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ABSTRACT
For enhancing the management of energy resources as well as for dependable integration of renewable energy systems to power grids, precise forecasting of solar energy generation is essential. Standard forecasting methods usually do not cope well with the nonlinear functions, fluctuations in the system due to weather changes, and dynamics of solar irradiance. The development of this paper is based on a hybrid forecasting strategy, which aims to improve prediction accuracy by incorporating meteorological information with machine learning techniques. The proposed methodology utilizes weather parameters such as temperature, humidity, cloud cover, and solar irradiance along with Random Forest and Long Short-Term Memory (LSTM) networks. Evaluation on real-world datasets shows that the proposed hybrid model outperformed standalone ones and baseline methods on multiple forecasting performance measures. MAE, RMSE, and R² score measurement proved that the hybrid approach not only decreases the error values but also enhances performance for both short-term and long-term forecasting. The results of this study reveal that using weather data fused with machine learning can efficiently and reliably address the problem of forecasting solar energy.
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1. INTRODUCTION
With the increasing global interest in green and sustainable energy, solar power is considered one of the most efficient renewable energy sources available. Nevertheless, its widespread use poses new problems in meeting electricity supply and demand due to the solar irradiance fluctuation with weather patterns. Forecasting accurately based on solar energy is pivotal for grid stability, energy storage systems, and for power systems in general. Traditional forecasting approaches, which include physical and statistical models, rarely succeed in estimating the output of solar power in their complex, nonlinear relationships with its environmental factors. While physical models are computationally expensive because of their reliance on precise meteorological data, statistical models tend to be overly rigid in their inability to deal with non-static weather conditions. Over the last few years, machine learning (ML) techniques have gained attraction for modeling these complicated relationships through pattern recognition in data. However, the use of ML models these data may remove important domain dependent information like real time weather information on the day of the forecast. This study aims to develop a hybrid approach that utilizes weather data in combination with machine learning algorithms [11].
This hybrid approach focuses on improving predictive accuracy and reliability of solar energy forecasts by incorporating features like solar irradiance, cloud cover, temperature, and humidity into sophisticated ML models [12]. It utilizes both data-driven and knowledge-driven systems which makes it flexible across different locations and time spans.
This paper is structured in the following way: In Section 2, we review existing literature on forecasting solar energy; In Section 3, we detail our proposed hybrid framework; In Section 4, we provide experimental results alongside performance evaluation; and in Section 5, we summarize the conclusions drawn from the study alongside other potential areas for further work [13].
2. LITERATURE REVIEW
The prediction of solar energy output has received considerable attention because of its importance to the integration of renewable energy sources and smart grid systems [14]. A myriad of approaches have been tried over time, starting with the basics such as physical and statistical models and progressing towards more sophisticated, data-driven techniques [15]. Detailed weather data like solar position, cloud movement, and air mass are used by Physical models to employ algorithms based on a priori equations from atmospheric physics and radiative transfer (Perez et al., 2013). While the accuracy margins tend to be quite impressive when detailed input data is provided, these models often struggle to adapt to more variable weather patterns and tend to be very resource intensive [16]. In terms of short-term forecasting, some of the approaches like autoregressive integrated moving average (ARIMA), multiple linear regression, and exponential smoothing have been applied (Bacher et al., 2009). Despite being quite straightforward, these approaches tend to rely on stationarity and linearity, which is counterproductive to encompassing the chaotic behavior of solar radiation due to weather shifts [17]. The availability of data and increase in computational ability has led to a rise in popularity of machine learning (ML) techniques.
Numerous studies have revealed that SVR, RF, and ANN have been thoroughly applied to model complex behavior of solar irradiance and energy output (Voyant et al, 2017). Such models are flexible to change inworking environment and do not require a priori assumptions regarding data distribution. Still, model performance tends to be suboptimal when there is a lack of quality features [18]. More recent studies have emphasized the need of focusing on input ML models with drastic weather parameters such as temperature, cloud cover, wind speed, and humidity to increase the precision of predictions (Zhang et al., 2020). Weather-aware models are better than purely data-driven models because instead of relying exclusively on mathematical relations, they take atmospheric behavior into account [19]. Also, some advanced techniques such as deep learning with Long Short-Term Memory (LSTM) networks have been proven to perform exceptionally well when capturing temporal dependencies on time-series data (Shi et al., 2018). Some researchers have designed models that combine the strength of a physical model and ML or those that integrate various ML techniques [20].
As an example, ensemble strategies combining LSTM with gradient boosting or convolutional neural networks (CNNs) have been implemented to accurately predict short-term and day-ahead solar energy output forecasting (Chen et al., 2021). These hybrid approaches are far more efficient when applied in different regions with differing climatic conditions. Even with these advancements, being reliably generalizable is still a challenge. The use of auxiliary information posing additional constraints to the forecasting systems biases affects greatly to their overall effectiveness. The challenges posed by limited model integration and their sparse resource availability drives the need for new computational hybrid frameworks that target performance.
3. PROPOSED METHODOLOGY 
	The integration of weather data within the advanced machine learning algorithms, as described in this work, develops a hybrid system capable of more accurately predicting solar energy outputs. The system can be divided, at a high level, into four primary components: data acquisition, preprocessing, forecasting, and evaluation.
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Figure 1. General working method [4]
Meteo databases along with PV systems are some of the many sources of weather and solar generation data. Such information goes through a thorough pipeline comprising of data cleansing, normalization, feature selection, and time alignment which guarantees all the data is consistent and of high quality subjected to machine learning requirements, a prerequisite for any ML approach. The machine learning engine relies on a triad ensemble consisting of Random Forest (RF), Long Short-Term Memory (LSTM) networks, and XGBoost. Noisy datasets are well managed by Random Forest, and the model provides insights into which features possess predictive capabilities alongside the generated data. For sequential dependency modelled data, an advanced deep learning method, LSTM networks, is suitable for its series capture ability. Structured datasets are managed by XGBoost which provides high quality predictive performance. The aforementioned models achieve optimised performance in nonlinear, temporal, and multivariate shaped data structures which form the core reason behind the selection basing nonlinearity, temporality, temporal patterns, and multivariate data structures, which provides almost perfect accuracy results, each one working best in their focused fields enhances the versatility of these models. Through feature fusion and model ensembling, the features are combined to achieve a hybrid system. Inputs as useful as weather parameters including irradiance, temperature, humidity, cloud cover, and historical solar output are added allowing the model to develop environment perceivable skills. Individual model results are merged using ensemble methods to improve overall output reliability and precision. The system can be used for both time-series forecasting at hourly or daily intervals and real-time prediction scenarios, which provides planning and operational flexibility in solar energy systems.
4. RESULTS AND DISCUSSION
The baseline forecasting methods, which included the persistence model alongside Random Forest (RF), Long Short-Term Memory (LSTM), and XGBoost, were used to train standalone machine learning models and served as benchmarks to evaluate the developed hybrid model. The persistence model, which assumes that future solar output will equal the most recent observation, served as a naive benchmark. Moreover, standalone models were solely trained using historical solar data, neglecting any integration of weather features. Evaluation was done with standard benchmarking algorithms including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R2).


Figure 2. Forecasting Performance Comparison
Figure 2 evidences that the hybrid model far exceeds the performance of every other model on all metrics. Hybrid’s MAE is 48.3 W/m² which is significantly less than XGBoost’s 55.2 W/m², LSTM’s 61.4 W/m², and the persistence baseline of 70.5 W/m², indicating better accuracy in absolute error. Likewise, the hybrid model has the lowest RMSE at 62.7 W/m², further proving greater overall fit to the actual data compared to 72.3 W/m² (XGBoost), 80.2 W/m² (LSTM), and 95.4 W/m² (persistence). Regarding MAPE, the hybrid model achieves 6.2% which is a notable improvement relative to 7.5% (XGBoost), 8.9% (LSTM), and 12.0% (persistence), thus signifying better accuracy. Furthermore, the hybrid model outperforms XGBoost, LSTM, and persistence with R² values of 0.88, 0.85, and 0.72, respectively, demonstrating 0.91 R² indicating claiming the most variance in solar output. Altogether, these findings demonstrate the superior reliability and accuracy in solar energy forecasts when weather data is blended using a machine learning hybrid framework.
5. CONCLUSION AND FUTURE WORK
This paper presented and assessed a hybrid forecasting framework which combines weather data with machine learning algorithms to improve the precision and dependability of predicting solar energy outputs. By incorporating key meteorological parameters such as cloud cover, temperature, humidity, and irradiance into Random Forest, LSTM, and XGBoost models, the hybrid approach showed improvements over both naive persistence benchmarks and standalone machine learning approaches. The hybrid model outperformed others in multiple forecasting horizons, attaining the greatest MAE (48.3 W/m²), RMSE (62.7 W/m²), MAPE (6.2%), and the highest R² (0.91), demonstrating its adaptability to changes in solar output over time. Results demonstrated the potential of hybrid models incorporating ML techniques for forecasting renewable energy: they merge the interpretability and strength of tree‑based algorithms, the temporal sensitivity of recurrent networks, and real‑time weather data. These models adjust not only enhance point-forecast accuracy but also ensure resilience against shifting atmospheric dynamics, which is highly beneficial for operational decisions in grid management, energy trading, and storage optimization. Hybrid frameworks which combine data-grounded and physics-informed tactics have the potential to mitigate uncertainty in supply forecasts and allow operators better manage the balance between generation and demand in renewables.
Looking ahead, there are numerous opportunities to further enhance hybrid forecasting systems. First, the incorporation of satellite images and sky-camera video feeds could improve the spatial coverage of moving cloud forecasts, improving model sensitivity to short-term weather changes. Second, the use of online learning methods combined with real-time data streams would allow for model updates to be made continuously, making it possible to keep up with changing weather conditions. Finally, incorporating additional data from power inverter telemetry, demand forecasting, and market signals could create more comprehensive energy management systems. Research focused on these directions will improve the consideration of renewables in smart grids and expedite the shift towards more sustainable energy systems.
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Hybrid Model	MAE (W/m2)	RMSE (W/m2)	MAPE (%)	R2	48.3	62.7	6.2	0.91	LATM	MAE (W/m2)	RMSE (W/m2)	MAPE (%)	R2	61.4	80.2	8.9	0.85	XGBoost	MAE (W/m2)	RMSE (W/m2)	MAPE (%)	R2	55.2	72.3	7.5	0.88	Persistence	MAE (W/m2)	RMSE (W/m2)	MAPE (%)	R2	70.5	95.4	12	0.72	
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