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Abstract 

Accurate short-term solar power forecasting is essential for ensuring efficient operation, stability, and intelligent energy 
management in hybrid renewable energy systems. This study presents an Extreme Gradient Boosting (XGBoost)-based 
framework for short-term solar power forecasting using real-time experimental data acquired from the Heipang Hybrid 
Solar–Wind Test Rig, located in Heipang community, Barkin Ladi Local Government Area of Plateau State, Nigeria. The 
proposed model utilizes meteorological and operational variables, including solar irradiance, ambient temperature, 
relative humidity, wind speed, and historical photovoltaic power output, to predict short-term solar energy generation 
under dynamic environmental conditions. Data preprocessing techniques such as normalization, outlier filtering, and 
feature engineering were employed to improve model robustness and predictive capability. The XGBoost algorithm was 
optimized through hyperparameter tuning to effectively capture nonlinear relationships and complex interactions 
among weather-dependent variables influencing photovoltaic performance. Model evaluation was conducted using 
standard statistical performance metrics, including Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and 
coefficient of determination (R²). Experimental results demonstrated that the developed XGBoost model achieved high 
forecasting accuracy, fast computational performance, and strong generalization capability under fluctuating 
meteorological conditions. The findings indicate that gradient boosting techniques provide a reliable and scalable 
solution for real-time solar power forecasting and smart grid applications. This study contributes to the advancement 
of data-driven renewable energy forecasting approaches for sustainable hybrid energy system optimization and 
improved power dispatch planning in developing regions. 

Keywords: Short-term solar power forecasting; Extreme Gradient Boosting; Machine learning; Renewable energy 
forecasting; Hybrid solar–wind system; Photovoltaic power prediction 

1. Introduction

The negative impact of climate change on the globe due to the increase in the use of fossil fuels for energy generation 
necessitated the paradigm shift to clean energy generation systems [1]  such as solar and wind. Many countries have 
and some will develop policies for individual homes and investors to integrate their generated solar energy to the grid 
and other developing countries such as Nigeria may soon key into that. But solar energy generating systems depend on 
weather factors such as temperature, humidity and solar irradiance etc., which are unstable thereby making the energy 
generation unpredictable.  Feeding the varying solar energy generated to the grid will create serious problems since the 
grid is not designed to integrate large amount of varying solar power into it [2] also, as stated by [3] the randomness 
and uncertainty of the weather parameters that solar power depend upon could affect the stability of the power grid, 
when they are connected to the grid. In order to effectively control the excess power fed to the grid, utility will need to 
estimate the solar power to be added to the grid. If the solar power output connected to the grid can be predicted at any 

http://creativecommons.org/licenses/by/4.0/deed.en_US
https://www.wjaets.com/
https://doi.org/10.30574/wjaets.2026.20.1.0347
https://crossmark.crossref.org/dialog/?doi=10.30574/wjaets.2026.20.1.0347&domain=pdf


World Journal of Advanced Engineering Technology and Sciences, 2026, 20(01), 098–112 

99 

time, this will enable the utility maximize the use of the resources and maintain the stability of the grid. As stated by [4] 
that solar power prediction is very significant for efficient planning and management of the resources. The stability of 
grid can be achieved using power prediction techniques which helps utilities design controllers for a hybrid power plant 
[5]. Accurate solar performance prediction is essential for optimizing power production and reducing maintenance 
costs [6].  

Machine learning approaches have been increasingly used for the prediction of solar power output from a generation 
plant. Machine learning approach discovers the connections between input data and output data through some training 
processes that result to a machine-learning model. The forecasting input data can be fed into the well-trained machine 
learning model for predictions [7]. Thus, in this study, a prediction models for the solar power outputs for Heipang 
community were developed. XGBoost, a scalable tree-based ensemble technique is being used in developing complex 
and nonlinear correlation between meteorological data like wind speed, ambient temperature, solar radiation and 
relative humidity, and solar power output [8]. It has been popular for its precision, resilience, and speed in structured 
prediction tasks [9]. 

In this study, real-time data obtained from a hybrid solar-wind power test rig installed at Heipang Airport in Bakin-Ladi, 
Plateau State, Nigeria, was used to evaluate the performances of XGBoost model for short-term solar power forecasting. 
The geographic area of Heipang community gives a distinctive highland microclimate with diverse irradiance patterns, 
makes it a good site for investigating solar energy forecasting. A designed and calibrated multi-channeled datalogger 
with sensors integrated to the hybrid solar-wind power test rig records the power output and meteorological 
characteristics at precise time resolutions, thereby making it possible to create and assess data-driven forecasting 
models that are adapted to the local climatic conditions. 

This research is motivated by the tremendous increase in the use of solar photovoltaic (PV) systems for off-grid and 
grid-tied hybrid power as there is paradigm shift in the world's energy sector to clean and sustainable sources, 
especially in developing nations like Nigeria [10] Fluctuations of solar power generation dependent variables pose a 
challenge in the efficient distribution of power, energy storage management and system stability within the microgrids 
system. Also, as reported in [11], traditional statistical models such as persistence and ARIMA do not have the capacity 
to model the nonlinear and dynamic patterns in solar power outputs, particularly in areas with extremely changeable 
weather and little historical data. Even though [12], confirmed the proficiency of machine learning and deep learning 
model such as XGBoost in predicting solar power generation based on meteorological variables, not many researchers 
have examined the accuracy of these models by using real-world data collected from hybrid power plants in elevated 
regions of sub-Saharan Africa, including Heipang. The specific objectives of this research are to compile and preprocess 
real-time meteorological and solar power output data from the Heipang hybrid solar-wind power test rig. This includes 
variables such as temperature, wind speed, humidity, solar irradiance, and the solar PV system's voltage and current 
output; To design and implement XGBoost model for short-term solar power forecasts using the gathered multi-feature 
time-series data and MATLAB software; To evaluate the predictive performance of the XGBoost  model using standard 
performance metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Coefficient of 
Determination (R²); To analyze the computational efficiency, sensitivity and robustness the model under different 
weather scenarios, including clear sky, partially cloudy and overcast conditions common in the Heipang highland region. 
This research is significant as it addresses the gap in the development of XGBoost model for short-term solar power 
forecasting using real-time weather and power data from the hybrid solar-wind power test rig at Heipang. The use of 
local test rig in this study motivates contextualization and localization of machine learning models, which is essential 
for sub-Saharan African policy planning, microgrid optimization, and rural electrification projects [13]. Finally, 
researchers, utility managers, and designers of energy systems may use this model which may help and encourage the 
development of smart energy management systems and real-time forecasting dashboards for off-grid and grid-
connected solutions in Nigeria and elsewhere, thereby advancing human capital development in smart and artificial 
intelligence technology. 

2. Literature review 

Short-term forecasting of solar power generation with accuracy is now greatly better with the application of machine 
learning and deep learning techniques into renewable energy systems. This is especially significant for hybrid energy 
systems, such as the Heipang solar-wind power test rig, where energy dispatch and system stability may be affected by 
real-time weather variability [14]. A potent ensemble learning method, XGBoost, combines gradient boosting with 
decision tree-based models to give effective forecasting. Its great speed, accuracy, and adaptability have made it a 
popular choice for solar power prediction [15]. [16] achieved low error rates even in complicated datasets by using 
XGBoost optimized with Particle Swarm Optimization (PSO) to estimate short-term PV production. In a comparative 
analysis, Nguyen et al. (2025) demonstrated that XGBoost outperformed traditional regression models and shallow 
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neural networks in both hourly and sub-hourly forecasts. Additionally, [18] applied a fusion of XGBoost with LSTM and 
CNN in a hybrid solar-wind setup, reporting improved accuracy and model robustness under partly cloudy and overcast 
conditions. These findings emphasize XGBoost's suitability for structured data and its strong generalization 
performance in multi-feature environments. For the case of hybrid prediction models, recent studies increasingly favor 
hybrid and ensemble models to exploit the strengths of different algorithms. [19] conducted a comprehensive review 
of deep learning models and highlighted the advantages of combining LSTM with tree-based methods like Random 
Forest and XGBoost. Similarly, [20] introduced a CNN-LSTM-XGBoost model that achieved lower forecasting error under 
noisy and weather-variant datasets. Despite significant advancements in machine learning and deep learning models 
for renewable energy forecasting, several critical research gaps remain, particularly in the context of short-term solar 
power prediction using real-time data from hybrid solar-wind systems test rig in developing regions like Heipang, 
Nigeria. There is limited use of localized, real-time data in Sub-Saharan Africa as most solar forecasting models are 
developed using datasets from Europe, North America, or Asia, where weather stations and solar irradiance monitoring 
are well established [21]. However, models trained in temperate or subtropical regions may perform poorly in high-
altitude, tropical climates like Heipang, which experience rapid changes in solar irradiance, wind speed, and cloud 
dynamics. There is also a lack of forecasting studies using sensor-based real-time data from hybrid solar-wind test rigs 
in sub-Saharan Africa, limiting the application of global models in local settings [22]. There is an underexplored model 
performance under varying sky conditions. Most forecasting models report average performance over a long-time 
horizon but rarely account for performance variation under specific weather scenarios, such as clear-sky, partly cloudy, 
and overcast conditions [23]. Few studies assess the sensitivity and robustness of forecasting models across different 
sky conditions, which is vital for practical deployment in hybrid systems [24].  

3. Materials and methods 

3.1. Data Collection 

3.1.1. Design and installation of a hybrid solar-wind power system test rig 

A hybrid solar-wind power system test rig was designed and installed on the premises of the Nigerian Meteorological 
Agency (NIMET), within Yakubu Gowon Airport, Heipang, Plateau State, Nigeria, as shown in Fig. 1. This location’s high 
altitude of 1,200 m above sea level [25], variable irradiance and wind patterns offer an ideal testing ground for model 
validation. The system comprises a 300W monocrystalline photovoltaic panel with a charge controller, a 300W wind 
turbine rectifier, and 4 units of 12V, 100Ah battery capacity configured with 2 parallel and 2 in series connections to 
give 24V, 200Ah battery system. A load of 400 W was connected to the battery. Integrated into the test rig is an Encoder 
Controlled Multichannel (ECM) datalogger, which was designed, developed, calibrated and validated using standard 
instruments to record the ambient temperature, solar panel temperature, relative humidity, atmospheric pressure, 
solar panel current and voltage, and wind turbine current and voltage, whereas the wind cup anemometer records wind 
speed and the pyranometer records solar radiation.  

Item C shown in Fig. 1 is the pyranometer, which is a standard instrument bought to measure the solar radiation falling 
on the solar panel. As indicated in the operational manual [26], the pyranometer (or solar power meter model SPM 
1116SD) has a spectral response between 400 and 1100 nm and a solar power range between 0 W/m² and 2000 W/m² 
with a resolution of 0.1 W/m² and power accuracy of ±5% reading. It has an SD card capacity range of 1 GB to 16 GB 
and is powered by UM3/AA (1.5 V) x 6 batteries or a DC 9 V adapter. The pyranometer stores the logged data in the SD 
card in Excel format with file names SPM01001.XLS and SPM01002.XLS, which can be downloaded from the SD card 
and saved in the computer for analysis. It has a sampling time setting range of 1 to 3600 seconds. 

Similarly, the wind cup anemometer (model AM-4257SD), indicated in Fig. 1 as item B, was purchased to measure the 
wind speed at the standard meteorological wind speed measurement height of 10 m [27] in the location of the 
installation of the designed hybrid solar-wind power system. From the operational manual of the cup anemometer [28], 
it has a measurement range of 0 to 35 m/s with a resolution of 0.1 m/s and accuracy of ± (2%+0.2 m/s). The 
pyranometer and the wind cup anemometer were both synchronized to log their respective data the same time with the 
designed and constructed ECM datalogger at 1minute time interval. The ECM datalogger also has embedded in it a 
control system by means of relays and programme codes to engage and disengage the load from the system. 
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Figure 1 Installed Hybrid Solar-Wind Power System Test Rig 

3.1.2. Measured variables 

The data from the hybrid solar-wind power system test rig were continuously recorded at 1-minute intervals including 
solar irradiance (W/m²), module temperature (°C), ambient temperature (°C), wind speed (m/s), Relative humidity (%), 
PV system current (A), voltage (V), and the solar power output determined as the product of the PV system current and 
voltage. All sensors were calibrated per manufacturer specifications and validated; data were stored with time stamps 
and exported as CSV files for analysis. 

3.2. Data Preprocessing  

The data collected from the system were preprocessed. Missing values (< 1% of the dataset) were handled using linear 
interpolation for short gaps (<10 min) and seasonal mean substitution for larger gaps, following best practices in time-
series handling [29]. The interquartile range (IQR) method was used to detect and handle outliers in the dataset adopted 
from [30], given as Eq. 1. 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1             (1) 

Where, 𝑄1 (25th percentile): 25% of the data falls below this value, 𝑄3 (75th percentile): 75% of the data falls below 
this value. Values below the lower bound or above the upper bound are treated as outliers [30] as given by Eq. 2 and 3. 

Lower Bound = 𝑄1−1.5× 𝐼𝑄𝑅           (2) 

Upper Bound = 𝑄3+1.5× 𝐼𝑄𝑅           (3) 

All features were standardized (zero mean, unit variance) to aid model convergence, per guidelines in LSTM 
applications  [29]. 
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3.3. XGBoost Architecture 

XGBoots is an optimized distributed gradient boosting library designed to be highly efficient, flexible and portable. The 
XGBoots architecture is shown in Fig. 2.  It provides a parallel tree boosting that solve many data science problems in 
fast and accurate way. The XGBoost model predicts by combining the outputs of many decision trees trained 
sequentially, where each new tree corrects the residual errors of the previous ones using gradient and hessian 
information, while regularization terms control the complexity of the model to improve generalization [31]. The 
Mathematical representations of XGBoots as adopted from [32] are as follows: 

Overall prediction function: 

𝑦̂𝑖 = ∑ 𝑓𝑡
𝑀
𝑡=1 (𝑥𝑖)                        (4) 

Where, 𝑦̂𝑖 = predicted output for sample 𝑖; 𝑀 = total number of trees; 𝑓𝑡= decision tree added at iteration 𝑡. 

The Objective Function: 

XGBoost minimizes a regularized objective at each boosting step: 

ℒ(𝑡) = ∑ 𝑙𝑛
𝑖=1 (𝑦𝑖 , 𝑦̂𝑖

(𝑡−1) + 𝑓𝑡(𝑥𝑖)) + 𝛺(𝑓𝑡)                    (5) 

Where, 𝑥𝑖 feature vector of sample 𝑖; 𝑦𝑖 true label of sample 𝑖; l(): differentiable loss function (e.g. squared error, logistic 
loss); 𝛺(𝑓𝑡): regularization term that penalizes complex trees. 

Tree Structure: 

Each 𝑓𝑡 is a regression tree: 

𝑓𝑡(𝑥) = 𝑤𝑗𝑞(𝑥𝑖)                       (6) 

Where 𝑞(𝑥) index of the leaf where 𝑥𝑖 falls; 𝑤𝑗  weight/score of leaf 𝑗;  𝑡 number of leaves in the tree 

Gradient and Hessian (Optimization): 

To find the best tree, XGBoost uses a second-order Taylor expansion of the loss: 

ℒ(𝑡) ≈ ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)]
𝑛
𝑖=1 + 𝛺(𝑓𝑡)                    (7) 

𝑔𝑖 =
∂𝑙

∂𝑦̂𝑖
(𝑡−1) is the first-order gradient (error slope); ℎ𝑖 =

∂2𝑙

∂(𝑦̂𝑖
(𝑡−1)

)
2 is the second-order gradient (curvature). 
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Figure 2 General Architecture of XGBoots Algorithm [32] 

These values guide how the tree splits data and assigns weights. 

Regularization: 

To prevent over-fitting, XGBoost penalizes complex trees: 

𝛺(𝑓𝑡) = 𝛾𝑇 +
1

2
𝜆∑ 𝑤𝑗

2𝑇
𝑗=1                       (8) 

Where, 𝑇 = number of leaves; 𝑤𝑗  = weight (score) of leaf 𝑗; 𝛾= penalty for adding a leaf; 𝜆= L2 regularization on leaf 

weights 

3.4. Model Training & Evaluation 

3.4.1. Dataset partitioning 

The dataset was split into 70% for training, 15% for validation, 15% for testing (chronological split) [33] to ensure 
distribution of weather scenario labels across splits. 

3.4.2. Forecast horizon 

Accurate 1-minute (ultra-short-term) solar power forecasting is essential for real-time grid management and 
maximizing the integration of photovoltaic (PV) energy. The rapid variability of solar output, mainly due to cloud 
movement, makes this a technically challenging but increasingly important area of research. 1-minute forecasts are 
primarily used for real-time microgrid control, dispatch, and maximizing PV hosting capacity in off-grid and grid-
connected systems[34]. Models were trained for 1-minute ahead predictions.  

3.4.3. Performance metrics 

The performance of the prediction models was evaluated using MAE (Mean Absolute Error), RMSE (Root Mean Square 
Error), MAPE (Mean Absolute Percentage Error) and R² (Coefficient of Determination). Metrics computed for both 
global dataset and weather-conditioned subsets (clear, partly cloudy, overcast) [35]. 
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3.4.4. Sensitivity and robustness analysis of forecasting models under variable weather scenarios 

The performance of solar power forecasting models can vary significantly depending on prevailing weather conditions. 
In the highland region of Heipang, Plateau State, rapid fluctuations in cloud cover, irradiance, and wind speed introduce 
nonlinear and stochastic variability in solar PV output. Therefore, assessing the sensitivity (measure of the 
responsiveness of a model to changing inputs) and robustness (measure of the consistency of the accuracy of the model 
across varying conditions) of machine learning models such as XGBoost is critical for real-world deployment in hybrid 
systems [36]. Perturbation Sensitivity Analysis (PSA) involves slightly disturbing (perturbing) each input variable (e.g., 
solar irradiance, temperature, wind speed, humidity, etc.) and observing how much the model output (predicted solar 
power) changes. If small changes in an input variable cause large fluctuations in the prediction, it means the model is 
sensitive to that variable. However, if the prediction barely changes, then the model is robust with respect to that 
variable.  

3.4.5. Classification of sky conditions using random forest 

In order to assess the performance of the prediction models under different sky condition, the study stratified the solar 
dataset into three distinct meteorological categories: (i) Clear-Sky (ii) Partly Cloudy, and (iii) Overcast, using Random 
Forest (RF) classifier. The classifier distinguished between these conditions based on Global Horizontal Irradiance (GHI), 
power output, and time of day features. 

4. Results and discussion 

4.1. Extreme Gradient Boosting (XGBoost) Model Prediction Visualization 

The XGBoost prediction model for solar power output is shown in Fig. 3 with predicted curve in red color closely 
following the actual curve in blue throughout the time series. The daily solar power generation trends, peak irradiance 
periods and transient fluctuations are adequately captured by the model with minimum deviations confirming that the 
ensemble boosting model performed well. The performance results of the XGBoost model shows that the training 
dataset gives the metrics RMSE = 6.09 W, MAE = 2.91 W, and R² = 0.99, and the testing dataset gives RMSE = 8.10 W, 
MAE = 4.05 W, and R² = 0.98. The results showed the highest prediction performance among all tested models, with 
very low errors and very high accuracy. The XGBoost model maintained strong prediction stability even during 
fluctuating irradiance conditions and peak solar generation periods as illustrated by the testing plot. The plots show 
very small deviations between the actual and predicted outputs, indicating excellent generalization capability and 
resistance to overfitting. 

 

Figure 3 XGBOOST model plot of actual and predicted solar power output for training and testing data 

XGBoost prediction model gives good results because of its advanced boosting method, which combines many weak 
models step by step to reduce errors and improves forecasting accuracy. The model also has regularization mechanisms 
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and optimized tree learning strategies that enhance predictive robustness while reducing model complexity. According 
to [37], XGBoost works efficiently and at scale because it controls overfitting and speeds up training using parallel 
processing.   

The low MAE and RMSE values obtained in this study shows that the model effectively minimized both average and 
large prediction errors. Furthermore, the high R² values show that the XGBoost model explained almost all changes in 
the solar power data. Similar studies have reported that ensemble boosting algorithms such as XGBoost outperform 
many conventional machine learning and deep learning approaches in photovoltaic forecasting applications because of 
their ability to model nonlinear feature interactions and noisy environmental data efficiently [38] The plots and 
performance metrics demonstrate that the XGBoost model provided high forecasting accuracy and strong 
generalization capability in model prediction. This suggests that the model is highly suitable for practical renewable 
energy forecasting applications, including smart grid operation, photovoltaic energy optimization, and intelligent 
energy scheduling systems.  

The XGBoost model perturbation sensitivity analysis is shown in Fig. 4. The XGBoost model relies overwhelmingly on 
the Global Horizontal Irradiance (GHI) with 98.15% influence serving as the dominant factor driving the predictions, 
while other weather variables (temperature, humidity, air pressure) play only supporting roles. Ambient temperature 
(T) has 1.14% influence with very minor influence. Atmospheric Pressure (AP) has 0.41% influence with negligible 
contribution. Relative humidity (RH) has 0.30% influence with the least impact.  This agrees with solar energy principles, 
since solar radiation directly controls photovoltaic output [39].  

 

Figure 4 XGBOOST Model Perturbation Sensitivity Analysis 

4.2. Sky Condition Classification 

4.2.1. Classification accuracy 

Fig. 5 shows the confusion matrix of the classified sky condition using, the Random Forest model. The model achieved 
perfect classification accuracy on the analyzed subset. The matrix exhibited strict diagonal dominance with all 5,039 
clear-sky, 2,025 partially cloudy, and 2,321 Overcast instances correctly assigned to their respective true classes. The 
model shows zero classification errors indicated by the absence of off-diagonal entries. This result points out the 
robustness of the Random Forest algorithm in handling the non-linear decision boundaries innate in environmental 
data, attesting to its suitability for complex classification tasks without overfitting  [40]. 
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Figure 5 Confusion matrix 

4.2.2. Feature and temporal analysis 

The physical distinctiveness of the classified clusters was validated through feature space and temporal analysis by 
plotting the power against GHI as shown in Fig. 6. Clear-sky data (red circles) clustered in the upper-right quadrant, 
characterized by high GHI (600–1000 W/m2 and high-power output (150–250 W, reflecting optimal generation 
conditions. Overcast data (blue squares) concentrated in the lower-left quadrant with low GHI (0–300 W/m2, consistent 
with the significant attenuation of solar radiation by cloud cover [41]. The Partially Cloudy class (green triangles) 
occupied an intermediate position but displayed high variance and scatter, indicative of the stochastic irradiance 
fluctuations and ramping events caused by transient cloud shading [42]. 

 

Figure 6 Daily plot of solar power output vs. GHI by sky condition 

4.2.3. Daily power output by sky condition 

The daily solar power output plot by sky conditions is shown in Fig. 7. The time-series plot revealed distinct diurnal 
patterns. Clear-sky data followed a symmetric bell-shaped pattern peaking at solar noon corresponding to the upper 
limit of energy generation.  
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Figure 7 Daily plot of solar power output by sky condition 

Overcast data formed a suppressed baseline, while partially cloudy data appeared as intermittent fluctuations beneath 
the clear-sky envelope. This temporal clustering assisted the model in distinguishing classes, particularly separating the 
consistent midday peaks of clear-sky conditions from the variable generation patterns of cloudy periods [43]. The 
Random Forest classifier effectively segregated the solar data into physically meaningful sky conditions. Although 2D 
projections showed some overlap—particularly for the volatile partially cloudy class—the multi-dimensional feature 
space allowed for perfect separation. This robust stratification is a critical prerequisite for subsequent forecasting, as 
different sky conditions necessitate distinct predictive modeling approaches to maximize accuracy [44]. 

4.3. Performance Across Weather Conditions 

Fig. 8 shows the clear sky training plot of the XGBoost model. The prediction curve represented by the red dash line 
captures the general trend of solar power generation, even though the dataset is a classified across the period of 
consideration and may not fit into real-time diurnal solar power generation. However, it appears to smooth out the 
high-frequency noise present in the actual data (blue solid line). In the testing plot, the discrepancy is more apparent; 
the actual data shows significant volatility and sharp drops (possibly due to minor cloud interference or sensor noise 
despite the clear sky label), which the model fails to predict accurately, resulting in a smoother prediction curve that 
lags behind the erratic actual values. The model performance metrics recorded an R2 of 0.7055, with an RMSE of 15.32 
W and MAE of 11.69 W. While an R2 of 0.70 is generally considered a good fit. This suggests that XGBoost, a tree-based 
ensemble method, may struggle with the specific high-frequency variance or noise present in this particular clear sky 
dataset. 

Fig. 9 presents the partially cloudy plots demonstrating the model's ability to handle non-linear and intermittent data. 
In the training phase, the predictions track the sharp fluctuations caused by cloud cover reasonably well. In the testing 
phase, the model captures the general sawtooth pattern of power generation typical of passing clouds, although it 
occasionally underestimates peak power outputs (e.g., around sample index 350). The performance improves 
significantly compared to clear sky, with an R2 of 0.8257. The RMSE (12.40 W) and MAE (8.20 W) are lower, indicating 
that the model generalizes better to the stochastic nature of partial cloud cover than it does to the noisy clear sky data. 
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Figure 8 Plot of the XGBoost prediction model for training and testing data under clear sky condition 

 

Figure 9 Plot of the XGBoost prediction model for training and testing data under partly cloudy condition 

The model achieves its highest accuracy under overcast conditions as shown in Fig. 10. The training and testing plots 
show an almost perfect overlap between the actual and predicted power output. The smooth, gradual ramps 
characteristic of diffuse irradiance in overcast weather are easily learned by the gradient boosting trees. The model 
achieves a very high R2 of 0.9551, with minimal errors (RMSE = 4.13 W, MAE = 2.58 W). This confirms that XGBoost is 
highly effective at modeling stable, low-volatility time-series data. 
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Figure 10 Plot of the XGBoost prediction model for training and testing data under overcast sky condition 

The bar charts shown in Fig. 11 provide a comparative summary of the XGBoost model's efficacy across the three sky 
conditions. Comparing the coefficient of determination, the chart shows a clear progression, overcast (R2≈0.96) > 
partially cloudy (R2≈0.83) > clear sky (R2≈0.71). This trend is somewhat counter-intuitive, as clear sky conditions are 
typically the easiest to predict due to their deterministic nature. However, in this specific dataset, the clear sky testing 
data appears to contain significant noise or anomalies (as seen in the jagged blue lines in the time-series plots) that the 
tree-based XGBoost model could not fully capture. Conversely, the overcast data is smooth and stable, allowing the 
model to achieve near-perfect correlation.   

 

Figure 11 Comparison of performance metrics of XGBoost model for different sky conditions 

The error metrics follow the inverse order of R2 clear sky (highest error) > partially cloudy (medium error) > Overcast 
(lowest error). The clear sky condition has the highest RMSE (15.32 W) and MAE (11.69 W). This high error is likely due 
to the model's inability to track the high-frequency fluctuations in the actual data. Partially cloudy with moderate errors 
(RMSE 12.40 W). The model handles the variability well, but the inherent unpredictability of clouds leads to higher 
errors than in overcast conditions. Overcast with lowest errors (RMSE 4.13 W). The low magnitude of power generation 
combined with high signal stability results in the best performance. 
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5. Conclusion and recommendations 

The following conclusions are drawn from this study: The XGBoost model achieved high predictive performance with 
performance metrics (testing: MAE = 4.05 W, RMSE = 8.10 W, R² = 0.98), demonstrating excellent generalization 
capability and resistance to overfitting through its regularization mechanisms and parallelized tree-learning 
architecture (Zhou et al., 2023). Perturbation sensitivity analysis confirmed Global Horizontal Irradiance (GHI) as the 
overwhelming driver of predictions (98.15% influence), consistent with fundamental photovoltaic principles wherein 
solar radiation directly controls module output (Bamisile et al., 2025). The Random Forest classifier achieved 100% 
accuracy in categorizing sky conditions, validating its robustness for handling non-linear environmental decision 
boundaries and enabling condition-specific forecasting strategies [40]. Model accuracy followed the order Overcast (R² 
= 0.9551, RMSE = 4.13 W) > partially cloudy (R² = 0.8257, RMSE = 12.40 W) > clear sky (R² = 0.7055, RMSE = 15.32 W). 
The counter-intuitive underperformance under clear skies was attributed to high-frequency noise or sensor anomalies 
in the testing data that tree-based ensembles smoothed rather than replicated. 

His study recommends the deployment of explainable feature-weighting systems which implements SHAP-based 
interpretability tools alongside perturbation analysis to dynamically quantify feature contributions across sky 
conditions, enhancing operational transparency for grid dispatch decisions. It also recommends multi-temporal horizon 
extension which expands the model to support 15-min, hourly, and day-ahead forecasting horizons to accommodate 
diverse grid-operation needs, leveraging XGBoost's proven scalability for multi-step prediction tasks.  
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