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Predicting solar power production accurately is becoming more and more
crucial for efficient power management and the grid's integration of
renewable energy sources. Using data from an Australian photovoltaic (PV)
power station, this study employs a variety of machine learning (ML)
ensemble techniques, such as gradient boosting (GB), random forest (RF),
and extreme gradient boosting (XGBoost), to forecast solar power
production. ML models are developed utilizing pertinent information from
electricity and meteorological data in order to forecast solar power. The
predictive performance of trained ML models is verified in terms of metrics
like mean absolute error (MAE), root mean square error (RMSE), and
correlation coefficient (R%). With higher R? values and lower error results
(MAE and RMSE), XGBoost performs better than GB and RF. Optimizing
the hyperparameters of the XGBoost model significantly improves its
performance. The tweaked XGBoost model shows a significant
improvement in R? (more than 5% to 10%) and error results (reduced MAE
and RMSE by 0.01 to 0.06), when compared to other ensemble approaches.
Compared to other ensemble approaches, the tuned XGBoost methodology
is more robust and generates more accurate forecasts in solar power.
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1. INTRODUCTION

The integration of solar energy to power networks imposes challenges as a result of its fluctuation in
response to weather conditions, complicating the maintenance of a dependable power supply. Erroneous
predictions of solar power can cause operational difficulties, possibly resulting in grid instability and
financial detriment [1]. Accurate predictions are crucial for efficient spinning reserve management and power
supply control during contingency events, and exact estimates are necessary for solar energy to be sold
competitively in power markets. Consequently, forecasting solar power has become a significant difficulty in
the renewable energy sector due to the intermittent and weather-dependent nature of solar energy. Accurate
forecasting of solar power output is essential for efficient grid management, optimum resource allocation,

and successful energy trading [1]-[3].
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There are different methods that researchers have investigated to predict the generation of solar
power, including both statistical and machine learning-based approaches. A lot of statistical methods have
been used, such as linear regression, exponential smoothing, and autoregressive integrated moving average
(ARIMA) [4], [5]. The above methods are based on historical data and mathematical models to make
predictions; however, they can confront issues in capturing the intricate and nonlinear relationships that are
inherent in solar power generation. ML approaches, on the other hand, are effective for solar power
forecasting because they can capture complex patterns and non-linear connections in data from solar power
generation [6]. Research utilizing support vector machine (SVM) models [7], the k-nearest neighbors (KNN)
technique [8], and tree-based models, including random forest (RF) [9] and decision trees [10], exemplifies
the efficacy of machine learning methods for this issue. Recent decade-emerged deep learning (DL) models
that predict solar power. The advancement of DL has allowed for accurate problem-solving [11]. Compared
to statistical and ML methods, feedforward neural networks (FFNN), recurrent neural networks (RNN), and
long short-term memory (LSTM) models are increasingly used in photovoltaic (PV) power
predictions [12], [13]. Even though deep learning methods are more robust and have demonstrated enhanced
accuracy compared to traditional methods, they are only effective on large datasets and encounter challenges
with training complexity [14], [15]. Additionally, DL models are susceptible to overfitting, which can result
in inadequate generalization on unseen data if the appropriate regularization method is not implemented
during the model training process [3].

Furthermore, solar energy forecasting research increasingly emphasizes ensemble approaches over
individual machine learning techniques [16]-[18]. Antonanzas et al. [19] tested ensemble learning
approaches, including gradient boosting and AdaBoost, to predict solar power. They found that ensemble
models outperformed single models by minimizing biases and uncertainties. Ensemble approaches showed
promise for more accurate solar energy estimates. Using random forest, an ensemble learning technique,
numerous decision trees enhance prediction accuracy and handle high-dimensional data [20]. In addition,
LGBM and other gradient boosting algorithms use boosting techniques to improve model performance [21].
Ahmad et al. [10] forecasted short-term solar energy output using real radiation data and basic radiation
forecasts. The random forest predicting method was used to predict solar power in [22]. RF accuracy, extra
trees (ET), computational cost, and stability were examined for hourly PV generating output prediction. The
performance was compared to support vector regression (SVR). Model performance evaluation using RMSE,
MAE, and R? revealed that RF outperformed other models on both testing and training datasets. Furthermore,
a variety of algorithms, including AdaBoost [23], gradient boosting machine (GBM) [24], [25], extreme
gradient boosting machine (XGBM) [26], and light gradient boosting machine (LGBM) [27] also been
utilized for solar power predictions. Ensemble models that are based on boosting and bagging were examined
in order to forecast short-term solar irradiation in [28]. Likewise, multiple tree-based ensemble approaches
(DT, GBM, XGBM bagging, and RF) were employed to forecast solar energy, with performance confirmed
using MAE, RMSE, and RMSE metrics [29].

The literature clearly indicates that the traditional statistical methods, like ARIMA, provide only
rudimentary forecasting capabilities. Solar power generation involves complex and nonlinear interactions,
which can be difficult for statistical approaches to capture. On the other hand, DL-based methods offer
advanced capabilities, but they come with data requirements and interpretability problems. Combining
numerous learners into an ensemble model improves prediction accuracy and robustness compared to using a
single ML model. They are less likely to experience overfitting, work effectively with small to medium
datasets, and require less computational resources than deep learning. As a result, this study proposes
ensemble machine learning methods for predicting solar power generation. Among the models tested,
XGBoost outperforms gradient boosting and random forest in prediction accuracy. Furthermore, XGBoost's
hyperparameters are tuned to improve performance even more. The key contributions of this study are
summarized below:

— A predictive analysis is carried out to predict solar power generation using ensemble ML models (GBM,
RF, and XGBoost).

— After preprocessing the PV power generation data, the ensemble models are trained and evaluated for
their predictive performance in terms of metrics like MAE, RMSE, and Rz2.

— To get higher predictive accuracy, an improved XGBoost ensemble model is developed by tuning the
hyperparameters of the XGBoost model.

2. MATERIALS AND METHODS

In this study, the employed ensemble ML models (gradient boosting, random forest, and XGBoost)
are used to predict solar power generation using a dataset obtained from an Australian DKASC photovoltaic
power station [30]. With a temporal resolution of five minutes (288 samples daily and a total of 95281
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samples), the dataset comprises PV power (active power) and weather data (wind speed, temperature, global
horizontal radiation, wind direction, and air pressure) with periods ranging from 01-01-2024 to 30-11-2024.
Each experimental investigation is conducted within the Python (3.10) environment provided by the Google
Colaboratory (Colab) platform. The primary platform is Colab, which includes pre-installed Python libraries,
cloud storage, and free access to GPU and TPU resources. These resources are highly beneficial for the rapid
training and processing of ensemble ML models. Pre-exploratory data analysis (EDA) and fundamental tasks
are conducted on a personal computer (Intel® Core™ i5-1135G7 @ 2.40 GHz with 16 GB of RAM). This
section outlines the forecasting framework and machine learning pipeline for solar power forecasting. The
methodology is intended to guarantee reproducibility by providing explicit information on data
preprocessing, model architectures, and evaluation protocols. The workflow of the solar power prediction
process is shown in Figure 1.

-- Python 3.10 -- Features Engineering
-- Google Colab Platform

-- Personal Computer

' DATA/MATERIALS | DATAPREPROCESSING | MLMODELSTRAINING | PERFORMANCE |
i : : | EVALUATION |

1
! DATASET i i ! !
H PV Power Generation i -- Data Cleaning i -- Gradient Boost d -- MAE H
H }>:> -- Features Correlation |';> -- Random Forest -- RMSE !
1 | SOFTWARE/MATERIALS -- Normalisation --XGBoost - R? !
l :
! 1
! I
! 1
1 1
! 1

Figure 1. Workflow of solar power prediction

2.1. Data preprocessing

During the data cleaning phase, missing values in the dataset, such as null values, can be filled in
using an appropriate imputation standard, such as mean, interpolation, or regression. Next, a range of outliers
is then computed using the interquartile range (IQR) and scoped out to finally take the cleaned dataset, which
is then used to train the ML model. After the data is cleaned, modelling and scaling are carried out through
Min-Max scaling so that all features can be in the same range before the training of the model. Furthermore,
Python's correlation analysis has been conducted using a heatmap visualization tool from the Seaborn library.
It generates a correlation matrix that helps to find patterns among variables linked to patterns. The correlation
heatmap in Figure 2 shows quite high connections between solar power production (Active Power) and
worldwide horizontal radiation (including pyranometer), temperature, and wind speed. On the other hand, air
pressure and wind direction have hardly any relationship with electricity production. In the end, the less
closely connected variables are eliminated; the other variables are kept as the key ones used in training the
ML model. While carrying out feature engineering, the most essential weather-based feature columns and the
time-based feature columns (day, month, and year) are changed and updated appropriately as per the
requirements. ML models have been shown to improve their solar power forecasting skills with feature
selection. Enhanced solar forecasting will lead to better planning and energy management.

2.2. Ensemble ML models

This research investigates several ensemble methods including gradient boosting, XGBoost, and
random forest techniques, in predicting the solar power output based on the dependent meteorological
variables and the previous performance measurements. Every one of these ensemble methods seeks to utilize
the benefits within various models in order to enhance forecasting capabilities and to minimize overfitting
and therefore provide better forecasts across various environmental settings.

2.2.1. Gradient boosting (GB)

Gradient boosting, also referred to as GB, is a supervised machine learning technique, in particular,
one of the ensemble methods. Sequential models are built in this approach, and each new model attempts to
correct the errors in prior models. For regression tasks, the GB technique works best as it reduces the loss
function using a gradient descent technique. Baskets of models may be used, focusing on the residuals from
the previous models to identify more complex structures. This approach also proved effective in managing
non-linear relationships and therefore improves the accuracy of solar power forecasting models, as has been
shown in research. GB can be mathematically formulated as in (1) [31], [32].
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Yp=Fo(¥) =2X(f _tac (%)) @

Where Yp = prediction output, Fo(x) = overall prediction, f_ig(X) = function of the individual decision tree
model, and (x) = input features. Each learner fitted to the composite learner’s output, during the model
training procedure is trained to the negative gradient of the loss in relation to the output. Over time, this
process improves the model by shifting biases and recessing intricate features in the provided data set.
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Figure 2. Correlation matrix

2.2.2. Extreme gradient boosting (XGBoost)

XGBoost is a superset of basic gradient boosting: it adds regularization methods in order to prevent
overfitting. The algorithm uses multi-threading in order to speed up calculations without losing the quality of
the predictions. Due to its efficiency and robustness, XGBoost is widely used within machine learning
contests and in real-world applications such as forecasting of solar energy production [3], [33]. The
mathematical expression of the functionality of XGBoost is given in (2).

Ypt=Ypt-1 T 1 Yt Fie () 2

Where y,,.= predicted output at iteration t, y,._, = prediction at last iteration, n = factor of learning rate,
F;; (x)= decision tree function fitted to the residuals. Gradient boosting works well for predicting solar power
because it can handle complicated data relationships, especially ones with non-linear trends and traits that
interact with each other [34].

2.2.3. Random forest (RF)

Random forest is a powerful ensemble approach that creates many decision trees during the training
phase and predicts the mean for regression issues. Random forest significantly reduces volatility and
improves overall model stability by combining predictions from many trees. Its ability to accommodate large
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datasets with high dimensionality makes it particularly suitable for solar power forecasting, where several
environmental factors influence output [35]. The random forest prediction formula may be represented as (3).

Vor= 1 Zk=1 T (%) 3)

Where y,,.= predicted output for the input features (x), k = total number of decision trees, T, (x)= prediction
of k" decision tree. This approach mitigates variation by averaging estimates from several trees, making it
resilient to overfitting and efficient for forecasting solar energy production based on diverse climatic
variables [33], [36].

2.3. ML model training and evaluation metrics

During the training phase, the chosen ML model gets exposed to historical time series data. The data
set is divided into training and testing sets to facilitate model training and assessment. The time series dataset
is divided in such a manner that temporal order is preserved before training. In this study, the training and
testing datasets are divided as follows: training set (80% data from 01-01-2024 to 25-09-2024) and testing set
(20% data from 26-09-2024 to 30-11-2024). The training set is used to train the machine learning model,
allowing it to recognize patterns and correlations between input features (weather-related variables) and the
target variable (PV active power).

The trained model is assessed for performance using the testing data. Common assessment measures
include mean absolute error (MAE), root mean square error (RMSE), and correlation coefficient (R?). These
measures reveal the model's strengths and shortcomings by contrasting its predicted results with actual data
[32]. The definition of performance metrics and their mathematical expressions are given as (4) [32], [37].

MAE :% f:l'ypi'xai| (4)

Where k = total number of observations, y,; = predicted value y, at observation i, X, = actual value X, at
observation i.

RMSE = [ 2, (i~ Xa1)? )
2-1_55R
RP=1-— (6)

Where SSR = sum of squares of residuals, ¥¥_, (yq;- yzm.)2 (Y, = actual values and y; = predicted values)
and SST = sum of squares Total, ¥, (y4i- yM)2 (y, = actual values and y,, = mean of the actual values).

3. RESULTS AND DISCUSSION

The solar power generation was predicted in this work using a variety of ensemble ML approaches,
including GB, RF, and XGBoost. The ML models were trained using the dataset's [30] power and weather-
related attributes. Figure 3 shows the average distribution of solar power over the days (specific month) and
over the months.

In Python, the Scikit-learn library is commonly used to implement ensemble algorithms. The Scikit-
learn toolkit in Python is often used to develop ensemble methods. The default parameters for GB (learning
rate = 0.1, estimators = 100, subsample = 1, max depth = 3), RF (estimators = 100, min samples split = 2,
min samples leaf = 1), and XGBoot (learning rate = 0.3, estimators = 100, max depth = 6, min child weight =
1) were utilized during the training of the algorithms. The efficacy of ML models was assessed using
important metrics, including MAE, RMSE, and R2. The outcomes of the assessed measures are
shown in Table 1. The bar chart in Figure 4 clearly illustrates the comparative outcomes for MAE, RMSE,
and R2 across all approaches.

Table 1. Results of performance metrics
Ensemble models MAE RMSE R?
Gradient boosting (GB)  0.04629 0.10351 0.86257
Extreme GB (XGBoost) 0.03880 0.08160 0.91460
Random forest (RF) 0.04010 0.08860 0.89920
Tuned XGBoost 0.02830  0.05550  0.96060
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Figure 3. Solar power (average) distribution over days and months
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Figure 4. Comparative results of performance metrics
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The findings show that RF outperforms GB in terms of correlation coefficients (R?) and error results
(MAE and RMSE). XGBoost provides superior R? and error outcomes than GB and RF. The XGBoost
method performed better when the key hyperparameters were adjusted, such as the maximum depth (which
may range from 3 to 7), the learning rate (which can range from 0.01 to 0.2), and the estimator (which can
range from 50 to 150). With the tuned XGBoost model, a significant improvement in R2 (7% to 10% over
other ensembles) and error values (0.03 to 0.06 over other ensembles) was achieved.

Figure 5 depicts the relationship between actual and predicted active power, demonstrating that the
predicted power of tuned XGBoost was more linear with actual power than other approaches. Furthermore,
projected active power across a variety of time samples, as shown in Figure 6, clearly reveals that XGBoost
and tuned XGBoost have lower error and are closer to the actual power values than other approaches. The
overall findings show that the tuned XGBoost approach outperforms other ensemble algorithms in terms of
robustness and accuracy of solar power prediction.
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Random Forest

© XGBoost
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=== |deal Fit

0.8 1
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=4
o
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Figure 5. Actual versus predicted solar power

Furthermore, we conducted a comparative study between the tuned XGBoost predictive model and
existing predictive methods. According to the comparison, out of all the methods listed in Table 2, the
suggested tuned XGBoost model attained the highest prediction accuracy (R2 = 0.960). Advanced methods
like LSTM (0.938) and LightGBM (0.940) exhibit superior performance, whereas conventional models like
linear regression (R? = 0.718) perform only moderately. The comparison clearly demonstrates that the
proposed tuned XGBoost model offers superior performance and is more reliable for predicting the solar
power of the given dataset. The overall findings of this study clearly show that the tuned XGBoost approach
outperforms other ensemble algorithms in terms of robustness and accuracy of solar power prediction.

Table 2. Comparative (R?) results between the tuned XGBoost model and the existing literature

Reference Predictive method R?
[4] Linear regression 0.718
[10] Extremely randomized trees 0.927
[11] LSTM 0.938
[17] Light gradient boosting machine 0.940
[38] Hybrid (CNN+LSTM) 0.845

Proposed  Tuned XGBoost 0.960
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4. CONCLUSIONS

In this study, a variety of ensemble techniques, including GB, RF, XGBoost, and optimally tuned
XGBoost, were implemented to predict solar power. For the solar power forecasting, the dataset from the PV
power facility in Australia was taken into account. The active power of solar PV was predicted by training
the ensemble models with the appropriate features. The performance metrics MAE, RMSE, and R? were used
to verify the predictive capabilities of ML ensemble approaches. In terms of correlation coefficient results
(R?) and error measurements (MAE and RMSE), the XGBoost model exhibits superior performance among
ensemble approaches. By tuning the important hyperparameters, the performance of the XGBoost model was
enhanced. Regarding performance assessments, the tuned XGBoost model presents better performance and
forecasts solar power more precisely than other ensemble methods. It is shown that the tuned XGBoost
model is more resilient and competent to provide possible contributions for the efficient power management
and integration of solar energy into the power system.
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