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ABSTRACT

Accurate solar generation forecasting is critical for ensuring power system reliability,

economics, and effectiveness and controlling the supply-demand balance. This research

offers novel multi-branch spatio-temporal forecasting models to improve forecasting

accuracy and minimize forecasting errors. The first step is to build temporal models

employing advanced deep learning architectures, such as Long Short-Term Memory

(LSTM), Gated Recurrent Unit (GRU), and GRU with Attention (AttGRU). Next, spatio-

temporal solar forecasting models are constructed. A novel multi-branch Attentive Gated

Recurrent Residual network (ResAttGRU) consisting of multiple branches of residual

networks (ResNet), GRU, and the attention mechanism is introduced. The proposed

multi-branch ResAttGRU is capable of modeling data at various resolutions, extracting

hierarchical features, and capturing short- and long-term dependencies. Moreover, this

network also presents a strong multi-time-scale representative, while GRUs can exploit

temporal information at less computational cost than the popular LSTM. The novelty of

the developed architecture is in the utilization of multiple convolutional-based branches

to learn multi-time-scale features jointly, accelerate the learning process, and reduce

overfitting. This dissertation also compares the multi-branch ResAttGRU networks with

state-of-the-art deep learning methods using 18 years of NSRDB data at 12 solar sites.

The proposed multi-branch ResAttGRU requires 7.1% fewer parameters than multi-branch

residual LSTM (ResLSTM) while achieving similar average RMSE, MAE, and R-squared

values. Finally, to effectively model spatial correlation among neighboring solar sites

as well as to alleviate performance degradation due to overfitting of conventional neural

networks, a spatio-temporal framework comprised of concatenated multi-branch Residual

network and Transformer (ResTrans) is developed. Numerical results indicate that the

multi-branch ResTrans structure achieves the highest forecasting accuracy, with an average

RMSE of 0.049 (W=m2), an average MAE of 0.031 (W=m2), and a R2 coefficient of 97%.
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CHAPTER 1

INTRODUCTION

Electricity is critical to a country's economic and technical development. The dominant

source of electricity production is fossil fuel [1]. As shown in Figure 1.1, over 40% of

electricity generation in the United States in 2020 cames from natural gas, approximately

20% from coal, nearly 20% from nuclear energy, 20% from renewable energy, and less than

1% from petroleum sources [2]. Also, according to Figure 1.2, the United States generated

about 792 billion kilowatthours (kWh) of electricity from renewable sources in 2020, with

wind, hydroelectric, solar, biomass, and geothermal accounting for 42%, 37%, 13%, 7%,

and 2%, respectively. In other words, around 60% of electricity in the United States was

generated in 2020 via the combustion of coal, natural gas, and petroleum, together referred

to as fossil fuels, and approximately 20% via the utilization of renewable energy sources.

The U.S. relies heavily on fossil fuels to cover its daily energy requirements, yet these

sources are insuf�cient and inappropriate. Excessive reliance on fossil fuels leads directly

and indirectly to global warming and plenty of other problems, accelerating the planet's

journey towards a terrible future. Therefore, the modern world seeks to expand the use of

renewable energy while simultaneously reducing its reliance on fossil fuels.

Renewable energy sources, such as solar, wind, and biofuels are economically viable,

easy to use, low in pollution, and abundant in nature. Renewable energy helps sustain

ecology and the environment since they are environmentally benign and do not contribute

to global warming or generation of greenhouse gases. Therefore, the use of renewable

energy sources has grown in popularity. As is shown in Figure 1.3, there are several types

of renewable energy sources, such as solar, wind, biomass, geothermal, and hydroelectric

that work alone or in combination. Solar energy is mostly used in solar thermal and solar

Photovoltaic (PV). Both of them convert raw energy from the sun into electricity. Solar

1



thermal is a technology that collects sunlight and converts it to heat and stores it, while the

latter transforms it into electricity directly.

Figure 1.1: Total electricity production in the United States by major energy sources
between 1950 and 2020 [2].

Figure 1.2: The U.S. electricity generation from renewable energy resources from 1950 to
2020 [2].
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Figure 1.3: Schematic of renewable energy options.

Thus, the PV power generation mainly depends on the amount of solar irradiance [3].

Among various renewable energy resources, solar energy is the most accepted and

promising renewable energy sources owing to its potential and availability. On average, the

solar irradiance received at the Earth's surface is around 1367W=m2, which is equivalent to

1:74� 1017 W per year [1]. Such a widespread and vast amount of solar energy is adequate

to meet the United States' energy demand. Figure 1.4 depicts the solar potential distribution

over the United States which illustrates an abundance of solar energy harvesting potential.

Because of this reason, solar energy has received huge attention from energy players,

investors, and governments over the last decade as the most ecologically bene�cial green

energy source. As shown in Figure 1.5, solar energy is expected to contribute for 14% and

20% of total electricity generation in the United States in 2035 and 2050, respectively [4].

Although solar energy is widely recognized as the most promising replacement for

fossil fuels by the industrial and scienti�c communities, it poses several challenges for its

reliable and stable integration into power grids. To operate a power grid successfully, it is

vital to maintain a perfect balance between power demand and supply.
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