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(" ABSTRACT

Recent decades have seen an increase in the market for sustainable and green energy solutions. In all renewable resources, solar
energy is one of the key sources because of its abundance. Integration of solar power into smart grids for meeting expanding
energy demand relies on accurate predictions of solar power output. The efficiency of photovoltaic (PV) systems is highly
influenced by climatic conditions, resulting in fluctuating power output that degrades the performance of smart grid systems.
Hence, this work provides a probabilistic machine learning approach for solar power forecasting using reliable daily solar
generation data. This work compares the effectiveness of predictive algorithms to forecast short-term solar power. The
Normalized Mean Squared Error (NMSE) metric has been employed to assess the predicted accuracy of these models. The
simulations and results highlight the effectiveness of probabilistic models, offering insights into enhancing grid stability and
boosting the use of renewable energy sources.

Keywords: Solar power prediction, Kalman Filter, Quantile Regression, NMSE.
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l. Introduction

Sustainability has emerged as a key global concern in overcoming environmental depletion, climate change, and
the growing demand for energy. In this context, the “Affordable and Clean Energy” goal of the UN highlights the
need to ensure universal access to sustainable energy by 2030. This goal necessitates a considerable shift to
renewable energy sources, with solar energy emerging as a primary contributor. Solar energy enhances energy
security and lowers reliance on combustible fuels. India’s green energy sector is marked by the rapid adoption
of advanced technologies and continuous innovation. Significant progress has been observed in areas of solar
energy systems and smart grid infrastructure. The shift toward green energy in India is driving influential
socioeconomic transformations that aids economic growth of the country. The generation of clean electricity in
the power sector is contributing to increasing access to clean energy and promoting environmental
sustainability.

Technological developments in the field of decentralized power stations contribute to enhancing the efficiency,
reliability, and sustainability of the country’s energy framework [1]. Reliable solar power planning and
forecasting are crucial for power systems to optimize energy storage, grid control, and resource management.
Accurate solar power forecasting ensures a steady power supply even during

variable power output conditions [2]. Modern machine learning algorithms for PV power estimation have
emerged drastically over the last decade. Some previously proven machine learning methods, like SVR and
Gradient Boosting, provide means that can accurately predict the solar power output with a considerable value
of RMSE [3].

The primary challenges with traditional forecasting methods employed for solar power prediction depend on
the weather data, which makes it hard to evaluate a continuous and reliable output. An effective prediction model
for the PV power sector that can compute past weather data is essential for the energy sector to optimize
operational costs and ensure reliable power supply [4], [5], [6]. Machine Learning models can encounter
challenges with non-linear datasets that are employed in earlier work [7], [8], [9]. Probabilistic machine learning
models like Quantile Regression perform well on multi-feature datasets [10]. The research work here aims to
predict the precise output of a regional solar power plant. The data collected from the local solar plant is analyzed
to predict the next two hours' power generation. The work will contribute to encouraging the use of renewable
energy sources, which is needed for meeting rapidly increasing energy demands, and help in achieving the goal
of energy for all. Table I categorizes the types of solar power forecasting in different time horizons.

Major contributions of this research work are:

® I[mplementation of a probabilistic model for short-term solar power output forecasting.
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® Evaluation of model performance using NMSE metrics.

Il. Literature Review

In the past, deep learning-based methodologies have been proposed to predict PV power generation. MLP and
LSTM emerged as the most applicable deep learning algorithms for the solar power prediction model [11].
Similarly, several machine learning methodologies for forecasting PV power and their performance have been
evaluated using different metrics [12].

Recent advances in solar power forecasting pose challenges for integrating green energy into smart grid systems.
Machine Learning methods use weather features like cloud cover, temperature, and solar irradiance to recognize
historical patterns and learn from past data to test a new data set [13]. The evaluation metric NRMSE is used to
evaluate forecasting models' performance, highlighting their significance for model optimization [14, 24].
Precise, reliable, and efficient prediction by these methods promotes the incorporation of renewable energy
sources into smart grid operations and enhances energy sustainability [15, 25]. Existing machine learning
models for PV power forecasting follow steps like data collection, data cleaning, handling time series, and then
modeling complex algorithms [16]. The methodology implemented to build the predictive model includes data
collection, which may be hourly, monthly, or yearly, pre-processing, feature Selection, ML model building, and
error evaluation with NRMSE [17].

Statistical methods like the Kalman Filter used for PV power prediction boost the accuracy of the prediction
output due to its recursive nature in the estimation and update process [18]. This enables the model to respond
to real-time fluctuations in solar output, improving the accuracy for short term power estimations [19, 26,27].
Quantile Regression (QR) has emerged as a strong alternative to classical regression for prediction algorithms.
Unlike standard least squares, which estimates the conditional mean, QR calculates conditional quantiles,
allowing for prediction intervals rather than single-point forecasts. This feature is important for renewable
energy integration into smart grid systems [20].

Table I: Types Of Solar Power Forecasting

Category Time Horizon| Description Applications
Short-term 1-6 hours Utilizes statistical methods for Scheduling, load-forecasting, energy
Forecasting accurate near-term prediction management, improved gri
balancing

Intra-day Within a day | Considers weather variations, cloud Grid stability and energy resource
Forecasting cover, and solar radiation changes | optimization

throughout the day
Day-ahead 24-48 hours | Provides forecasts for upcoming | Energy market Elanning,
Forecasting days using weather predictions maintenance scheduling, demand

management

Medium to Long- | Days to 1 year | It estimates future solar energy Scheduling, reserve planning,
term Forecasting output using weather trends, operational decisions

seasonal patterns, and historical

data.
Week-ahead Up to 1 week | Extends beyond daily forecasting | Energy purchase planning and
Forecasting horizon resource management
Seasonal Weeks to Predicts solar generation patterns | Demand variation planning and
Forecasting months across different seasons resource portfolio adjustment
Year-ahead 1 year Long-term prediction of solar Polic?/ planning, infrastructure
Forecasting generation trends gevg opment, capacity expansion

ecisions

lll. Proposed Framework

This research work adopts a structured methodology that progresses through several well-defined stages to
ensure a systematic analysis. The overall process initiates with the collection of suitable datasets, where both the
quality and reliability of the acquired data play a significant role in evaluating the accuracy of models. Once the
raw data is obtained, the next step involves comprehensive data preprocessing, which includes cleaning,
normalization, and transformation procedures to eliminate inconsistencies and enhance the usability of the
dataset for computational modeling. Following this stage, system modeling is carried out, wherein advanced
forecasting and optimization techniques are applied to capture the dynamic characteristics of the system under
study. Specifically, three distinct algorithms—Kalman filter and quantile regression are implemented due to their
proven ability to handle time-series data, model uncertainty, and improve prediction accuracy. To assess the
performance of these models, the Normalized Mean Squared Error (NMSE) metric is employed as a key
evaluation criterion, thereby enabling a quantitative comparison of their predictive capabilities and robustness,
as also suggested in prior studies [21,27].

The workflow, which is summarized in Fig.1, is represented in the form of a block diagram to provide a visual
outline of the entire methodology. This diagrammatic representation highlights the logical flow of operations,
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beginning from data collection to model evaluation, thereby offering a clear and concise overview of the research
framework. Such a systematic approach not only ensures methodological consistency but also enhances the
reliability of the results obtained.

A. Data Collection

The data is acquired from the nearby PV power plant located in the Bilaspur district of Chhattisgarh state. The
solar power plant has a capacity of 3SMWDC/2.2MW AC. It has 5544 solar panels, and the variables that are used
in the dataset are date and time of power generation, module temperature, which is the temperature of the solar
panel, ambient temperature, which is the temperature of the environment, solar radiation intensity value, and
power generation output. For the research work, we have used a day-wise dataset recorded at an interval of
every 5 minutes. The actual data is processed according to the requirements of the algorithm used. Fig.2 shows
the image of the data collection site.

B. Data Visualization

The process of data visualization is used to simplify the complexity of datasets and make them easier to
understand. It helps in recognizing patterns, trends, and relationships between variables. Additionally, the
selection of input variables plays an important role in the performance of the model. This serves as a powerful
tool for the analysis of datasets [22].

Data Collection

|

Handle Missing Yalues

l

Remove Zercs & Cuthers

l

Feature Scaling

l

Train-Test Split

v . v

Kalman Filter Mode! Quantile Regression Model Gradient Boosting Model

Evaluation using NMSE

Fig. 1. Workflow of the proposed methodology using Kalman Filter, Quantile Regression, and Gradient
Boosting models with NMSE evaluation.
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Fig. 3. Frequency vs. power generation for January

The histogram in Fig.3 shows the distribution of daily solar power generation for January 2024. The x-axis has
values of daily power generation, whereas the y-axis shows the frequency. Most of the daily power generation
values occur between 12,000 and 16,000 kWh, with the highest frequency observed in the 14,000-16,000 kWh
range. Lower generation levels became less common, particularly those under 10,000 kWh. Lower power
generation, most likely due to varying weather, as shown in Fig. 4, indicates that the solar power plant operated
consistently well throughout the month.

| ““
¥
|

Fig. 4. Bar chart for daily power generation of January

The daily solar power generation (in kWh) for January 2024 is displayed in Fig.4. The X-axis represents the date,
and the Y-axis shows the energy produced. The power generation fluctuates throughout the month. The
generation values regularly exceed 14,000 kWh on the starting days and decrease on the end days. Changes in
the weather, cloud cover, or other environmental factors that impact solar irradiance could be the cause of this
variability. Therefore, this analysis allows us to understand the proper trend and create an accurate model.

IV Mathematical Formulation

This section formulates the short-term solar power forecasting problem and presents the mathematical
foundations of the applied models, with particular emphasis on Quantile Regression for probabilistic prediction.
Let {(X, yi)}t=1" denote a time-indexed dataset collected from a photovoltaic (PV) plant, where

® y, € R" represents the actual solar power output (kW) at time instant t,

® x. € R%is the feature vector comprising meteorological and operational parameters, such as solar irradiance,
ambient temperature, module temperature, voltage, and current.

The objective is to predict the future solar power output y.,A over a short-term horizon A, given historical
observations.

A. State-Space Representation
The PV power generation process is modeled as a stochastic dynamic system:

ye = f(x, )+ &
where f(x,t) denotes an unknown nonlinear mapping, and &, represents zero-mean random disturbances caused
by atmospheric variability, sensor noise, and unmodeled dynamics.
B. Kalman Filter Model
For recursive estimation, the system is represented in state-space form:

Zy = AZi_q + Wy

ye = Hzy + vy

where z; is the system state, A is the state transition matrix, H is the observation matrix, and wy, v; are Gaussian
noise terms with covariances Q and R, respectively. The Kalman filter recursively estimates z; and produces a
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one-step-ahead prediction §,1.

C. Quantile Regression Formulation

Unlike conventional regression models that estimate the conditional mean, E[y; | x¢], Quantile Regression (QR)
estimates conditional quantiles of the response variable.

For a given quantile level t € (0, 1), the t-th conditional quantile of y, given x; is defined as:

Qyt(Tlxt) = XE—BT’
where Bt is the quantile-specific parameter vector. The estimation of 3t is obtained by minimizing the
asymmetric pinball loss function:

N
B = arg mﬁinz pr (ye — X{ B),
t=1

where the loss function is defined as:
) = { TU, u=0,
Pl = (t—Du, u<O0.

By estimating multiple quantiles t € {0.1, 0.2, ..., 0.9}, a probabilistic envelope of solar power generation is
obtained, capturing uncertainty and variability due to weather fluctuations.

D. Prediction Interval Construction

The prediction interval at confidence level (1 - a) is constructed as:

IE3Y = [Que,a (@/21%0), Qye, 4 (1 — 0/2]%0)]:

This probabilistic representation is particularly suitable for grid integration, reserve planning, and risk-aware
energy management.

E. Performance Metric

The Normalized Mean Squared Error (NMSE) is a metric employed to evaluate the accuracy of a prediction or
estimation model. NMSE compares the performance of the model against a simple mean-based prediction. A
lower NMSE indicates better performance. The mathematical representation of NMSE is shown below.

NMSE = ||y—y2||%
yllz
where,
® y: Actual (true) values
® §: Predicted (estimated) values
® lly — 911 = SI,(yi — 9)* : Squared error
® |ly|l2 =X, y;%: Normalization term
® n: Number of samples

V. Simulations and Results

This section presents simulation results of algorithms such as the Kalman filter and quantile Regression are
demonstrated. All the simulations were carried out in Python with a system configuration of Intel(R) Core (TM)
i5 and a 64-bit operating system. The paper focuses on predicting the next step of solar power using a real-time
dataset. The actual power is estimated and measured to get an accurate solar power output. We have simulated
a comprehensive evaluation of six prediction models—SVR, MLP, LSTM, Gradient Boosting, Kalman Filter, and
Quantile Regression.

The Kalman filter analysis graph for the seventeenth day in Fig.5 illustrates solar power generation variation and
the accuracy with which the filter can estimate and forecast the system’s behavior. The observed power output
increased after sunrise, reaching 745.02 kW by 10:00 AM. The system generated 1758.0 kW at 14:00, during
peak solar irradiance. After the peak, the output decreased significantly from 891.23 kW to111.39 kW, indicating
a usual reduction in generation during late afternoon hours. The Kalman filter predictions shown by the red
dashed line were closely related to the observed values represented by the blue line, effectively smoothing out
fluctuations in the short term. Additionally, the next phase estimates are 123.1 kW for the next two hours.
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Fig. 6. Quantile regression gréph for the fifteenth day

Fig. 6 illustrates the quantile regression-based prediction model. At 08:00, production surges to 938 kW,
surpassing the previous 883 kW recorded. However, the peak is recorded at 1769 kW between 10:00 and 11:00
hours. This oscillating pattern captured by the model reflects the stable characteristics of the predictive model
employed for solar power output prediction. The quantile regression quantiles follow the actual graph. Fig. 7
presents the quantile regression analysis of solar power generation from 06:00 to 18:00 hours. The actual power
output starts at a very low 25 kW at 06:00, reflecting minimal irradiance at sunrise. A sharp increase occurs soon
after, with power reaching 614 kW by 08:00 and 1185 kW by midday. The peak generation is observed at 1758
kW in the early afternoon, followed by a gradual decline to 891 kW at 16:00 and finally 111 kW by 18:00. The
actual curve has nine quantile regression lines (q=0.1 to q=0.9) that define the conditional distribution of solar
output across time.

Fig. 7. Quantile regression graph for the seventh day

Fig.8 illustrates the relationship between the actual solar power values and the values predicted by the SVR
model. It can be seen from the plot in Fig. 8 that the maximum prediction points are closer to the diagonal line
representing model accuracy.
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Fig. 8. SVR Predictive Model

Fig. 9 represents normalized pinball loss as a function of the quantile level from t (0.1-0.9). Lower values imply
better quantile-forecast accuracy. The lowest losses occur near the median (t = 0.5), while higher losses at
extreme quantiles (t = 0.1 and t = 0.9) illustrate greater uncertainty in the back end of the PV power distribution.
Fig. 10 illustrates the coverage accuracy of the prediction interval for short-term solar power forecasting; the
Prediction Interval Coverage Probability (PICP) metric is used for this evaluation. The X-axis represents the time
period, while the Y-axis indicates solar power generation in kilowatts (kW). The data points are divided into two
groups: “Not Covered” and “Covered.” A point is considered covered when the actual solar power value lies
within the predicted upper and lower quantile prediction interval, and it is considered not covered when the
actual value falls outside the predicted interval. The graph shows a Prediction Interval Coverage Probability
(PICP) of 85.6% because of some non-linearity in the dataset, and is essential for calibration of probabilistic
forecasting.

Fig. 11 explains the distribution of CRPS contributions across quantile levels t. Lower CRPS signifies better
probabilistic calibration. The results illustrate relatively higher CRPS for lower quantiles (t = 0.1 to 0.3), which
can be attributed to increased uncertainty during low-output periods, while the median quantile (t = 0.5)
exhibits the lowest CRPS. Higher quantiles (t = 0.7 to 0.9) suggest uncertainty near peak generation.

Distribution of Pinball Loss Across Quantiles
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Fig. 10. Prediction Interval Coverage Probability(PICP)

Table Il shows the comparison of six models based on their Average NMSE, where a lower value indicates better
prediction accuracy. Among all the models, Quantile Regression achieves the lowest NMSE value of 0.220,
demonstrating the best performance in terms of accuracy. The Kalman Filter represents an NMSE of 0.350,
showing better predictive capability. LSTM and Gradient Boosting models provide moderate performance with
NMSE values of 0.445 and 0.480, respectively. Also, SVR and MLP exhibit NMSE values of 0.620 and 0.705,
suggesting comparatively lower accuracy. Overall, the table suggests that Quantile Regression is the most
effective model for the collected dataset.

CRPS Distribution Across Quantiles (Quantile Regression)
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Fig. 11. Continuous ranked probability score (CRPS) using quantile regression.

Table II: Average NMSE Values for Different Models

Model Average NMSE
SVR 0.620
MLP 0.705
LSTM 0.445
Gradient Boosting 0.480
Kalman Filter 0.350
Quantile Regression 0.220

VI. Conclusion

In this work, we conducted a comprehensive evaluation of six prediction models—SVR, MLP, LSTM, Gradient
Boosting, Kalman Filter, and Quantile Regression—with average NMSE as the primary performance metric. The
results show that the models possess varying strengths, highlighting the relevance of model selection in time
series prediction.

As evident from the simulations, the Quantile Regression model performed best, especially during periods of
high variability in the time series. The ability to estimate distinct quantiles enables better handling of
asymmetrical datasets. Accurate forecasting is mandatory for effective grid operation [16, 27]. This research
work builds a comprehensive foundation for a probabilistic forecasting algorithm on real-time data. Hence,
provides a pathway for a data-driven energy management system in the modern power sector.
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