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ABSTRACT

As the photovoltaic (PV) industry moves to extend plant lifetimes to more than 50 years, assumptions
that current and historical weather represent future solar radiation trends may not be appropriate,
especially as our climate changes rapidly. This thesis is a framework for constructing a state-of-the-art data
product to project common solar radiation variables for future years at a high resolution in space and time.
It can serve as a primary tool for PV facility planning and power grid modeling. The data product relies
on regional climate models (RCMs), downscaled from general circulation models (GCMs) that operate on a
global scale. RCMs are often not at a spatial or temporal resolution that is useful for planning. Therefore,
generating higher resolution data from available RCMs for future climate path scenarios is required.

This thesis addresses three research problems that result from building towards this final data product.
First, we examine the uncertainty of regridding multiple RCMs from their native grid resolutions to a
common grid. While this is a frequent step in any multi-modal climate model analysis, the uncertainty and
downstream effects associated with it have not been widely studied. Second, we adapt a common bias
correction method, quantile mapping, for solar radiation data to correct for systematic biases present in
RCMs and assess the effectiveness of this method as well as sources of persistent biases. Finally, this thesis
proposes a novel temporal downscaling method to generate hourly solar radiation data given daily averages
that is adaptable to any location and time of year. We also implement spatial downscaling for solar
radiation data from the 20 km to 8 km grid resolution. The final data product will be publicly available in
October 2024.
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CHAPTER 1
INTRODUCTION

1.1 An Overview of Solar Radiation

Every location on the earth receives some amount of sunlight at least part of the year. However, the
amount of incoming sunlight varies widely throughout the globe according to location, time of day, season,
landscape, and weather. Because of the elliptical nature of the earth's rotation, the distance between the
earth's surface and the sun changes throughout the year and so does the amount of incoming sunlight, or
solar radiation. For example, the earth is closer to the sun when it is winter in the northern hemisphere
and so the amount of incoming solar radiation is little higher during these months. The tilt of the earth,
however, plays a more signi cant role in determining the amount of incoming sunlight. During summer in
the northern hemisphere, countries in mid latitudes of the northern hemisphere, such as the United States,
receive more solar radiation because the days are longer and also because the sun is close to directly
overhead [1].

On a smaller scale, there are several factors that a ect incoming solar radiation and limit the amount of
sunlight that reaches the earth's surface. Sunlight passing through the earth's atmosphere may be re ected,
absorbed, or scattered because of clouds, air molecules, dust, pollutants, wild re smoke, volcanoes, or
water vapor. This type of solar radiation that is di used in some way is called di use horizontal irradiance
(DHI). Solar radiation that directly reaches the earth's surface is called direct normal irradiance (DNI).

Together, DHI and DNI can be used to calculate the total global horizontal irradiance (GHI):
GHI = DHI + DNI  coy ;) (1.1)

where , is the solar zenith angle, or the angle between the sun's rays and the vertical direction. If an
observer were standing outside, the vertical direction is directly above you and angle between that direction
and the sun is ,. Incoming solar radiation is higher when the solar zenith angle is closer to zero, or directly
overhead. Due to atmospheric conditions, incoming solar radiation may be reduced by up to 10% on clear,
dry days. Incoming solar radiation on thick, cloudy days may be completely blocked out and reduced by
100%. All three measures of solar resource (DNI, DHI, and GHI) are often measured iW=m? or KW h=m?.
Photovoltaic (PV) systems generate power using both di use and direct radiation so GHI is a useful
measure of the total available solar resource at a given location and time of year. PV systems are one type
of solar technology that transform incoming solar radiation into energy that can be used within the energy

grid along with other types of energy. A PV system located on South Table Mountain in Golden, Colorado



Figure 1.1 Photovoltaic array on South Table Mesa close to NREL in Golden, Colorado. [3]

is shown in Figure 1.1. PV systems are comprised of solar modules, each with some number of solar cells,
that capture incoming solar radiation and convert it to solar power. Areas that receive more sunlight are
better suited for PV systems. The annual average daily total GHI across the US for 1998-2016 can be seen
in Figure 1.2. Based on this graphic, it is clear that areas in the southwestern US are currently better
suited for PV plants. Total PV production is also a ected by temperature and wind speed, though these
variables have a smaller e ect compared to incoming solar radiation. With PV plants being expensive to
build and researchers working to extend plant lifetimes to close to 50 years [2], choosing an optimal
location that will produce a high amount of solar power for decades into the future is important.

As the climate continues to change, it is expected that some of the factors a ecting the amount of
incoming sunlight may change, such as cloud patterns or the amount of aerosols. Depending on the
location, this might result in solar dimming, or an overall decrease in the amount of solar resource, or solar
brightening, an overall increase in solar resource. In order to accurately model the integration of the solar
radiation into the grid and understnd optimal locations for future PV plants, it is vital that data for these
patterns are available at a spatial and temporal resolution useful for PV system planning, grid integration,
and downstream modeling.

The solar radiation variables mentioned previously can be measured directly through ground sensors or
modeled from satellite date. This thesis will use the latter. In particular, modelled solar radiation data

comes from the National Solar Radiation Database (NSRDB) operated by the National Renewable Energy



Figure 1.2 The annual average daily total GHI in the United States for years 1998-2016. [4].

Lab (NREL) in Golden, Colorado. The NSRDB provides hourly and half-hourly measurements for the
common solar radiation variables mentioned above and meteorological data at the 4km level for years
1998-2021. The most recent version of the NSRDB was launched in November 2022 [4]. While data in the
NSRDB is not directly observed, it has been validated with ground sensor data and found to agree within

5% for GHI [4]. It therefore acts as an observational dataset for the entirety of this thesis.
1.2 Global and Regional Climate Models

The future of earth's climate is di cult to determine exactly but scientists can make informed guesses
through physics based, deterministic climate models. These come in the form of general circulation models
(GCMs) which model the circulation of the atmosphere on a global scale and output numerous variables of
interest including temperature, precipitation, and solar radiation. GCMs are split into historical and future
scenarios typically covering years from 1948 to 2100. Future projections of the earth's climate are often
split into four categories based on the expected greenhouse gas concentration trajectories. These
categories, called representative concentration pathways, or RCPs, are split into the following levels: 2.6,
4.5, 6, and 8.5. The levels scale up where the lowest, 2.6, represents a \fast action" approach which
assumes humanity works to decrease greenhouse gases in the atmosphere and counteract its e ects while

8.5 represents the opposite, or taking no action to limit or mitigate greenhouse gases.
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