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The nonlinear and dynamic nature of solar energy generation makes effective energy management, operational planning, and grid stability 
challenging. Purely numerical and statistical approaches are often unable to pick up the nonlinearity in the photovoltaic power generation. The 
present work tests the predictive capability of supervised regression algorithms for photovoltaic energy forecasting. This research is a compar-
ative analysis of five algorithms, which are Linear Regression, k-Nearest Neighbor, Support Vector Regression, Decision Tree, and Random 
Forest. Unlike earlier studies that just targeted irradiation parameters and focused on short-term datasets, this study incorporates a long-term 
dataset, consisting of 95,950 hourly observations collected from a rooftop photovoltaic plant found in the Western Australia region from 1990 to 
2014. The dataset includes multiple variables that are categorized into solar-irradiance and meteorological variables. Solar-irradiance variables 
are Direct-normal, Global-horizontal, and Diffused-horizontal. Meteorological variables are Wet-bulb temperature and Dew-point tempera-
ture. The photovoltaic energy produced is the output variable. The model is trained strategically with hyperparameter tuning performed using a 
hold-out k-fold cross-validation. From the first correlation heatmap, it is found that Direct-normal irradiance affects the photovoltaic energy the 
most, followed by Global-horizontal, and Diffused-horizontal irradiance. Wet-bulb temperature and the Dew-point temperature are the least 
influential parameters. The performance metrics evaluated to assess the developed models are Mean-Squared Error, Root Mean-Squared Error, 
Mean Absolute Error, and the Coefficient of Determination. Overall, the ensemble models showed superior performance to the regression-based 
models. Ensemble models pick up the non-linearity among the variables well. Compared to other models, Random Forest achieves the highest 
value of the Coefficient of Determination. Also, the lowest values of Mean Absolute Error, Mean-Squared Error, and Root Mean-Squared Error. 
Compared to the linear regression model, the random forest model has reduced the Mean-Squared Error by 45.51%, Mean Absolute Error by 
41.95%, and increased the Coefficient of Determination by 1.34%. The average reduction in error metrics in all the models stays below 38%. 
The proposed framework can support utility operators, photovoltaic system engineers, long-term energy planners, and policymakers in efficient 
photovoltaic energy monitoring and forecasting to enhance societal energy security.
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1. Introduction

Energy plays a vital role in human development. Conventional and 
renewable are the two major forms of energy that can be converted 
into electrical energy. Fossil fuel-driven conventional methods of 
energy conversion have directly or indirectly led to environmental 
pollution and hazards to human health [1]. The urgent attention to 
reducing carbon footprints is possible through the widespread use 
of renewable energy resources for electricity generation [2,3]. The 
Government of India is curtailing the use of conventional resources 
and boosting the use of renewable sources [4]. Solar energy is the 
most prominent, abundantly available, free form of renewable en-
ergy on Earth. [5–8]. Over the past two decades, the solar energy 
installation capacity of India has almost doubled, while it has still 
been stagnant for non-renewable energy [4]. In recent times, the 
country has appeared as a growing leader in adopting solar energy 
for power generation. The National Solar Mission of India has set 
the renewable energy production target of 300 GW, which is to be 
achieved by 2030 [9]. To meet the goal, the government is aiding 
the renewable energy sector by introducing beneficiary schemes and 
subsidies [4,7]. 

Solar Photovoltaic (PV) cells convert incident solar radiation directly 
into electricity without leaving any carbon footprint [5,10]. Rooftop 
PV plants are the most adopted choice amongst other commercial 
and large-capacity PV plants [11]. It offers many advantages, such as 
affordability, scalability, reliability, effective use of unused roof area, 
and lower transmission costs [12]. However, technology still has one 
of the crucial problems, which is the integration of PV energy with 
the expanding widespread electrical grid. The reason behind this 
problem is the intermittent availability of solar energy throughout 
the day. One of the ways to tackle this problem lies in the correct 
prediction of PV energy output. This will help engineers to achieve 
better scheduling of energy, management of grid infrastructure, 
design of storage systems, and decision-making by the government 
[13]. The solution can be further used to reduce the dependency of 
the industries on the costly conventional energy sources [14,15]. 

Predicting the total PV energy harnessed from a rooftop PV plant 
in advance is a challenging task due to the widespread use of tech-
nology. Additionally, the PV energy varies significantly due to 
non-linear meteorological and environmental conditions [16]. Ma-
chine Learning (ML) models have appeared recently as one of the 
most powerful tools across various scientific solutions, which can 
provide a structured solution to complex and non-linear problems. 
It enables correct prediction along with efficient optimization and 
deeper analysis [17]. ML methods provide added advantages over 
conventional statistical tools, such as integration of large datasets 
and the power of combining multiple models [18]. Therefore, ML 
models are being used recently by many researchers to accurately 
predict the PV energy generation [17,19–21]. 

Samir et al. [20] have developed seven regression-based ML models 
to predict the PV energy of a standalone system. These ML models 

are namely Linear, Ridge, Lasso, Bayesian, Decision Tree (DT), Gra-
dient Boosting, and Artificial Neural Network (ANN). Irradiance 
and meteorological parameters were considered as input variables. 
DT model outperformed the other models and appeared as the 
best-suited model with a Coefficient of Determination (R2) value 
of 0.99. Abderraouf Bouakkaz et al. [19] have evaluated the perfor-
mance of different ML models, such as LR, Random Forest (RF), 
Support Vector Regression (SVR), and ANN. Two distinct datasets 
are used to train these models; one has meteorological parameters, 
and another being from on-site measurements. Compared to others, 
RF has recorded the best performance with the minimum value of 
Root Mean-Squared Error (RMSE), Mean-Squared Error (MSE), and 
Mean Absolute Error (MAE). Montaser Abdelsattar et al. [18] have 
tested six ML models, namely, CatBoost, Gradient-Boost Machine 
(GBM), Multilayer Perceptron (MLP) regressor, SVR, XGBoost, and 
RF. To train and test these models, 4213 data points are used, which 
are collected from one of the PV energy production facilities. The 
result shows that with an R2 value of 0.940, RF has delivered the best 
overall performance. Christian Idogho et al. [22] have developed 
SVR and ANN models to predict the PV energy. The models are 
stretched across the different regions of Nigeria. The dataset used to 
develop the models consists of data points from the past 12 years, 
including observations of irradiation parameters, cloud cover data, 
temperature parameters, and humidity values. Out of the developed 
models, it has been found that regions with hot and dry climate 
conditions have higher PV energy harnessing potential than regions 
with high cloud cover and humidity. Aayushi Tondon et al. [23] have 
evaluated the performance of LR, k-NN, Extreme Gradient Boost-
ing (XGB), DT, and RF. The dataset used to develop the models was 
obtained from NASA’s POWER project, which is particularly for 
the Indian state of Rajasthan. The dataset encompasses the various 
parameters, such as specific humidity, surface pressure, wind speed, 
temperature, and dew point, from 2013 to 2022. The performance of 
the model was assessed using four performance metrics. With the 
highest value of R2 compared to all other models, RF has appeared as 
the best model. Mohd. Herwan Sulaiman et al. [24] did the research 
on the use of RF, SVR, and DT models for short-term PV energy 
prediction under various Malaysian weather conditions. In this 
study, the dataset used was for seven days from January 15–21, 2024, 
and it was collected from different geographical areas. The dataset 
includes observations of hourly irradiation data, relative humidity, 
atmospheric temperatures, and wind velocity. The result shows that 
RF outperforms others with the highest performance metrics. Rahul 
Gupta et al. [25] conducted a study on an explainable data-driven 
setting for the prediction of GHI using different regression-based 
ML algorithms. The developed models are DT, RF, Extreme Gra-
dient-Boost (XGB), and Extra Trees (ET). Variance inflation factor 
(VIF) is applied to select the best feature. The models were evaluated 
by computing various performance metrics like MAE, RMSE, and 
R2. The best performance is obtained for the Extra Trees model. It 
shows high accuracy and precision. The inclusion of SHAP (Shap-
ley Additive Explanations) values made the model interpretable by 
quantifying each variable’s involvement in accurately predicting the 
PV energy. Saroj Kumar Panda and Manoj Kumar Panda [26] have 
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developed two ML models, namely Linear Least-Squared Regres-
sion and SVR. These models are trained using a dataset that spans 
ten months. All the data are collected from the weather station of 
the University of Massachusetts Amherst. This data set consists of 
input variables such as dry-bulb and dew-point temperatures, wind 
velocity, sky cover, probability of precipitation, and relative humid-
ity. The output intensity of solar radiation in W/m2 is predicted. 
From the developed models, it is found that SVR with Radial Basis 
Function kernel has lower RMSE and higher accuracy. The study 
by Chaaban et al. [27] presented a comparative evaluation of five 
ML models, namely, LR, RF, k-NN, ANN, and Long Short-Term 
Memory (LSTM). Real-world operational data of two years, starting 
from July 2020 to June 2022, was obtained from the 300 MW Saka-
ka PV Independent energy Producer plant found in Saudi Arabia. 
The dataset consists of input variables such as Global-horizontal 
irradiance from pyranometers, plane-of-array irradiance, mod-
ule temperature, and other weather parameters. The models have 
predicted hourly PV energy generation in the output. Compared 
to other models, the RF has the highest value of R2 and the lowest 
values of RMSE and MAE. Abhishek Kumar Tripathi et al. [28] have 
performed a comparative analysis to find the best-suited ML models 
amongst Multivariate Regression (MR), SVR, and Gaussian Process 
Regression (GPR). The dataset used in the study was obtained from 
an experimental setup of a rooftop PV plant found at Surampalem, 
Andhra Pradesh, India. The dataset spans 60 days from January to 
March 2022, with measurements taken at 12 noon every day. The 
models were trained using Ambient temperature, Relative humidity, 
Solar irradiation, Panel temperature, Voltage, and Current as input 
variables and predicted PV energy produced in the output. Com-
pared to other models, SVR has appeared as a superior model with 
the highest value of R2 and the lowest values of MAE and MSE. 

From the extensive review of recently published research, authors 
have found that most investigations are done on limited and 
short-term datasets [22–24,26–29]. Although the trained models 
have shown good performance, possibilities of long-term seasonal 
variability, inter-annual climatic fluctuations, and seasonal to an-
nual shifts in irradiation patterns cannot be ignored. Limited and 
short-term datasets may reduce the generalizability of the regression 
models. Some of the studies are solely focused on the prediction of 
irradiation parameters rather than the direct prediction of PV en-
ergy [23,25,29]. Though it offers value addition, there is a need for 
direct prediction of PV energy, which may help to achieve better re-
al-world energy management and grid stability solutions. The pres-
ent scenario also demands a sufficiently structured benchmarking 
tool, which is necessary to evaluate the performance of high-end, 
complex, and computationally intensive ML models. 

2. Novelty and contribution of the research 

The current research aims to compare five ML models used in the 
prediction task of PV energy. The identified research gap is addressed 
in this research using a long-term dataset obtained from a rooftop 
PV plant found in Albany, Western Australia. The dataset consists 

of recorded observations of 25 years, from 1990 to 2014. It has 
hourly observations of solar irradiance, such as Global-horizontal 
irradiance (GHI), Direct-normal irradiance (DNI), Diffused-hori-
zontal irradiance (DHI), Wet-bulb temperature (WBT), Dew-point 
temperature (DPT), and PV energy produced. The dataset presents 
a region that is rich in a temperate maritime climate and provides 
insights into the coastal atmospheric conditions. This introduces a 
unique variability in data patterns that are not extensively studied in 
existing literature. With this dataset, the authors have given sufficient 
attention to the shortcomings occurring in the correct prediction of 
PV energy due to influential factors such as variable seasonal cycles, 
extreme weather variation across more than two decades, and long-
term variation in irradiation trends. Additionally, the combination 
of irradiation-related and weather-related observations will lead the 
models towards better generalization. The models developed in this 
research are, namely, LR, k-NN, SVR, DT, and RF. The models are 
assessed by performing comparative analysis using four key statisti-
cal parameters, which are RMSE, MSE, MAE, and R2.

3. Methodology

To develop the ML models, an organized, structured flow is adopt-
ed, as shown in Figure 1. The study begins with buying the dataset. 
It was downloaded from the Mendeley data repository (https://
data.mendeley.com/datasets/c4rn7mtfrf/1) [30]. As previously 
mentioned, the dataset is of the rooftop PV plant found in Albany, 
Western Australia. Initially, the dataset is loaded using the panda’s 
library. The informative statistics of the dataset are obtained using 
the shape, columns, and info () commands. There is a total of 95950 
observations available initially in the dataset. Before training the 
models, the data cleaning and pre-processing steps are performed 
on the data. To get the information about missing values in the 
dataset, isnull (). sum () commands are used. No missing values 
were found in the dataset. Now, duplicated () and sum () commands 
are used to detect any duplicate rows in the dataset. It is found that 
the dataset does not have any duplicate rows. The columns, such as 
reading numbers, dates, time, etc., are dropped from the dataset us-
ing the drop command. head () command is used to see the refined 
columns in the dataset. The first five rows and all columns given by 
the head () command are shown in Table 1. The clean and structured 
dataset is now ready for further analysis. The refined dataset with 
hourly resolution now consists of columns such as GHI, DNI, DHI, 
WBT, DPT, and Energy. The target variable is set to Energy (kWh), 
and the remaining attributes are set to input variables. A summary 
of the input and output variables is shown in Table 2.

https://data.mendeley.com/datasets/c4rn7mtfrf/1
https://data.mendeley.com/datasets/c4rn7mtfrf/1
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Figure 1. Methodology of research

Table 1. Representative sample of the dataset showing the first five rows and all feature columns

Index GHI DNI DHI Wet bulb temp Dew point temp Energy
Unit W/m2 W/m2 W/m2 °C °C kWh

0 107 19 102 14.5594 13.6 12.646700
1 481 28 454 17.1797 13.9 21.657320
2 358 12 347 16.8141 13.6 11.432791
3 274 10 266 15.9516 13.1 9.527326
4 261 19 248 15.9078 13.1 11.938500

Table 2. Descriptive statistics of variables used in machine learning model development

Parameter Name Mean 
Value

Std. Deviation 
Value

Minimum 
Value 25th Percentile Median (50th) 75th Percentile Maximum Value

GHI (W/m2) 397.44 268.59 0.00 183.48 355.00 602.00 1128.00

DNI (W/m2) 371.62 321.46 0.00 73.00 283.00 583.00 1054.00

DHI (W/m2) 168.92 115.23 0.00 79.00 141.00 240.00 603.00

Wet-Bulb Temp (°C) 13.23 3.03 1.19 13.10 13.10 15.35 24.86

Dew-Point Temp (°C) 10.30 3.49 -12.00 7.98 10.28 12.80 24.00

Energy (kWh) 352.23 253.59 0.95 79.00 258.60 628.49 1015.97

The dataset split is performed with an 80:20 ratio of training to test-
ing. The regular training subset is used to train LR, k-NN, DT, and 
RF, while a representative training subset is used for SVR. The test 
subset is exclusively kept for assessing the performance of models. 
Except for LR, which is assumed to be the baseline model, hyper-
parameter tuning is employed for all models using GridSearchCV. 
This approach yields the best hyperparameter configuration. To 
generalize the models, the k-fold cross-validation technique is ap-
plied during training. In this technique, within the training subset, 
the data is divided into ‘k’ subsets. ‘k’ subsets are employed for 
training, and ‘k-1’ subsets are used for validation. The value of ‘k’ 
is five for LR, k-NN, DT, and RF, while three for SVR. For k-NN 
and SVR, Feature scaling was performed on the training set using 
the standardization technique through the StandardScaler function. 
The scaling was performed before cross-validation and not inde-
pendently within each fold. Table 3 shows the details of the hyper-

parameters and cross-validation settings used during the training of 
the models. The performance of the model is calculated using four 
performance metrics, namely, MAE, MSE, RMSE, and R2. Equations 
used to evaluate performance metrics are given numbers (1), (2), 
(3), and (4), respectively [23]. 
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Table 3. Hyperparameter tuning and cross-validation strategy to select optimal parameters of regression models

Model Hyperparameters Considered Cross-Validation Strategy Best / Final Parameters

LR None 5-Fold Default setting

k-NN
n_neighbors: 3, 5, 7, 9, 11

Weights: ‘uniform’, ‘distance’
Metric: ‘euclidean’, ‘manhattan’

5-Fold
n_neighbors = 11

weights = ‘distance’
metric = ‘manhattan’

SVR

Kernel: ‘rbf ’
Regularization parameter (C): 1, 10

Gamma: ‘scale’
Epsilon: 0.1

3-Fold

kernel = ‘rbf ’
C = 10

gamma = ‘scale’
epsilon = 0.1

DT
max_depth

min_samples_leaf
min_samples_split

5-Fold
max_depth = 10

min_samples_leaf = 10
min_samples_split = 2

RF

n_estimators
max_depth

min_samples_split
min_samples_leaf

5-Fold

n_estimators = 100
max_depth = None

min_samples_leaf = 5
min_samples_split = 2

4. Result and discussion

4.1. Correlation of features

Figure 2. Correlation matrix of input parameters and target variable 
(Energy in kWh), with numerical Pearson correlation coefficient 
value shown inside each cell and a color bar showing correlation 
strength

The heatmap of the correlation matrix is shown in Figure 2. It is the 
linear relationships of different input features amongst the input and 
the target variable. The color scale is the values of Pearson’s Correla-
tion Coefficient, ranging from -1 to +1, where dark red shades show 
strong positive correlations and navy-blue shades denote negative 
correlations. A value must be positive when the target variable is 
directly proportional to the feature, and negative if having inverse 
proportion. Among the input features, DNI and GHI show strong 
positive correlations with coefficient values of 0.98 and 0.69, respec-
tively. DNI shows a very strong positive correlation, showing that 

small variations in DNI significantly affect the target variable. GHI 
exhibits a moderate to strong positive correlation. DNI is solar ra-
diation that falls on a normal surface to the solar rays. GHI is solar 
radiation that falls on a horizontal surface. DNI and GHI values are 
on the larger side when the sky is clean and clear. Under such con-
ditions, solar radiation reaches the PV surface with minimal atmo-
spheric scattering, and hence the PV energy output is maximized. In 
contrast, DHI exhibits a negative correlation (-0.29) with the target 
variable, showing an inverse relationship. Higher DHI values show 
solar radiation scattered by clouds, dust particles, and water vapor, 
etc., before reaching the PV surface. This reduces PV energy genera-
tion. WBT is a combined indicator based on the temperature as well 
as the humidity. It is the temperature of the air obtained with water 
evaporation at constant atmospheric pressure. Higher WBT values 
are attributed to the humid and warm environmental conditions. A 
mild positive correlation coefficient (0.20) is seen for WBT, which 
shows that it is in an indirect relationship with moisture and ambi-
ent thermal conditions. Dew-point temperature is the temperature 
at which atmospheric moisture begins to condense. Higher values 
of DPT indicate a humid environment. The correlation analysis 
shows that dew-point temperature negatively affects photovoltaic 
energy output. This is because reduced atmospheric clarity slightly 
decreases solar transmittance, and hence, PV energy output reduces. 
The correlation feature analysis supports the underlying scientific 
phenomena associated with the selected meteorological variables 
and offers valuable insights into the fact that consideration of both 
environmental and atmospheric parameters is important. 
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4.2. Learning curve analysis

(a)

 (b)

 (c)

 (d)

 (e)

Figure 3. Learning curves analysis showing training and cross-
validation performance lines for five regression algorithms: (a) LR, 
(b) k-NN, (c) DT, (d) SVR, and (e) RF

The set of learning curve plots presented in Figure 3 is the training 
and cross-validation performance of five supervised ML models. 
The curves show the variation in the R2 as the number of training 
instances increases, providing insights into the learning stability of 
each model, generalization ability, and bias–variance characteris-
tics. In the baseline model LR, as shown in Figure 3 (a), both the 
training and cross-validation curves converge rapidly as the training 
instances increase. As the gap between the curves is narrow, it shows 
low variance, but slight plateauing shows that the model reaches its 
performance too early. Therefore, moderate bias is present, which 
limits the model to capture nonlinearity between the variables. The 
steady rise in the cross-validation score is seen for k-NN against the 
number of training instances. At lower training instances, a clear 
gap is visible between the curves, as shown in Figure 3 (b), which 
shows overfitting. This is attributed to the inherent nature of k-NN. 
But as the number of training instances increased, the curve reached 
stability. This shows improvement in the generalization. From the 
learning curve analysis of SVR as shown in Figure 3 (c), an improve-
ment in both training and validation scores is seen as soon as the 
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training instances are increased. Both the curves converge beyond 
800 sample instances, showing a balanced bias-variance character-
istic. The DT model, on the other hand, as shown in Figure 3 (d), 
shows better performance across all training instances. The first gap 
between the curves at a lower number of training instances shows 
minute overfitting. However, as soon as the training instances are 
increased, the gap narrows and validation performance increases. 
Some variance is still visible, which shows that some non-lineari-
ty still needs to be addressed. The learning performance of RF, as 
shown in Figure 3 (e), shows improvement over DT. It is seen that 
the training score stays high, yet the cross-validation score steadily 
improves with increasing training instances. A smaller gap can be 
seen compared to DT. The convergence of the two curves at large 
sample instances shows better generalization compared to DT. This 
improvement is obvious due to the advantage of ensemble averaging 
in RF compared to DT. The consistent upward trend of the validation 
curve shows that the model is effectively capturing the non-linear 
complexities in the variables without substantial overfitting. Overall, 
RF shows stable convergence among all other models, which shows 
a good bias-variance trade-off. 

4.3. Regression analysis and model fitting

Error plots are used to check the agreement between the actual and 
predicted target variable. In all error plots, as shown in Figure 4 (a) 
to (e), the reference line is shown by black dash line. It shows an 
ideal prediction condition. The red line is the best-fit regression line. 
Points close to the best-fit regression line represent the better pre-
diction accuracy, while points farther away show the error variance. 
As shown in Figure 4 (a), the LR model shows a near-perfect fit; 
however, noticeable dispersion is seen at lower and mid-range ener-
gy values. Several points deviating from the regression line show un-
derfitting in some regions and overfitting in some regions. A small 
amount of bias is also detected from the deviation of the two lines. 
This is obvious since LR assumes a linear relationship between the 
variables under consideration. LR does not assume non-linearity, 
and hence it generalizes weakly. In the k-NN error plot, as shown in 
Figure 4 (b), the points are closely distributed around the regression 
line. Less dispersion is visible around the mid-range values. Overall 
alignment of the ideal line with the best-fit line is improved consis-
tently; some points stay scattered. k-NN generalizes well compared 
to LR, showcasing its ability to capture certain non-linearities in 
the dataset. Slightly higher dispersion is visible in SVR, as shown 
in Figure 4 (c). Deviation is greater in the mid-range values. Due 
to its sensitive kernel, using a subset instead of the actual dataset 
and hyperparameter selection makes the model generalize less com-
pared to LR. Though there is less dispersion in DT compared to LR 
and SVR, some visible dispersion is present at mid-range values. At 
higher energy values, as shown in Figure 4 (d), the ideal line almost 
coincides with the best-fit line. Though the DT model predicted the 
target variable correctly, there is scope for improvement, especially 
in the mid-range. The DT model typically captures non-linearity by 
assuming a single tree structure. This can be further improved by 
taking advantage of the ensemble method, which is implemented in 

the RF model. In the RF model error plot, as shown in Figure 4 (e), 
tight clustering is seen over the entire range of values. The ideal line 
almost overlaps the best-fit line, which shows low bias and variance. 
RF is superior in capturing non-linearity compared to DT due to its 
ensemble averaging principle.

 (a)

 (b)

 (c)
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 (d)

 (e)

Figure 4. Predicted versus actual photovoltaic energy: (a) for LR, 
(b) for k-NN, (c) for DT, (d) for RF, and (e) for SVR

4.4. Statistical performance evaluation and comparative 
analysis

Table 4. Performance statistics of Machine Learning Models

Name of ML 
Model MAE value (kWh) MSE value 

(kWh2)
RMSE value 

(kWh) R2 Score

LR 22.3901 2747.59 52.4175 0.9720
DT 14.1933 1715.10 41.4137 0.9825
RF 12.9965 1497.59 38.6987 0.9847

k-NN 18.0295 1933.51 43.9717 0.9803

SVR 19.5337 2843.41 53.3236 0.9710

(a)

(b)

(c)
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(d) 

Figure 5. Comparative performance statistics: (a) MAE, (b) MSE, 
(c) RMSE, and (d) R2

Table 4 presents a combined summary of the final test performance 
metrics (MAE, MSE, RMSE, and R2) for all the developed machine 
learning models. Figures 5(a) to (d) present a comparative assess-
ment of these four statistical performance metrics. The RF model 
has reached the lowest MAE value, which is 12.9965 kWh. The MAE 
values for DT, k-NN, and SVR are 14.1933 kWh, 18.0295 kWh, and 
19.5337 kWh, respectively. The highest value of MAE is 22.3901 
kWh, which is obtained for the LR model. With LR as the baseline 
model, RF has reduced MAE by 41.95 %. The performance of RF 
is superior to others due to its ability to aggregate multiple deci-
sion trees. With this ensemble approach, variance is reduced, and 
the model generalizes well. On the other hand, LR assumes a linear 
relationship, which can’t predict the non-linearity between the input 
and target variables. Figure 5 (b) shows the comparison of the MSE 
values for all the models. Once again, RF has appeared as the supe-
rior amongst all. It produced the lowest MSE value, which is around 
1497.59 kWh2. This confirms that RF is performing firmly in curtail-
ing squared prediction errors. Followed by RF, DT, k-NN, and LR 
have performed better with MSE values of 1715.10 kWh2, 1933.51 
kWh2, and 2747.59 kWh2, respectively. SVR has the highest MSE, 
which is 2843.41 kWh2. This shows a weak generalization. Though 
the SVR is better at handling non-linearity than LR, its performance 
depends upon the proper choice of kernel type, regularization pa-
rameter, dataset complexity, and epsilon margin. On the other hand, 
LR assumes a straight linear relationship, which is sometimes ben-
eficial. RMSE values are an extension of MSE, as shown in Figure 5 
(c), which further strengthens the results. RF has the lowest RMSE 
value, which is 38.6987 kWh. RMSE values for DT, k-NN, and LR 
are 41.4137 kWh, 43.9717 kWh, and 52.4175 kWh, respectively. 
SVR has the highest RMSE value, which is 53.3236 kWh. Figure 5 
(d) highlights the R2 score. It shows the model’s goodness of fit. An 
R2 value close to 1 is preferred because it shows perfect prediction. 
RF reached the highest R2 value, which is 0.9847. R2 values for DT, 
k-NN, LR, and SVR are 0.9825, 0.9803, 0.9720, and 0.9710, respec-
tively. 

Overall, the entire discussion of statistical parameters shows that RF 
consistently outperformed the other models across all evaluations, 
offering the best balance of accuracy, stability, and generalization. 
RF can couple several individual decision trees, which leads to an in-
crease in the generalizability of the model and so accurately. RF was 
able to effectively predict nonlinearity between the input variables 
and the output. RF was also seen as less sensitive towards the noise 
and multicollinearity of the dataset than other machine learning 
models. Its ability to generalize well on unseen data resulted in low-
er error values and higher prediction accuracy compared to other 
machine learning models. 

The result shows good alignment with literature. In the present 
study, RF has outperformed the baseline LR model. A similar kind 
of dominance is also reported in many recent studies [19,23,24,31]. 
Recent literature has already confirmed that the ensemble-based 
learning approach of RF picks the non-linearity in the data more 
effectively than other single learner models, and current research 
agrees with it. In the present study, RF has also outperformed SVR, 
which was also reported recently by Bouakkaz et al. [19]. One of 
the important studies by Tandon et al. [23] has reported a 19.47% 
improvement in performance with RF. In comparison, the current 
study has reported a 26.17% improvement. In the study by Idogho 
et al [22]. The best performing model, k-NN, has reported R2 score 
of 0.95, while in the current study, the k-NN model has achieved R2 
score of 0.98, which is 3.15% greater. A study by Tripathi et al. [28] 
proved that the SVR model has achieved an R2 value of 0.99, while in 
the current study, it is 0.9710, which is lower. This discrepancy may 
be attributed to dataset characteristics, hyperparameter settings, 
kernel choice, and epsilon margin. In addition, this also underlines 
the fact that the prediction of PV energy is a challenging task and 
needs to be handled effectively in future studies.  

5. Limitation

The present research is focused on developing ML models that are 
trained, tested, and confirmed on a dataset that was obtained from 
a single-location installation facility. This may not generalize well 
with the other geographic regions. The data set lacks a few added 
factors, such as the orientation of the panel, shading effect, dust 
accumulation, maintenance practices, etc. This may also add some 
value to the prediction accuracy. The current study does not incor-
porate training temporal models, such as LSTM and other advanced 
deep learning approaches that can capture time-dependent complex 
non-linear patterns amongst the data points and autocorrelation 
structures. This may further improve the accuracy of prediction.

6. Conclusion 

The current study is focused on the comparative analysis of five re-
gression models that are developed to predict photovoltaic energy. 
Unlike many earlier studies that predict irradiation parameters, this 
research predicts photovoltaic energy based on the irradiation and 
environmental parameters. This study also addresses the identified 
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research gap of using a short-term dataset for model training by in-
corporating a long-term 25-year dataset of a rooftop PV plant found 
in Albany, Western Australia. The adopted dataset consists of 95950 
hourly instances in total, which imposes diverse climatic and sea-
sonal conditions during the training of the models. Five supervised 
regression models trained are Linear Regression, k-Nearest Neigh-
bor, Support Vector Regression, Decision Tree, and Random Forest. 
Performance metrics such as Mean Absolute Error, Mean-Squared 
Error, Root Mean-Squared Error, and Coefficient of Determination 
are calculated to assess the models. In addition, learning curve anal-
ysis and prediction error plots are employed to see the bias-variance 
characteristics and the behavior of the models in generalization. In 
the context of the prediction of photovoltaic energy, this study can 
be treated as a dependable approach. ML models are far better than 
the traditional numerical and statistical models. 

The comparative study shows that the ensemble method implement-
ed in the Random Forest model shows superior performance. But 
the Support Vector Regression and Linear Regression models show 
weak generalization. Compared to Support Vector Regression and 
Linear Regression, Random Forest has been able to reduce the Root 
Mean-Squared Error by approximately 27%. Prediction of Mean 
Absolute Error is 33% lower for Random Forest than Support Vec-
tor Regression and 42% lower compared to Linear Regression. The 
highest value of the Coefficient of Determination obtained for Ran-
dom Forest shows its superiority in prediction. k-Nearest Neighbor 
and Decision Tree models have also shown better performance 
than Support Vector Regression and Linear Regression, but do not 
generalize, in contrast to Random Forest. Both models have lower 
variance than Support Vector Regression and Linear Regression, but 
higher than Random Forest. 

From the correlation analysis, it is found that Direct Normal Irradi-
ance has the highest impact on the target variable compared to other 
input variables. It shows 98% positive strength of linear association 
with the target variable. The positive strength of linear association is 
69% and 20% for Global Horizontal Irradiance and Wet Bulb Tem-
perature, respectively. Diffused horizontal irradiance and Dew-point 
temperature show inverse strength of linear association of 29% and 
8%, respectively. This analysis may act as a foundation for PV system 
engineers and researchers to better plan their scheduling activities. 
It is advisable that close monitoring of the Direct Normal Irradiance 
will improve the efficiency of energy production. Forecasting the 
accuracy of Direct Normal Irradiance will help to solve the issues 
related to energy planning, delivery management, and grid stability. 
On the other hand, prediction accuracy also depends on environ-
mental factors. Overall, future research work should not consider 
irradiance parameters alone to improve prediction accuracy, but the 
combination of irradiance and environmental parameters.
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