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Abstract

In order to advance the field of solar power forecasting, the public, business, and academic sectors
collaborated, and the results are reported in this study.Under the direction of the National Centre for
Atmospheric Research (NCAR), the project used a value chain strategy to capitalise on team members'
visions and advance towards the ultimate objective of enhancing the economics of solar energy
deployment. This paper examines the collaborative design process, talks about the outcomes of the
project, and offers suggestions for "best practise™ solar forecasting.
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Introduction

Energy is essential to the current human society. It is essential to any country's socioeconomic
development. Thus, the availability of energy and a nation's level of development are closely related. In
countries all around the world, as wealth and economic opportunities increase, so does energy
consumption [1]. Thus, the need for energy generation has grown over time. This problem has two
important aspects. First off, the current pattern of energy generation is unsustainable because the majority
of energy generation units rely on fossil fuels. It endangers human life and is a serious threat to the
environment [2-4]. The main component of any nation's economic growth is energy. Energy consumption
is therefore a barometer for the country's growth pace. The two primary categories of energy sources are
defined as renewable and non-renewable. The scarcity of non-renewable energy resources stems from
their protracted replenishment period. Power plants can generate additional power on demand to these
non-renewable resources. The foundation of non-renewable energy resources is natural gas, oil, coal, and
nuclear power. These natural resources are depleting over time because the sources do not refill. With the
exception of nuclear energy, which is frequently referred to as "zero-carbon" or "low-carbon" energy, the
majority of renewable energy sources are environmentally harmful [5-9].

Solar Power production (SPG) is the technical term for a power production process that uses solar energy
to create electricity. It makes use of solar panels, which are frequently placed atop structures or
concentrated in solar farms, to accelerate a process that turns solar radiation into electrical power. In a
solar panel, photovoltaic (PV) cells convert sunlight into direct current (DC) power [6-10]. The DC
electricity is then changed into alternating current (AC) electricity via an inverter. The electricity is then
either used, fed back into the system, or stored in a battery after this process has taken place. The cost of
generation is contingent upon the quantity, configuration, and location of the panels; nevertheless, in
general, the cost of solar electricity is declining annually [11-14].
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The amount of solar energy that reaches the Earth's surface is 1,20,000 TW, or 20,000 more than what the
world requires. Therefore, it is crucial to efficiently convert solar energy into electricity and integrate it
into the grid so that it may be distributed and used where it is needed. Solar energy is also self-renewing,
limitless, and non-contaminating [15-16]. For these reasons, producing electricity from solar energy
differs from other methods of energy conversion. In many parts of the world today, renewable energy
sources—more especially, solar energy conversion techniques—are more affordable than traditional
energy [17]. They stand out for being more affordable and, in many cases, are just as good as traditional
sources. Renewable energy is already emerging as the most environmentally and financially viable option
due to economies of scale and innovation.

The first stage in harvesting solar electricity is converting the sun's energy, or irradiance, into usable
power. Some of this energy is attenuated by clouds and atmospheric particles on its way to the Earth's
surface, which reduces the available irradiance depending on the atmospheric conditions. The volatility in
solar power availability becomes a crucial aspect as utilities work to preserve grid stability and plan for
the next day's unit allocations (Fig 1). Therefore, with the increasing rate of solar power integration into
the national electric grid, it is becoming increasingly important to overcome the normal forecasting
challenges of this highly variable renewable resource (Fig 2).
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FIG. 1. The Sun4Cast forecasting technology in multiscale predictions.
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FIG. 2. Diagram showing the WRF-Solar augmentations that now include specific interactions
between radia- tion, clouds, and aerosols.

Materials and methods

In response to the increasing need for specialised forecast products for solar energy applications, the
Weather Research and Forecasting (WRF) Model (WRF-Solar) was created. The goal of the research was
to enhance WRF-Solar's solar configuration, which is utilised by the DICast and NESI systems. For a
wide variety of sites, the ECMWF global model greatly outperformed the GFS-driven WRF Model; this
was mostly because of shortcomings in cloud modelling and data assimilation. The initial improvement
was to incorporate fluctuations in Earth's orbit eccentricity and obliquity into the solar-tracking algorithm.
Diffuse (DIF) and direct normal irradiance (DNI) components from WRF-Solar were introduced in the
second upgrade.

The short-range forecasting methods are the Cooperative Institute for Research in the Atmosphere
(CIRA) Nowcast, WRF-Solar-Now, MAD-WRF, Multisensor Advection-Diffusion Nowcast, and NESI
system, which offers an illumination forecast with a time range of 0 to 6 hours. With its ability to operate
on the smallest time scale, TSICast is a ground-based cloud imaging and tracking system that makes it
possible to identify
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Results and discussion

Forecasting solar radiation

An essential factor that has a direct impact on the SPG is the design and execution of the solar radiation
forecasts based on the WT-MTLBO-OELM model, which is covered in chapter 4. Precise estimation of
solar radiation is necessary to accurately estimate the energy output of solar energy systems, contingent
on the surrounding conditions. The performance of solar irradiation forecasting using WT-MTLBO-
OELM, MTLBO ELM, TLBO ELM, ELM, and ANN model has been examined. The LMD-MTLBO-
OELM model is used in this section to forecast solar irradiation. The WT-MTLBO-OELM and MTLBO
OELM models were contrasted with the suggested model. The forecasted sun irradiation is now more
accurate (Fig 3).
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Fig 3: variation of WT-MTLBO-OELM and MTLBO OELM

Analysis of the results

Furthermore, non-parametric tests like the Diebold-Mariano (DM) test (Fig 4) are used to potentially test
the suggested model's superiority over competing models. By acknowledging errors related to the
anticipated data of each model, the test helps determine how competent a prediction model is in
comparison to others.
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Fig 4: Diebold-Mariano (DM) test

System evaluation and testing.

approximately operationalization

Co-implemented with team members, the Sun4Cast system ran from January 2015 to March 2016. The
project's partners are dispersed among important geographic areas, which enhances the quality of the
results. The Model Evaluation Tools (MET) package (Fig 5) from NCAR serves as the foundation for the
verification system, and verification measures of power and irradiance are computed using the
MET Viewer database and display system. The Sun4Cast algorithm creates forecasts beginning at time t =
0 by statistically combining NWP estimates to provide a forecast that lasts longer than six hours. When
scores are averaged across all partner sites, the blended Sun4Cast and WRF-Solar systems perform better
for day-ahead forecasts than operational models
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NOWCAST Evaluating

One reason to look at each nowcast component is because they may all be helpful for a particular forecast
horizon (lead time) and set of sky conditions. Figure 6 displays the relative skill of each model when
these scores are totaled over the course of the 15-month evaluation period across all regions. The scores
were averaged throughout the hourly startup times. It also exhibits proficiency in clear, partly cloudy, and
cloudy conditions. In clear conditions, only the combined nowcast NESI and WRF-Solar-Now beat the
smart persistence to 45 minutes (0.75 hours). After this, all approaches exceed smart persistence in terms
of MAEs; through lead durations of three to six hours, WRF-Solar-Now and CIRACast surpass WRF-

Solar-Now and MAD-WRF.

Case Studies NOWCAST
The observations from seven SMUD-owned and -operated pyranometers near Sacramento, California,

were compared to the 15-min-average GHI predictions. A comparison was made between the GHI
forecasts from many forecast models, including StatCast-Cubist, CIRACast, MADCast, and four variants

of WRF-Solar.
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Fig 6: case studies of NOWcast performance
Discussion
All participants in the DOE-sponsored Public-Private-Academic Partnership to Advance Solar Power
Forecasting programme contributed to the Sun4Cast Solar Power Forecasting System. The project began
with a value chain approach to characterise the problems in order to build a solution that meets industry
needs. The result is the solar power forecasting tool Sun4Cast, which has been thoroughly evaluated.

recommendations for forecasting that adhere to best practices. Two of the key goals of the research were
to determine the functionality of each component system and to provide recommendations for best
practices in the setup of solar power forecasting systems. The following are some specific
recommendations:

» Merge different component models or systems. The projections produced by integrated models/systems
are consistently noticeably better than those from a single model or technique when the entire time frame
is analysed.
» Utilise an adjusted NWP model for the planned application. Making use of WRF-Solar greatly improved
the prediction. It has proven especially useful to use high-resolution, high-quality aerosol datasets in
conjunction with a shallow cumulus scheme.
» Make use of several NWP models. Better forecasts are produced for time intervals ranging from three
hours to the day-ahead forecast and beyond when multiple NWP models are combined.
» Use statistical learning techniques trained on focussed in situ data for short-range forecasting. StatCast,
which learns from local pyranometer data, outperformed TSICast, which also uses numerous sky imagers,
even at short time scales (15 min-3 h).
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Conclusion

Regarding how they see solar power forecasts developing in the future, our utility and ISO partners
offered input. "The industry need is still there and will only get larger as more distributed energy is
connected to the grid," remarked one partner. According to another, the projections will come from
"centralised forecasts generated by the balancing authority (BA), the ISO, and the regional transmission
authority (RTO), with multiple applications and varying granularities." It is our collective responsibility
as a community to continuously deliver better forecasts in a way that will be useful and enticing to end
users. Solar power forecasting using tools like Sun4Cast will offer critical technologies that will improve
the economics and enable larger solar power installations as solar power penetration grows.
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Abbreviation

SPG - Solar Power production
PV - photovoltaic

AC - alternating current
DC - direct current
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