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Abstract

The rising integration of renewables into modern energy grids, optimising operational management and
reliability in Automated Multi-Source Power Generation Systems (AMPGS), is critical for grid stability.
Models of AMPGS currently available are mostly not validated with statistical testing and do not provide
accurate prediction tools for operation. This paper represents statistical validation and machine learning
predictive modelling of an AMPGS. Two data set consist of 1000 experimental and simulated observations
were analysed using six (6) variables, which include Solar Power Current (SPC), Battery Level (BL),
Temperature (Temp), Irradiance (Ir), Response Time (RT) and Solar Power Generation (SPG).
Kolmogorov-Smirnov (KS) test, t-test, histogram comparison and correlation test were considered for
statistical analysis. Eight (8) machine learning algorithms: Artificial Neural Network (ANN), Random
Forest (RF), Extra Trees, Gradient Boosting (GB), AdaBoost, Decision Tree, K-Nearest Neighbour (kNN)
and XGBoost were trained using 80:20 training-to-testing split. These machine learning algorithms were
evaluated by prediction accuracy values such as Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Coefficient of
Determination (R?). The KS test results were given by statistics as 0.045 and a p-value of 0.1383. The p-
value from the t-test was 0.3329, proving no significant differences between experimental and simulation
data. The Extra Trees machine learning algorithm yielded the best results with R’ of 0.993 for the
experimental and simulation datasets. The results show that the developed AMPGS simulation is able to
replicate the measured SPG behaviour with good statistical agreement and that Extra Trees is an accurate
data-driven model for SPG prediction.

Keywords: Hybrid Energy System, Machine Learning, Extra Trees Algorithm, Statistical Validation,
Renewable Energy Management.

Introduction

The growing concern on the need for reliable, environmentally friendly and sustainable energy around the
world, especially due to its reduced impact on human health and the atmosphere, has led the global market
to step towards the adoption of renewable energy technologies (Schleifer et al., 2023). Solar Photovoltaic
(PV) power systems (one of the solar energy technologies) have therefore gained special attention given
the widely available and lean the Sun's energy, coupled with decreasing costs of solar photovoltaic
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installations (Onawumi et al., 2022). However, with many positive points, the variability and intermittent
characteristics of electricity generation from solar systems still pose difficulties in maintaining the reliability
and efficiency of power supply, stable grid operation and suitable load matching (Adeyinka et al., 2024).
Therefore, the new hybrid energy solutions, which are the combinations between solar PV and energy
storage systems, utility grid and back-up generator, emerged as essential alternatives to smart power
generation systems to enhance their operational flexibility, robustness and energy dependability (Rajendran
et al., 2025).

Automated Multi-source Power Generating system (AMPGS) generally involves various sources of
generation and intelligent control schemes which ensure the continuous power supply at comparatively
cheaper operating cost and minimum environmental pollution. These systems employ various sources on
demand depending on the various resource availability, load demand and the state of charge of the battery
(Akinrinade et al., 2026a). The use of renewable sources with conventional sources makes the system
resilient, as well as maintaining the sustainability of the world. In a recent study, a hybrid
solar/battery/generator system showed better energy utilisation and less dependency on conventional fuel,
with less disturbance on supply reliability (Ijeoma et al., 2024). Nevertheless, the modelling and simulation
of AMPGS design and usage require proper characterisation and validation such that the simulation results
may be truly representative of the operational system in conditions similar to those of the real system
(Ambelu et al, 2025). In the simulation of AMPGS, the commonly used tools are MATLAB/Simulink for
the assessment of control operation of AMPGS, prediction of operation, and estimation of dynamic
response. So, statistical validation is still necessary for checking the accuracy, effectiveness and practicality
of the simulation outputs (Golestan et al., 2024). Histogram comparison, correlation analysis, the
Kolmogorov-Smirnov (KS) test, and hypothesis testing are generally used in the comparison of the
experimental and simulated data sets (Mundu et al., 2024).

Over the last decade, Machine Learning (ML) technology has been widely used for intelligent energy
management and forecasting. ML can also describe nonlinear correlations between multiple variables in
energy systems to predict output accurately and outperform the analytic method in these aspects
(Akinrinade et al., 2026b). This has already been applied to ML in renewable energy management to
successfully forecast power generation, energy load, and system output in various ambient situations. The
performance of ensemble learning methods includes Extra Trees, Random Forest (RF), Gradient Boosting
(GB) and XGBoost because of their robust model structure, resistance to overfitting, capability for complex
nonlinear inter-variable relations, and high prediction accuracy (Banik and Biswa, 2024). Although there
is abundant literature on prediction or hybrid models, none of them combines the rigorous statistical
verification of simulation with a comparative study between multi-machine learning algorithms in a multi-
source power generation automated system. Hence, the study combined validation and prediction that
greatly benefit the enhancement of the reliability and smartness of the hybrid energy generation system.

This work, therefore, offers an end-to-end statistical validation and a machine learning-based prediction
methodology for solar power forecasting in an AMPGS. The experimental and simulated datasets were
validated with standard statistical measures, and eight machine learning methods were used and compared
to ascertain which machine learning model offers the highest prediction capabilities. The results of this
study provide a thorough foundation for hybrid energy system simulations and enhance intelligent
forecasting in energy management.

Materials and Methods

Data acquisition and preprocessing

Data set of 1000 observations from the experimental system as shown in Figure 1 were utilised while
simulated data were produced from the MATLAB/Simulink models of the developed AMPGS including
the solar, grid, generator, battery storage and load management strategies was supplied with experimentally
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measured inputs including Solar Panel Current (SPC), Battery Level (BL), Irradiance (Ir), Temperature
(Temp), Response Time (RT), and Solar Power Generation (SPG) under the same operational conditions
as the physical system. The model outputs, SPC, BL, Temp, Ir, RT, and SPG, were produced for 1000
observations and exported for statistical validation against the corresponding experimental dataset. The
corresponding simulated data generated from the validated model were used for the purpose of statistical
validation. Statistical validation of the designed system involved distribution comparison, the KS-test,
correlation analysis and t-test to check the congruency between the experimental and simulation data.
Analyses were performed to investigate whether there was any significant difference between the two data
sets. Models based on ensemble methods were used for prediction accuracy. The procedural steps for the
statistical validation are demonstrated in Figure 2.

Figure 1: Experimental setup
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Statistical validation of datasets

Statistical validation was performed to assess the similarity between the experimental and simulated
datasets using distribution analysis and hypothesis testing techniques. This ensured that the simulated data
reliably represent the behaviour of the real hybrid energy.

Distribution similarity analysis

This section deals with the approaches used for quantitatively comparing the experimental and simulated
datasets using both visual and statistical methods to ensure consistency, reliability, and accurate comparison
of distribution characteristics. The parameters used are histogram comparison, the KS-test and correlation.

Histogram comparison

Histogram plots were used as a graphical comparison tool in order to see the shape of the distribution
between experimental and simulated data. The two datasets are plotted on two individual histograms, and
the comparison of these datasets within the same graphical space was made based on the overall shape of
the distribution, spread of data and location of the data in order to make the first comparison between the
two datasets and check if these values match.

KS- test
The test was applied to quantitatively evaluate the similarity between the distributions of the two datasets.
The KS statistic D is expressed by Equation 1 (Tanguep and Njomen, 2021).

S
Dy, = Zp
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Where D,, ,,, is the two-sample Kolmogorov—Smirnov (KS) statistic, 7 and m are the sample sizes of the
two datasets, X; and Y]- are the observations, and I(.) is the indicator function, and x is the evaluation point.

The KS statistic represents the maximum absolute difference between the two empirical cumulative
distribution functions.

Correlation Analysis
The relationship between input and output variables was evaluated using Pearson correlation as presented
in Equation 2. This identifies dominant parameters influencing solar power generation (Memic¢ et al., 2024).

I €7 V7)) )
S5 s l09)

Where x;, y; are individual data points in the sample, X, y is the mean (average) of all x values and all y
values.

Hypothesis Testing

Statistical hypothesis testing was conducted using the independent t-test to further validate dataset similarity
by assessing whether there is a statistically significant difference between the mean values of the
experimental and simulated datasets. The hypotheses are defined as:

H, is no significant difference between datasets, H; is a significant difference in the datasets. An
independent t-test was applied using Equation 3 (Brahim et al., 2025)
X1—Xp (3)
512 552
)
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Where Xxq,x, are the sample means (averages) for groups 1 and 2, 512, S 22 are the sample variances for each
group. They measure how spread out the data points are, 14, 11, are the sample sizes in each group. The
decision rule is that when P > 0.05, i.e., accept H,

Machine learning model development

The machine learning analysis was implemented using Python in Google Colab. Eight regression models
were developed and evaluated for predicting SPG. These models include Artificial Neural Network (ANN),
RF, Extra Trees, Boosting, AdaBoost, Decision Tree, K-Nearest Neighbour (kNN), and Extreme Gradient
Boosting (XGBoost). In accordance with Al-Dahidi et al. (2024), the algorithms listed above were chosen
because their capabilities have been shown to excel when it comes to simulating nonlinear relationships,
utilising the characteristic properties of engineering datasets and delivering trustworthy predictions for the
purpose of power forecasting in renewable energies. The chosen algorithms exemplify several different
Machine Learning methodologies. Tree-based ensemble algorithms (RF, Extra Tree, GB, XGBoost) are
best utilised for learning highly non-linear relations and reducing high variances by combining estimates.
The ANN is chosen for its ability to learn complex relationships, although it generally relies on large dataset
sizes. KNN presents an easy instance-based learning method that considers nearby local data and a Decision
Tree, for its ease of interpretation and usage as a benchmark model.

Training and testing procedure

Training on the original dataset — 80% training, 20% testing, respectively. The models which were created
were tested using 80% of the original datasets for machine learning algorithms (training set), while 20%
were held out from usage (test set) for purposes of evaluation. An 80:20 split, a split that should lead to a
functional model learning as well as effective performance evaluation on data that the algorithms would
likely never see during training, hence no overfitting.

Hyperparameter tuning and model configuration

Before the final model training phase, all selected machine learning algorithms, namely ANN, RF, Extra
Trees, GB, AdaBoost, Decision Tree, kNN, and XGBoost, were subjected to a systematic hyperparameter
tuning procedure. This process was undertaken to minimise prediction error and improve model
generalisation in regression tasks and mitigate the risk of overfitting, particularly given the moderate dataset
size of approximately 1000 observations. Hyperparameters are a predefined set of configuration settings
that are not learnt by the machine learning model but control the learning process. They need to be chosen
carefully since poor values can lead to underfitting or overfitting. Hyperparameter optimisation was
performed in this study using the grid search cross-validation method, which tests a grid of hyperparameter
value combinations and looks for the best using cross-validation. Given that this study involves a regression
task, model evaluation during tuning was conducted using standard regression performance metrics,
including Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE) and the Coefficient of Determination (R?). These performance
metrics give good insight into how accurately a prediction can be made and how much explanatory power
the model possesses. Tuning of the model was performed in accordance with the nature of the algorithm;
the hyperparameters are adequate considering the model architecture and dataset size. The chosen optimised
hyperparameter settings, with Python libraries (Scikit-learn and XGBoost), are summarised as follows:

ANN was built using a Multilayer Perceptron Regressor. Hyperparameters such as hidden layer sizes (100,

50), ReLU activation, learning rate (0.001) and maximum iterations (1000) were trialled and optimised to
maximise the ANN's ability to learn non-linearly, generalise, converge and predict accurately.
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RF: The RF was set to the following combination of hyperparameters: n_estimators=200, max_depth=20,
min_samples_split=2. The values of these parameters were selected by grid-search cross-validation,
comparing different parameters by how well they predicted the validation dataset. The chosen set of
parameter values provided a balance between prediction accuracy and generalisation ability, while reducing
the model variance and overfitting.

Extra Trees: The Extra Trees Regressor(ET) model with parameters n_estimators=300, max_depth=15,
and min_samples_split=2. With n_estimators=300, the number of trees is higher, so the randomness
involved is larger, which increases the generality of the model. A max depth of 15 limits the complexity of
the tree and should be suitable for the size of the data.

GB: The GBRegressor model was used and tuned with n_estimators = 200, learning rate = 0.05 and
max_depth = 4 in order to perform gradual learning and reduce overfitting.

AdaBoost: The AdaBoost model was trained using the AdaBoostRegressor algorithm with parameters set
to n_estimators=200 and learning rate=0.1 to perform iterative correction to the predictions of weak
learners.

Decision Tree: The model (DecisionTreeRegressor) is set with max_ depth=10 and min_samples_split=2.
The depth constraint prevents overfitting, limiting the tree's growth while enabling the model to learn non-
linear patterns in the data. The model is a simple and interpretable benchmark.

kNN: For the KNN model (K-Neighbours Regressor), the hyperparameter n_neighbors was set to 5. This
quite small neighbour size allows the model to capture local behaviour in the data, and given the dataset
size of 1000 samples, this value provides a reasonable amount of tuning for the model.

XGBoost: For this model (XGBoostRegressor), n_estimators=300, learning rate=0.05, and max_depth=6
were used to optimise the predictions by making GB with regularisation more capable in terms of
performance. The low learning rate and medium depth made it possible to avoid any overfitting; the number
of estimators makes the model capable of learning more data, and hence reduces the error.

Following the well-defined hyperparameter optimisation, optimal values were obtained for each parameter
of the respective models, which are used in the further stage of training the models. The balance of model
complexity to dataset size helps to find the model that has less bias and variance, and it will provide accurate
predictions in the case of predicting continuous values, which results in robust predictions as shown in
Table 1.

Table 1: Optimised hyperparameters
Model Hyperparameters
Hidden layers=(100,50), activation="relu', learning_rate init = 0.001,

ANN max_iter=1000

RF n_estimators=200, max_depth=20, min_samples_split=2
Extra Trees n_estimators=300, max_depth=15, min_samples_split=2
GB n_estimators=200, learning_rate=0.05, max_depth=4
AdaBoost n_estimators=200, learning_rate=0.1

Decision Tree max_depth=10, min_samples_split=2

kNN n_neighbors=5

XGBoost n_estimators=300, learning rate=0.05, max_depth=6

Comparative model assessment
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The prediction abilities of the developed ML models were compared based on experimental and simulation
data by evaluating their predictive performance using statistical performance metrics (MSE, RMSE, MAE,
MAPE and R?) to find the best model which has prediction accuracy, lower error, and good generalisation
ability. The best model was chosen according to its accuracy, reliability and consistency in system
prediction.

Error analysis

To further analyse the predictive capability and dependability of the machine learning models generated,
residuals were analysed, and error analysis was carried out. Residuals are calculated as the actual value
minus the predicted value, and a plot of residuals was generated to evaluate the distribution of the prediction
errors across the observations. A randomly scattered plot of residuals around the zero point would suggest
that the model has no bias and that the data are appropriately fitting the trend line. An error distribution
histogram was plotted to investigate the distribution and frequency of the errors.

Results and Discussion

Validation of the Experimental and Simulation Results

Figure 2 shows the distributions of SPG for both experimental (blue) and simulated (orange) data. Both
distributions are approximately normal (bell-shaped) with a similar shape. The experimental data is
concentrated and centred about 150, with the values mostly ranging from 140-165, with low variance. The
simulated data is more dispersed toward the higher values up to about 200, implying high variance. Both
distributions have strong overlap, showing similar trends, with simulated data being slightly shifted to the
right, predicting higher SPG values.

Experimental

19 Simulated

80

60
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20 A
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Figure 2: Distribution comparison between the experimental and simulated SPG data

KS-test results

The KS test was employed to assess the similarity between the original dataset and the generated dataset.
The test produced a KS statistic of 0.045 and a p-value of 0.1383, as shown in Table 2. The KS statistic,
which is the maximum difference between the cumulative distribution functions of the two datasets, is
relatively small, which demonstrates the similarity between the two distributional structures, but
importantly, the p-value exceeds 0.05, the typical significance value for rejecting a null hypothesis, which
in this context would mean that there is no statistically significant difference between the two. This thus
verifies that the generated data successfully captures the statistical properties of the original dataset, such
as its distribution and volatility and thus demonstrates the confidence of the data reproduction method and
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the validity of the synthetic dataset as statistically similar to the original, and as such is capable of use within
the current system performance model and predictive model construction for this study.

Table 2: KS-test results

Test Value
KS-statistics 0.045
p-value 0.1383

Correlation analysis results

Figure 3(a) presents the heatmaps showing the correlation between the major system parameters (SPC, BL,
Temp, Ir, RT, SPG) for experimental and simulated datasets. It can be observed that SPC shows a positive
correlation to SPG, BL and Ir (r=0.61), (r=0.073), and (r=0.055), emphasising irradiance as the major
influence on photovoltaic energy generation. These findings are in accordance with Al-Dahidi et al. (2024)
and Ndiaye ef al. (2025), who claim that irradiance is the leading parameter that influences both PV energy
yield and the current produced. BL(r=0.76) and SPC(r=0.61) were also highly positively correlated with
SPG, which means battery level and current generated will also influence the overall system (Bamisile et
al., 2025). On the contrary, the relationship between SPG and temperature is weakly negatively correlated
(r=-0.15) due to the negative influence of temperature on the overall efficiency of PV at high-temperature
operating points.

As depicted in Figure 3(b), the simulated dataset reflected correlation profiles that were very similar to the
experimental dataset; BL had the highest positive correlation with SPG (1=0.70), followed by SPC (1=0.54).
Temp, Ir and RT had weak inverse correlations with SPG, with correlation coefficients of -0.10, -0.14 and
-0.09, respectively. Similar correlation profiles for the experimental and simulated data suggest that the
MATLAB/Simulink model can recreate the relationships between the major variables of the system and
solar power generation, thus validating the developed simulation model.
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Figure 3: (a) Experimental data correlation (b) Simulated data correlation

Hypothesis test results
A sample t-test was conducted to validate the similarity between the datasets as represented in Table 3. The
t-test produced a t-statistic of 0.0001 and a p-value of 0.332934, which is significantly greater than 0.05.

87



Akinrinade et al., - Statistical Validation and Machine Learning Prediction of Solar Power Generation in a Developed
Automated Multi-Source Power Generation System

This indicates that there is no statistically significant difference between the mean SPG values of the
experimental and simulated datasets. Both the KS test and t-test results consistently support the acceptance
of the null hypothesis, confirming that the simulated data is statistically indistinguishable from the
experimental data in terms of distribution and mean values.

Table 3: Hypothesis results

T-test Value
t-statistics 0.0001
p-value: 0.332934

Comparative analysis of experimental and simulated results

Table 4 presents the performance evaluation of eight machine learning models developed using both
experimental and simulated datasets. The results indicate that ensemble learning algorithms generally
outperform other models in predicting system response. Among all models, the Extra Trees algorithm
achieved the highest prediction accuracy, with an R? value of 0.993 for both datasets and the lowest error
metrics. The experimental MSE, RMSE, MAE, MAPE and R? were 1.041, 1.020, 0.476, 0.324% and 0.993,
respectively. However, the MSE, RMSE, MAE, MAPE and R? of the simulation were calculated as 1.627,
1.276, 0.297, 0.198% and 0.993, respectively. Thus, it can be inferred that the developed model performed
extremely well in replicating the nonlinear relation between output and the input parameters in the
developed system. The enhanced prediction accuracy of Extra Trees was explained by its ensemble structure
with a large degree of randomness introduced into feature selection and split determination while
constructing trees, leading to low model variance, no overfitting and better model generalisation
performance for the prediction of unseen data. This similar behaviour was also reported in previous studies,
with Extra Trees outperforming standard machine learning approaches for regression due to the robustness
of the model and its capability to represent engineering systems (Galelli and Castelletti, 2013; Campagner
et al., 2023). In addition, XGBoost and Random Forest achieved good prediction accuracy for both cases
(R? > 0.98) with a small number of errors, which implies good reliability of the model. The GB model
performed well, especially for simulated data (R> = 0.989).

In contrast, ANN showed a lower value of prediction accuracy with R? values of 0.652 and 0.689 and a
higher error of MSE with 55.214 and 67.721 for the experiment and simulation datasets, respectively. The
relatively inferior ANN prediction can also be attributed to the limited data used and its sensitivity to
hyperparameters. Neural networks require a sufficient amount of data to efficiently learn the relationships
between independent and dependent variables in order to make adequate predictions without underfitting
or overfitting.

Table 4: Evaluation Metrics on Experimental and Simulated Datasets

Model Experimental Simulated

MSE RMSE MAE MAPE R? MSE RMSE MAE MAPE R?
ANN 55214 7.431 5.104  3.103 0.652 67.721  8.229 5952  3.875 0.689
RF 2.185 1.478 1.017  0.685 0.984  3.308 1.819 0.700  0.455 0.985

Extra Trees 1.041 1.020 0.476 0.324 0.993 1.627 1.276 0.297 0.198 0.993
Gradient 5.596 2.366 1.790 1.207 0960 2.321 1.524 0.793 0.523 0.989
Boost

AdaBoost 11.777 3432 2917 1.966 0915 10.371 3.220 2.498 1.667 0.952
Decision 3.727 1.930 0.725 0.496 0.973 6.736 2.595 0.723 0.469 0.969
Tree

kNN 12.412 3.523 2.792 1.896 0911 6.078 2.465 1.646 1.077 0.972
XGBoost 1.356 1.164 0.605 0.413 0.990 2.889 1.700 0.455 0.300 0.987

Performance assessment of the extra trees model
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Figure 4 shows the validation plot comparing the predicted SPG values computed using the Extra Trees
machine learning technique with the measured SPG values taken from the AMPGS. The actual SPG values
are plotted on the horizontal axis, while the predicted SPG values are plotted on the vertical axis. The dotted
diagonal line is representative of perfect prediction, where the predicted value is equal to the actual value.
It is apparent from the plot that most of the data points are clustered closely to the ideal prediction line,
implying high agreement between the model and the system.

The R? of 0.993 reflects that about 99.3% of the variability in SPG can be attributed to the Extra Trees
model. This extremely high value suggests the very high accuracy, reliability and robustness of the proposed
model for predicting the generation power in AMPGS. The high correlation of validation points to the
reference line suggests that the prediction errors are very low and the generalisation of the model is very
good. The proposed model perfectly captures the complex nonlinear interactions of critical parameters such
as solar power available, battery SOC, generator running condition, load required and availability of the
grid. Therefore, the proposed prediction framework can support smart energy management, automatic
source switching and real-time supervision in AMPGS.

The generated outcome is in line with the result provided by Geurts et al. (2006) in their study, in which
they indicated that the use of the Extra Trees algorithm enhanced the prediction of accurate outcomes by
heavily randomised decision trees to lower variance, avoid over-fitting and maintain overall good
generalisation. Similarly, more recently, the reviews of renewable energy forecasting have listed ensemble
learning methods as useful instruments in accurate solar power and hybrid power generation prediction
(Rahimi et al., 2023). Moreover, from an engineering standpoint, this increased accuracy in the prediction
of SPG contributes to the reason behind a decision to equip the built AMPGS with the data logging
equipment and Machine Learning technologies, as the SPG predictions allow for early manipulation of
energy generated to optimise charging and discharging cycles for the battery and thus reduce the operating
time of the generator, contributing to a more reliable system. Thus, the result supported the use of Extra
Trees as a suitable predictive methodology for the smart operation of an AMPGS.
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Figure 4: Predicted versus actual SPG responses for the Extra Trees model

Analysis of error plot and error distribution results

Figure 5(a) shows the error plot, which displays the differences between predicted values and actual values
and highlights the prediction performance of the model. The observed residuals were randomly dispersed
and clustered around zero, a strong indicator that predictions generated by this model were almost always
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very close to their actual observed values and therefore had extremely strong predictive power for nearly
every observation. If a model is well fit according to statistical learning principles, typical observed
residuals are randomly dispersed around zero (James et al., 2013).

In spite of this pattern, some points exhibited relatively large residuals (ranging approximately between -4
and +5). Such points can indicate outlier or influential cases. These may occur as a result of measurement
noise, errors in the recorded data or weaknesses inherent in the selected statistical model. According to prior
studies, large residuals such as these are sometimes indicative that the model is unable to reveal some
intricate relationship (Feng et al., 2023). The absence of any structured patterns within the residual graph
is a justification of the assumption of independence and randomness, and therefore, of the model
performance. Figure 5(b) displays the histogram of prediction error frequencies. From the histogram, it was
observed that the majority of prediction errors are concentrated at or near zero residuals, implying that for
most observations the model delivered good predictions. However, the histogram also reveals that the
residuals are relatively widely dispersed, with a few errors spanning far into the tail region. These
observations are corroborated by the residual plot in Figure 5(a), where sporadic but noticeable positive
and negative residuals are readily visible (Gerber and Craig, 2024). With these residuals, it was concluded
that the Extra Trees model demonstrates significant predictive power but produces varying errors across
observations.

The distribution of the errors shows a broader distribution of residuals, with some observations
demonstrating relatively large errors of prediction. As shown in the residual plot, the positive and negative
values of residuals support the fact that the model both overpredicted and underpredicted the values of
power across various observations. However, given that there is no specific form of systematic pattern in
the residual plot, the Extra Trees model has demonstrated the ability to accurately model the dependent
variable. Therefore, the results of the residual plots appear satisfactory for the prediction model, which lines
up with the R? value of 0.993 to indicate excellent prediction.
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Figure 51: (a) Error plot, (b) Error distribution

Model Validation with Experimental Data
The model was therefore verified over three iterations to determine its prediction accuracy, validity and
range of applications. The performance was quantified using various statistical measures such as MSE,
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RMSE, MAE, MAPE and R? by comparing the predictions from the MATLAB/Simulink model with the
available experimental data sets. The Hypothesis test conducted gave a p-value of 0.138, indicating no
significant deviation between experimental and simulation datasets, while the KS test ensured the
distribution sameness. Statistical validation between the two datasets yielded an R? of 0.993, indicating
higher accuracy compared to the other models studied. However, the ANN model gave R? of 0.652 and
0.689 for the experimental and simulated datasets, respectively, which can be regarded as relatively poor
predictive accuracy compared with the other two models studied. As stated by Ogbonna et al. (2023), the
ANN model needs a larger dataset for its training to attain the desired level of performance. Therefore, the
relatively low accuracy observed may be attributed to the limited size of the training data.

These results validate the robustness of the AMPGS model in replicating real-world performance. Also, to
strengthen confidence in the model, results were compared with findings from published studies. Garces-
Palacios et al. (2024) reported that hybrid solar—diesel-battery systems achieved daily solar contributions
of 55-65%, which aligns with the AMPGS simulation results. Similarly, Aghenta and Igbal (2019)
highlighted that automated switching times in hybrid systems typically range between 2 and 5 seconds,
consistent with the switching response observed in this study. However, validation to the experimental and
simulated results in this study confirms that the developed MATLAB/Simulink model is robust, reliable,
and consistent with global research trends in multi-source renewable energy systems. The validation
approach ensures that the system can be confidently deployed for real-time energy management in practical
applications, fulfilling the study’s objectives of accuracy, reliability, and sustainability.

Conclusion

This study demonstrated a framework for statistical verification and a ML-based solar generation
forecasting for the AMPGS. The MATLAB/Simulink model simulation data were validated by comparing
them with the experimental data of the built AMPGS. Results for the validation of these datasets in terms
of histogram matching, the KS test, correlation analysis and t-test were also described. It was observed that
the KS test value was 0.045 and the p-value was 0.1383, whereas for the t-test, the p-value was 0.3329, and
no statistical differences were found between the two data sets, which also confirmed the simulation results.
ML modelling showed the superiority of a data-driven methodology for accurate forecasting in solar power
generation. Eight ML algorithms have been built and evaluated against appropriate validation criteria,
namely MSE, RMSE, MAE, MAPE, and R? values. The Extra Trees algorithm showed the superior
predictive ability among all the evaluated algorithms by reaching a maximum R? value of 0.993 on both
experimental and simulated datasets, while yielding minimum error metrics. This obtained good
generalisation ability and was proven by the residual plot and error distribution. Furthermore, correlation
analysis identified solar irradiance as the most influential factor affecting solar power generation, followed
by battery level and solar power current. Overall, the results confirm that the proposed validation and
prediction framework is robust, accurate, and suitable for intelligent energy management applications. The
developed approach can support real-time monitoring, predictive control, and optimal source switching in
hybrid renewable energy systems, thereby enhancing system reliability, efficiency, and sustainability.
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