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Abstract–Solar power generation is non-continuous and 

very much dependent on atmospheric conditions such as 

weather variability and pollution levels. Forecasting solar 

power accurately is important for effective energy 

planning, grid stability, and large-scale integration of PV 

systems. Traditional forecasting approaches (sensor-

based) are effective, yet costly, depending on the location. 

This review paper presents a comparative analysis of 

software-based solar power prediction using weather 

forecast and AQI data, which replaces the traditional 

sensor-based techniques. The study focuses on existing 

methodologies that use meteorological variables, air 

pollutant concentrations (PM2.5, PM10, NO2, SO2, CO2, 

O3) and solar irradiance indicators for solar power 

forecasting. This paper reviews machine learning 

approaches, including regression models, ensemble 

learning, and stacked architectures, aligning with 

prediction accuracy, scalability, and practical 

deployment. This paper also emphasizes the impact of 

integrating AQI parameters into solar prediction models 

and demonstrates how effectively the combined weather-

AQI features enhance the accuracy of solar power 

predictions. This study suggests employing a stacked 

ensemble model based on tree-based learners to align with 

the trends identified in the literature. The review 

concludes by identifying key research gaps and future 

directions, highlighting the potential of AQI-aware, data-

driven models for cost-effective, scalable, and reliable 

solar power forecasting in smart energy systems. 
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I. INTRODUCTION 

The limited quantity of fossil fuel resources forces us to 

adapt to renewable energy sources. This makes solar energy 

one of the most used and deployed energy sources. However, 

atmospheric factors lead to non-continuous solar power 

generation. This non-continuous nature of solar power 

presents significant challenges. 

Weather conditions and atmospheric pollution affect the 

generation of solar power significantly as air pollutants 

scatter and absorb solar radiation. This leads to reduced PV 

efficiency and power output. Thus, including AQI parameters 

improves the accuracy of solar power prediction models. 

Earlier, solar forecasting methods used physical sensors, 

pyranometers, and satellite-based measurements. Although, 

these methods gave accurate predictions, they were 

expensive, location-dependent, and needed regular 

maintenance. Thus, restricting their scalability. To overcome 

these limitations, software-based prediction systems evolved, 

which use historical datasets for predicting solar power. 

These systems are cost-effective and scalable. 

The performance of solar power prediction systems has 

been improved significantly by the advancements in machine 

learning models. Environmental variables and solar energy 

output show a non-linear relationship. Regression techniques 

and ensemble models are capable of capturing this non-linear 

relationship. Particularly, ensemble and stacked models show 

better generalization than individual models. In spite of these 

advancements, many studies only focus on weather factors. 

This leaves a scope for integrated analysis of weather, AQI, 

and solar irradiance. 

This review paper compares multiple solar power 

prediction models, including both weather parameters and 

AQI indicators. The paper studies existing work, and 

compares various machine learning models. This paper aims 

to highlight the importance of AQI in predicting solar power. 

II. LITERATURE SURVEY 

Precise prediction of solar power has been an active area 

of research. The studies focus on weather-based forecasting, 

air pollution impact analysis, and machine learning models. 
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This section provides literature relevant to solar power 

production. 

The studies mainly focused on the weather conditions. 

These studies used statistical and machine learning models. 

Liu and Sun [7] implemented a Random Forest classification 

technique. This showed improvement in prediction accuracy. 

Zazoum [10] compared multiple machine learning models for 

solar power prediction. He highlighted the use of ensemble 

techniques. Lee et al. [11] further extended this work and 

implemented deep learning models. It showed better 

performance than conventional methods. 

Sweets et al. [8] studied the long-term losses in solar 

energy generation. He reasoned about the influence of air 

pollution. Zhou et al. [9] examined the influence of air 

pollutants on PV system efficiency. He used the CMAQ 

model. These studies proved that air pollutants play an 

important role in reducing solar power generation. 

Ghosh et al. [3] studied the impact of cleaner air on 

India’s solar energy production. He concluded that less air 

pollution could lead to an increase in solar energy output. 

Galimova et al. [4] studied this perspective further by 

analysing air pollution mitigation. He highlighted the 

significance of air pollution in energy planning. These studies 

showed the necessity of integrating AQI indicators in solar 

power prediction. 

Several studies exclusively combined weather and 

pollution features for solar power prediction. Chuluunsaikhan 

and Tserenpurev [1] developed an ML model using weather 

and air pollution features to estimate solar irradiance and 

showed improved accuracy. Jia et al. [5] studied multiple 

machine learning models for predicting solar radiation under 

varying weather and pollution conditions, and concluded that 

hybrid feature sets show improved accuracy. Jebli et al. [6] 

supported this by using Pearson correlation analysis to 

identify important weather and pollution features that impact 

the accuracy of solar energy prediction. 

Recent enhancements in deep learning and hybrid 

architectures have further improved forecasting performance. 

Zhou et al. [2] proposed a DL model that enhanced a solar 

energy forecasting framework integrating IoT systems. Yeom 

et al. [15] implemented a deep convolutional LSTM network 

combined with satellite integrity for short-term solar power 

prediction. Reproducible research in PV energy prediction is 

facilitated by the UNISOLAR open dataset [16]. 

On the other hand, methodological studies, like, [13], 

[14], and [17], explored advanced statistical and zero-inflated 

techniques. These studies provided valuable insights into 

handling skewed and sparse datasets. Chiteka et al. [12] 

addressed PV soiling mitigation by optimizing cleaning 

frequency. It reidentified the importance of environmental 

factors in solar energy. 

Shah et al. [18] serve as the base paper for the present 

study. Their work proposed a solution including an ML model 

combining AQI and weather features for solar power 

prediction. This study demonstrated that including AQI 

enhances the accuracy of prediction. 

Overall, the literature shows a clear shift from sensor-

dependent predictions to software-based prediction systems. 

Prior studies confirm the relevance of air pollution in solar 

power prediction. Some work explores stacked ensemble 

models that jointly leverage multiple tree-based learners for 

solar power prediction. This gap motivated the present work.   

III. COMPARATIVE ANALYSIS 

To predict solar power accurately, models are required to 

be capable of identifying and capturing nonlinear 

relationships between weather parameters, AQI features and 

solar irradiance. A comparative analysis was done to evaluate 

the effectiveness of different models. Individual machine 

learning models, ensemble blending techniques, and stacked 

ensemble learning models were used for the comprehensive 

study. The performance of these models was assessed using 

Root Mean Square Error (RMSE), normalized RMSE 

(nRMSE), and the coefficient of determination (R2 score). 

  The relationships between solar power generation, 

weather conditions and AQI parameters are complex, non-

linear, and non-stationary. Thus, we used tree-based machine 

learning models. Also, their ability to provide feature 

importance helps in interpretability. This supported effective 

energy planning and environmental analysis. 

A. Individual Model Comparison 

  Three individual tree-based models were used for this 

study – Random Forest Regressor, XGBoost, and LightGBM. 

They all were evaluated using the same training and testing 

sets to ensure fair comparison. 

             The predictive performance of RandomForest 

Regressor was shown to be moderate. It demonstrated RMSE 

values ranging from 72.94 to 89.87 and R2 scores between 

0.26 and 0.45, thus showing 45% predicting accuracy. This is 

demonstrated in the following fig. 1.  

 

Fig. 1. Random Forest Regressor 

  Random Forest Regressor model suggested limited 

capability in capturing the complex relationships between 

weather parameters and AQI features. 

  The XGBoost Regressor demonstrated inconsistent 

performance with RMSE values ranging from 59.79 to 105.02 
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and R2 scores from -0.01 to 0.67. This is shown in the 

following fig. 2.  

 

Fig. 2. XGBoost 

  In contrast, the LightGBM Regressor outperformed the 

Random Forest and XGBoost models. It achieved RMSE 

values as low as 50.41, and R2 scores up to 0.77 (77% 

predicting accuracy). This is demonstrated in the following 

fig. 3.  

 

Fig. 3. LightGBM 

  The following table 3.1 shows the RMSE values and 

R2 scores for the discussed individual models. 

TABLE I.  RMSE AND R2 SCORE FOR INDIVIDUAL MODEL 

Model RMSE R2 Score 

RandomForest 72.94 0.45 

XGBoost 85.75 0.24 

LightGBM 52.75 0.71 

B. Blended Ensemble Models 

  To increase the complementary strengths of individual 

models, a blended ensemble model was created. This model 

integrated XGBoost, LightGBM and RandomForest models. 

The new blended model reduced prediction error than 

individual learners. This model achieved RMSE values 

between 57.99 and 64.97 and R2 scores between 0.61 and 

0.69. This represented an improvement over the individual 

models. However, this model is dependent on fixed chosen 

weights, thus, limiting its ability to adopt different data 

distributions. The following fig. 4 shows the blended model 

performance in predicting solar power generation. 

 

Fig.4. Blended Model 

C. CV Optimized Blending 

  To overcome the limitation of the blended ensemble 

model, a cross-validation (CV) optimized blending model 

was implemented. This strategy improved generalization and 

reduced sensitivity to data splits. But the performance does 

not improve over that of the blended ensemble model, as 

shown in the following fig. 5. Thus, this strategy was 

dropped. 

 

Fig. 5. Blended Model with CV 

D. Stacked Ensemble Model 

  The final approach involved a stacked ensemble 

learning model. This strategy used the predictions from the 

base models (XGBoost, LightGBM, and RandomForest) as 

input features. This resulted in a superior accuracy over 

blended ensemble models. The stacked ensemble model 

showed the lowest RMSE of 38.63 and the highest R2 score 

of 0.86, outperforming all the other models and strategies. It 

also demonstrated improved robustness and handled outliers 

efficiently. This is shown in the following fig. 6. 
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Fig. 6. Stacked Ensemble Model 

E. Overall Insights 

  As the model complexity increases, the prediction 

accuracy improves. This is shown and proven in this 

comparative study. The blending ensemble model reduced 

variance by aggregating predictions. The stacking ensemble 

model showed the highest prediction accuracy. The following 

fig. 7 compares these learning models. 

  These findings align with the proposed methodology 

in the base paper of this study. It confirmed that integrating 

weather and AQI features improves prediction accuracy. A 

stacked ensemble framework provides a reliable, scalable, 

and cost-effective solution. 

 

Fig. 7. Comparison: Blended vs Stacked Model 

IV. FUTURE SCOPE 

The improvement in the accuracy of the stacked 

ensemble model can be further studied. The dataset can be 

extended using longer timespans or data extension 

techniques. A larger and more diverse dataset allows the 

model to learn richer patterns. Thus, improving the prediction 

accuracy. 

Different ensembling techniques can be explored to 

enhance the model accuracy. Extensive hyperparameter 

optimization can improve accuracy significantly. More 

improvements can be done by using additional environmental 

features like cloud imagery and satellite-derived solar 

irradiance. 

        These improvements would provide a more accurate, 

reliable, and deployment-ready model. It will be suitable for 

effective energy planning and smart grid stability. This will 

allow large-scale renewable energy resource integration. 

V. CONCLUSION 

This review paper compared different machine learning 

models that can be used for predicting solar power generation 

precisely. It also helps to analyze their effectiveness in 

prediction. This study demonstrated that tree-based models 

are well-suited for capturing the complex and nonlinear 

relationships between the weather parameters, air quality 

indicators and solar irradiance. The ensemble models 

outperformed the individual models, thus hinting to drop 

using the individual models for predicting solar energy. The 

results showed and confirmed that the stacked ensemble 

model provides the highest R2 score and the lowest RMSE, 

hence, the best-suited model for solar power prediction. The 

inclusion of AQI indicators in predicting solar energy proved 

a significant step in improving prediction accuracy. Thus, this 

paper concludes that the use of an AQI-aware stacked 

ensemble learning model makes the prediction more reliable 

and a scalable strategy for accurate solar power prediction. It 

also showed the future enhancements that are possible for 

real-world deployment. 
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