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Abstract
Solar photovoltaic (SPV) technology is gaining prominence due to its sustainability and minimal
carbon footprint. However, the intermittent nature of SPV systems poses a challenge to widespread
adoption. Accurate forecasting of SPV power is essential, relying heavily on high-quality data.
Meteorological parameters from the National Renewable Energy Laboratory (NREL) often con-
tain missing values, impacting the reliability of power system planning. These missing values can
stem from various issues such as sensor malfunctions, communication errors, or database issues.
Therefore, this paper introduces a variational autoencoder technique to construct an SPV power
imputation model, aiming to fill in gaps in unobserved data. Moreover, the filled SPV power data
is used to train a gated recurrent unit neural network for forecasting the SPV power. The hyper-
parameters of the imputation and forecasting models are optimized using the hummingbird opti-
mization algorithm. Furthermore, the NovoGrad optimizes the hyperparameters of the imputation
and forecasting models during training, thereby enhancing their performance and convergence.
Furthermore, the proposed imputation and forecasting models are tested for various missing pat-
terns. The effectiveness of the proposed imputation and forecasting models is demonstrated with
real-world SPV power data for imputation and forecasting tasks.

1. Introduction

Solar photovoltaic (SPV) power generation is one of the most prominent renewable energy technologies,
offering an environmentally sustainable solution to address the growing global demand for electricity.
Nevertheless, the inherent intermittency of solar energy introduces significant challenges for power sys-
tem operators, energy planners, and policymakers. The variability and uncertainty associated with solar
power must be carefully accounted for in operational and planning decisions [1]. Moreover, uncertainty
in solar generation influences the participation of solar farms in electricity markets. Consequently, accu-
rate SPV power forecasting plays a crucial role in mitigating these challenges. In contrast, poor forecast-
ing accuracy can adversely affect system security and operational reliability [2]. Therefore, improving the
accuracy of SPV power forecasting is of critical importance for both power system operators and solar
power plant owners. To ensure grid stability, optimize resource allocation, and mitigate the effects of
SPV power intermittency on energy markets, accurate forecasting techniques are required to handle fluc-
tuations in SPV power caused by meteorological parameters, seasonal changes, or geographical factors.

Generally, there are two ways to forecast SPV power such as direct and indirect over the long-
term horizon [3]. The direct forecasting model uses data gathered from operational SPV generators.
Conversely, the indirect forecasting model relies on data derived from meteorological parameters. It
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should be noted that collecting data from existing SPV generators is critical for developing a direct fore-
casting model. Therefore, this paper focuses on the development of an indirect long-term SPV power
forecasting model.

In general, satellite images offer a broad spectrum of meteorological parameters. However, their spa-
tial dispersion leads to variations in actual meteorological conditions at specific locations. The data pro-
vided by ground station radiometers can also be used as an alternative source of collecting meteorologi-
cal parameters. Nonetheless, issues such as communication failures and instrumentation problems often
result in significant gaps in meteorological data. Moreover, historical meteorological data frequently con-
tain missing data, with approximately 40% of meteorological parameters missing in real-world scenarios.
Consequently, an accurate imputation technique is necessary for filling in missing historical SPV power
data. Thus, this paper concentrates on developing indirect long-term SPV power imputation and fore-
casting models.

Mostly, SPV power forecasting techniques are commonly categorized into four primary groups such
as mathematical technique, machine, deep, and hybrid learning techniques. Among the mathemati-
cal techniques, the persistence model, auto-regression model, auto-regressive moving average (ARMA)
model, autoregressive integrated moving average (ARIMA) model, and multi-variant ARMA (ARMAX)
model [4] are used to forecast SPV power through linear prediction and regression techniques. However,
SPV power typically exhibits non-linear behaviour in response to changes in its meteorological parame-
ters. Usually, linear forecast models may struggle to accurately capture the non-linear relationship of the
data.

In recent years, machine learning-based approaches for SPV power forecasting have attracted con-
siderable attention due to their ability to achieve satisfactory predictive performance [5]. This class of
methods includes techniques such as extreme learning machines [6], multilayer perceptrons [7], support
vector regression [8], radial basis function networks, and gradient boosting machines [9], all of which
are well suited for capturing the nonlinear characteristics of SPV power generation. As a result, these
models have been widely applied to SPV power forecasting. However, as reported in [10], a comparative
study of several machine learning methods for hourly SPV power prediction indicates that these models
are susceptible to overfitting. This issue often arises from limited training data or overly complex model
structures, leading to reduced generalization performance during the testing phase.

Further, deep learning techniques such as convolutional neural networks (CNNs) [11], long short-
term memory (LSTM) networks [12], and deep belief networks [13] have been used for developing the
SPV power forecasting model. Certain investigations suggest that deep neural networks could outperform
traditional neural networks in SPV power forecasting tasks. Nonetheless, there are also discussions, as
seen in [14], suggesting that deep learning neural networks might not perform efficiently with limited
data.

Hybrid techniques hybridize different forecast techniques to enhance their performance for SPV
power forecasting [8]. For instance, ensemble models have been combined with a back propagation neu-
ral network model for forecasting SPV power [15]. In [16], a hybrid of support vector regression model
with a grasshopper optimization algorithm and the Boruta-based feature selection algorithm is used for
SPV power forecasting. An integration of two deep neural networks, including LSTM and CNNs, is pre-
sented for SPV forecasting [17]. The SPV power uncertainty, caused by the intermittent behaviour of
meteorological parameters is discussed. Then [18], presents a forecasting technique, composed of wavelet
transform, support vector machine, and particle swarm optimization, for long-term SPV power fore-
casting. Although PSO is often effective, it can have premature convergence problems and struggles with
search spaces with high dimensions. It also requires careful parameter tuning.

Another important classification for SPV power forecasting techniques is based on the forecast-
ing horizon, which divides these techniques into four categories such as very short-term, short-term,
medium-term, and long-term [19]. Very short-term SPV power forecasting techniques are useful for
allocating optimal reserves, electricity dispatch, and power smoothing; short-term SPV power forecast-
ing techniques are mainly applied for unit commitment and grid security evaluation; medium-term SPV
power forecasting techniques are used for smoothing power system maintenance schedules; and long-
term SPV power forecasting helps in the system planning [20]. This paper focuses on the development
of a long-term SPV power forecasting model.

Various studies have been conducted to replace missing values in SPV power forecasting. In [21],
imputation techniques were applied to training and test data to analyse the impact of missing SPV
power on forecasting performance, and a forecasting model was developed and compared with a per-
fect information-based model. In [22], the SPV power at locations that were not directly measured was
estimated using multiple linear regression—a statistical-based technique to replace the missing values in
SPV power data measured at nine weather stations. Then SolarGAN [23] was used to replace missing
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7. Conclusion

This paper presented an integrated optimization-driven framework for robust SPV power imputation
and forecasting under incomplete data conditions. The proposed methodology combines LPI for initial
missing-data estimation, a VAE for probabilistic reconstruction of missing observations, the HBA for
automatic hyperparameter optimization, the NovoGrad optimizer for efficient network parameter learn-
ing, and a GRU for temporal forecasting. Unlike conventional approaches that treat imputation and fore-
casting as independent tasks, the proposed framework establishes a sequential learning pipeline in which
reconstructed SPV data are utilized to improve the reliability of the subsequent forecasting model.

The proposed framework was evaluated under multiple missing-data mechanisms, including MCAR,
MNAR, and MP, with missing rates ranging from 30% to 90%. Comprehensive experimental studies
conducted on datasets collected from diverse geographical locations and under different temporal resolu-
tions demonstrated that the proposed framework consistently achieved lower imputation and forecasting
errors than the benchmark methods considered in this study. The ablation study further confirmed that
each component of the framework contributes to the overall performance, while the hierarchical opti-
mization strategy combining HBA and NovoGrad improves training stability and model convergence.
Sensitivity analyses also indicated that the proposed framework maintains stable performance across dif-
ferent missing-data scenarios and practical hyperparameter settings.

Beyond prediction accuracy, the proposed framework offers practical value for photovoltaic energy
management by improving the reliability of historical data reconstruction and supporting more accurate
power forecasting in the presence of incomplete measurements. These capabilities can facilitate energy
scheduling, grid operation, renewable energy integration, and decision-making in intelligent photovoltaic
monitoring systems.

Despite these encouraging results, several limitations remain. Although the framework was validated
using multiple datasets with different climatic characteristics, further evaluation on larger and more
diverse publicly available datasets would provide a broader assessment of its generalization capability. In
addition, comparisons with recently developed transformer-based forecasting models, advanced imputa-
tion methods, and foundation models for time-series analysis would further strengthen the experimental
validation. Future work will therefore focus on extending the proposed framework to larger-scale real-
time photovoltaic systems, investigating lightweight architectures for edge deployment, incorporating
uncertainty quantification and explainable artificial intelligence techniques, and evaluating the framework
against emerging state-of-the-art forecasting and imputation models under a wider range of operating
conditions.

Overall, the proposed optimization-driven imputation and forecasting framework provides an
effective and reproducible solution for addressing missing-data challenges in SPV power prediction
while offering a promising foundation for reliable renewable energy forecasting in practical smart grid
applications.
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