

This apparent contradiction suggests a complex non-linear re-

lationship where the system's response to increasing irradia-

tion follows patterns similar to the study findings by [46] in 

their work on performance investigation of vapor compression 

refrigeration system. The electrical parameters reveal that cur-

rent (Icc) has moderate negative correlations with COP (-0.31) 

and CR (-0.40), while voltage (Vcc) shows weak positive cor-

relations with these metrics (0.18 and 0.21 respectively). 

These findings complement [39] research on DC refrigeration 

systems, which highlighted the importance of optimal electri-

cal operating conditions. 

The battery's state of charge (Soc%) demonstrates relatively 

weak correlations with performance metrics (0.13 with COP 

and 0.16 with refrigerating capacity), suggesting that the sys-

tem maintains fairly consistent performance across different 

battery charge levels. This characteristic aligns with the find-

ings of [35] in their study of a PV‑powered variable‑speed DC 

fridge integrated with phase‑change material, which reported 

stable refrigeration performance (COP of 3.6) across load and 

battery conditions. Power input (Pin) exhibits a noteworthy 

strong correlation with current (0.67) while showing weak 

negative correlations with performance metrics, indicating 

that higher power consumption doesn't necessarily translate to 

improved refrigeration performance. This efficiency consider-

ation echoes the conclusions of [21] who investigated a so-

lar‑powered VISI cooler with a DC compressor: they found 

that reducing power draw (via phase‑change material) im-

proved overall efficiency, even under solar‑battery operation. 

The moderate negative correlation between voltage and cur-

rent (-0.44) suggests voltage regulation or impedance effects 

that are consistent with the electrical behaviors documented 

by [24] in their operational study of DC inverter heat‑pump 

systems under variable solar PV bus voltage. They demon-

strated that as bus voltage fluctuates, current draw adjusts in-

versely to maintain system stability. 

These correlation results provide valuable insights for opti-

mizing DC solar-powered refrigerators in hot-humid climates. 

The findings emphasize the need for enhanced thermal man-

agement strategies to mitigate the negative impact of high am-

bient temperatures, proper sizing of solar power systems to 

account for the complex relationship with irradiation, and ap-

propriate electrical component selection to maintain efficient 

operation. As suggested by [25] such optimization strategies 

are essential for improving the reliability and performance of 

solar refrigeration systems in challenging environmental con-

ditions. 

 
Figure 3. Seaborn Heatmap of Correlation Analysis Results. 
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Figure 4. A scatter plot comparing predicted versus actual values for the ML models. 

Table 3. Pearson and Spearman Correlation Test Results. 

 Power Input Coefficient of performance (COP)  Refrigerating Capacity (CR)  

Input Variable r ρ r ρ R ρ 

Solar Irradiation (G) -1 0.1 -1 0.995 -1 0.994 

Current (Icc) 0.6604 0.786 -0.2883 -0.354 -0.3647 0.0001 

Voltage (Vcc) 0.1142 0.0807 0.1528 0.187 0.1613 0 

State of Charge (Soc) 0.0053 -0.01843 0.1383 0.0551 0.144 0 

Ambient Temperature (Tamb) 0.0494 0.154 -0.6558 -0.48 -0.4966 0 

 

4.2. Performance of the DC Solar Refrigerator 

Three days of testing were conducted to find the DC solar 

fridge's coefficient of performance. The recorded ambient 

temperatures during that time were 27°C, 28°C, and 30°C, re-

spectively. Eight is the maximum coefficient of performance 

(COP) that was attained. The recorded ambient temperature of 

30°C had the greatest COP of 8 under lab conditions. The COP 

increases as the surrounding temperature rises. The graph of 
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the COP against the evaporator temperature as well as the con-

denser temperature is displayed in Figure 4. The graphical re-

sults depicting the relationship between the coefficient of per-

formance (COP) and key temperature parameters offer valua-

ble insights into the thermal behavior of the DC solar-powered 

refrigerator system. The first graph demonstrates a clear posi-

tive linear correlation between evaporator temperature and 

COP, with values ranging from approximately 4.0 at -2°C to 

8.0 at 15°C. This relationship aligns with fundamental ther-

modynamic principles as described by [40], where higher 

evaporator temperatures reduce the work required by the com-

pressor relative to the cooling effect produced. The observed 

trend corroborates findings by [2], who noted that each 1°C 

increase in evaporator temperature typically yields a 2-4% im-

provement in system COP for small-scale refrigeration sys-

tems. This positive correlation is particularly significant for 

solar applications, as a study by [20] demonstrated that oper-

ating with slightly higher evaporator temperatures can sub-

stantially improve overall system efficiency without signifi-

cantly compromising cooling capacity, achieving COP gains 

up to 14% in hot-dry tropical conditions. 

The second graph illustrates the inverse relationship be-

tween condenser temperature and COP, showing a pro-

nounced non-linear decline in performance as condenser tem-

peratures increase. The COP decreases dramatically from ap-

proximately 23 at 28°C to about 5 at 45°C, following an ex-

ponential decay pattern. This relationship is consistent with 

[24] experimental studies, which established that the effi-

ciency penalty from elevated condenser temperatures be-

comes increasingly severe above 35°C, establishing that the 

efficiency penalty from elevated condenser temperatures be-

comes increasingly severe above 35°C, a critical consideration 

for hot-humid climate applications. The pronounced perfor-

mance degradation at higher condenser temperatures aligns 

with observations by [39], who found that condenser effec-

tiveness becomes the dominant factor limiting system perfor-

mance in tropical environments. This finding is particularly 

relevant for solar refrigeration systems in hot-humid climates, 

as highlighted by [40-47], who emphasized that condenser 

performance represents a primary bottleneck in these applica-

tions. 

The combined analysis of these two temperature relation-

ships reveals important design considerations for optimizing 

DC solar refrigerators. The nearly fourfold difference in COP 

across the measured condenser temperature range (5-23) com-

pared to the approximately twofold difference across the evap-

orator temperature range (4-8°C) underscores the critical im-

portance of prioritizing condenser thermal management over 

evaporator control in solar refrigeration design for tropical re-

gions. These results support the recommendation from [33] 

for implementing enhanced condenser cooling strategies, such 

as improved airflow or even supplementary evaporative cool-

ing in extremely hot environments. Furthermore, the data val-

idate the finding by [10] that adaptive control strategies ad-

justing compressor operation based on condenser temperature 

conditions could significantly improve overall system effi-

ciency by avoiding operation during the most unfavorable 

thermal conditions when solar energy might be abundant but 

cooling efficiency is severely compromised. These experi-

mental findings provide critical guidance for solar refrigerator 

design optimization in hot-humid climates, particularly high-

lighting the importance of thermal management strategies fo-

cused on condenser performance while maintaining appropri-

ate evaporator temperatures. As noted by [10], such optimiza-

tions are essential for maximizing the sustainable performance 

of solar refrigeration systems in challenging environmental 

conditions where both high ambient temperatures and solar re-

source variability must be effectively managed. 

 
Figure 5. A Graph of the COP against the evaporator temperature 

and COP against condenser temperature. 

4.3. Limitations 

Several limitations were acknowledged. The dataset con-

sisted of approximately 500 observations collected over a rel-

atively short period. Although sufficient for model develop-

ment, a larger dataset would improve robustness and general-

izability. 

The experiments were conducted primarily under clear-sky 

conditions. Real-world weather variability, including cloud 

cover and seasonal changes, was not fully represented. Addi-

tional studies spanning multiple seasons would provide a more 

comprehensive understanding of system behavior. 
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4.4. Future Research Directions 

Future research should focus on collecting long-term da-

tasets covering diverse climatic conditions. Larger datasets 

would enable more sophisticated machine learning ap-

proaches, including deep learning and ensemble methods. 

Researchers should investigate hybrid modeling frame-

works that combine physical thermodynamic principles with 

data-driven learning. Such approaches may improve interpret-

ability while maintaining predictive accuracy. 

5. Conclusion 

This study developed and evaluated machine learning (ML) 

models for predicting the performance of a DC solar-powered 

domestic refrigerator in hot-humid climates, addressing criti-

cal gaps in the literature regarding intermittent solar energy 

and dynamic environmental conditions. The experimental re-

sults demonstrated the system's sensitivity to ambient temper-

ature and solar irradiance, with the coefficient of performance 

(COP) showing a strong negative correlation with ambient 

temperature (-0.65) and a complex, non-linear relationship 

with solar irradiation. These findings underscore the chal-

lenges of operating solar refrigeration systems in tropical cli-

mates and highlight the need for adaptive thermal manage-

ment strategies, particularly for condenser cooling, to mitigate 

efficiency losses. Three ML algorithms (Artificial Neural Net-

work, Random Forest Regression, and Support Vector Re-

gression) were evaluated for predicting power input (Pin), 

COP, and refrigerating capacity (CR). SVR outperformed 

other models for power input prediction (R2 = 0.99, RMSE = 

0.41), while ANN achieved the highest accuracy for COP (R2 

= 0.85, RMSE = 1.45). RFR exhibited moderate performance 

for refrigerating capacity (R2 = 0.71), though all models strug-

gled with this parameter due to its dependence on transient 

thermal dynamics. These results suggest that a hybrid model-

ing approach, leveraging the strengths of each algorithm for 

specific tasks, could optimize predictive performance. 

This study thus provides critical climate-specific insights 

by empirically validating how hot-humid conditions affect so-

lar refrigerator performance, highlighting the importance of 

condenser-targeted thermal management. It also demonstrates 

the effectiveness of machine learning, particularly ANN and 

SVR, in addressing the system's intermittency and non-linear-

ity where SVR showed superior accuracy in power input pre-

diction. Additionally, the research offers a scalable approach 

for incorporating real-world environmental data into ML 

models, supporting more informed system design, policy de-

cisions, and operational strategies. However, the study's reli-

ance on clear-sky data and a limited dataset (500 samples) 

may affect generalizability. Future research should incorpo-

rate longer-term, real-world operational data across diverse 

weather conditions and explore hybrid or ensemble ML tech-

niques to improve predictions of refrigerating capacity. Addi-

tionally, integrating the developed models into adaptive con-

trol systems could enhance real-time performance optimiza-

tion. This study advances the application of ML in solar re-

frigeration, providing a foundation for more reliable and effi-

cient off-grid cooling solutions in energy-vulnerable regions. 

The findings contribute to the sustainable adoption of solar-

powered refrigeration in hot-humid climates. 
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