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Abstract

Solar photovoltaic (PV) resources are a key enabling technology in the global energy transi-
tion towards a more sustainable future. However, PV generation is highly variable due to the
dynamic shading caused by clouds. To mitigate the effects of PV variability on electrical grid
stability, grid operators rely on solar forecasts to proactively dispatch grid assets and balance
supply and demand. To gain insights into the nature of solar variability, which is key for effec-
tive solar forecasting, this thesis presents a statistical assessment of high resolution spectral and
broadband solar irradiance in Ottawa, Canada. The statistical assessment investigates the first-
and second-order spectral and temporal dependencies of irradiance time series within the con-
text of stationarity. The temporal structures indicate that solar irradiance processes are at best
weakly stationary, and the implications for forecasting are discussed. The results of the statis-
tical assessment are leveraged to develop several deterministic machine learning solar forecast-
ing models (LSTM, XGBoost, and 1D-CNN). These models are implemented and compared in
terms of computational complexity and prediction accuracy. It was found that under all sky con-
ditions, the inclusion of spectral irradiance data improved forecasting performance compared
to only using broadband irradiance. A ramp regime classification algorithm is then described,
which enables the training and testing specialized ramp regime forecasting sub-models. These
specialized sub-models were found to yield even greater forecasting accuracy within their re-
spective ramp regimes, compared with the all-sky models. Further optimization and ensembling

of the presented solar forecasting models is recommended for future work.
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Chapter 1: Introduction

Solar photovoltaic (PV) energy resources are a key technology for enabling the global energy
transition. The world’s current dependence on fossil fuels for energy is considered unsustain-
able in terms of the environmental, societal, and economic impacts [1]. Moreover, as the global
population and demand for energy continuously grow, limited fossil fuel reserves are rapidly
depleting and thus cannot guarantee future energy security [1], [2]. However, the many en-
vironmental, societal, and economic consequences of relying on fossil fuels can, in part, be
mitigated by shifting the world’s energy mix to one that is dominated by renewable energy

sources such as solar PV [1], [3], [4].

The installed capacity of PV has seen tremendous growth in recent years. Though it remains
a small fraction of the required global energy supply, the high growth rate of PV makes it a
promising resource for meeting future electricity needs [4]. However, while the potential for
PV is great, its rapid growth presents many challenges — among which is its inherent variability
[5]. During daylight periods, short term solar energy production is highly variable due to the
dynamic shading caused by clouds moving across the sky. As clouds move in front of the sun,
the amount of sunlight, or irradiance, that is incident upon the Earth’s surface can drop sub-
stantially and rapidly, while the opposite occurs when clouds leave the sun’s position in the sky.
These fluctuations in incident irradiance result in similar fluctuations in the output power of
PV modules, which hinders power quality and stability. At present, electricity grids can absorb
most of these PV power fluctuations with their grid inertia, since the majority of grid electric-
ity comes from large, stable, centralized power plants [6]. However, the future energy mix is
expected to shift away from these central power plants and instead consist of mostly decentral-
ized renewable sources, meaning much of the inherent grid inertia will be lost. Additionally,
the expected growth of grid-connected PV will significantly increase the amount of variability
being fed to the grid. Future electricity grids must therefore be able to accommodate higher
variability with lower grid inertia in order to maintain stability and energy security. Thus, for
PV to successfully drive the global energy transition, its variability must be understood and

controlled.

1.1 Thesis Objectives

The challenge of achieving a stable electricity grid with PV as a primary contributor is a multi-

disciplinary one. Understanding the effects of Earth’s dynamic atmostphere on the incoming



solar irradiance — and managing the resulting impacts on PV power — requires a mix of en-
gineering, atmospheric sciences, and data analytics [7]. Once these atmospheric effects are
understood, the power quality control mechanisms required for ensuring a stable grid with high

PV penetration requires can be deployed more effectively.

To stabilize PV power generation, slower fluctuations caused by slow moving clouds can be
balanced by dispatchable grid assets like electricity storage systems or small fossil fuel gen-
erators. Faster PV power fluctuations caused by fast moving clouds must be offset in a much
shorter time frame, so the power electronics in PV inverters become responsible for handling
these events. In both cases, however, a reactive approach to managing PV fluctuations after they
have already occurred is insufficient. Instead, a proactive approach to managing PV fluctuations
before they occur must be adopted.

To enable control measures to be taken in advance of fluctuation events, accurate forecasting
of incident solar irradiance and PV generation is vital. The prediction of both irradiance and
PV power is combined under the term solar forecasting. Although electricity grid operators
are directly concerned with mitigating the impacts of PV power fluctuations, these fluctuations
are merely the result of irradiance variability. Therefore, to gain a better understanding of the
problem as a whole, this thesis addresses the root of the problem by assessing the underlying
characteristics of solar irradiance variability and cloud dynamics.

The first major objective of this thesis is to investigate the statistical properties of irradiance
variability. As earlier described, clouds move at different ground speeds which results in a
range of irradiance ramp rates at the ground level. It therefore becomes necessary to assess
the irradiance variability across multiple time scales in order to capture and quantify the fluc-
tuations over very short (sub-second) to longer (hourly) periods. Furthermore, as clouds have
different spectral impacts on the incoming irradiance, the spectral irradiance variability must
be investigated as well. Thus, this thesis provides probabilistic descriptions of the spectral and
broadband irradiance variability across time scales relevant to PV generation.

The second major objective builds upon the first by leveraging the spectral and broadband irradi-
ance variability statistical behaviours in the development of multiple sub-hourly solar forecast-
ing models. Three machine learning algorithms are used to develop these forecasting models,
which are trained on one full year of high resolution data to capture all seasonal effects. The
machine learning models are compared against the well-known smart persistence model [8],
which is considered to have no forecasting skill as its predictions are made by simply shifting
the time series forward. Given the differences in irradiance variability statistics at different sub-

hourly time scales, individual forecasting models are trained to make predictions at forecast
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horizons ranging from a few seconds up to one hour ahead. Although the aim of these models
is to forecast the solar irradiance, these predictions can later be mapped to PV generation. This,
however, is beyond the scope of this thesis.

In the irradiance variability statistical assessment and solar forecasting sections of this thesis —
namely, Chapters 4 and 5 — the data involved is from a new spectral irradiance database created
in Ottawa, Canada. The data is generated by a custom SolarSIM-G from Spectrafy, which
measures the spectral irradiance at nine wavelengths across the solar spectrum and derives the
broadband irradiance from these measurements. The database contains measurements from

June 2021 until present, with 250 ms resolution.

1.2 Thesis Overview

Chapter 2 of this thesis introduces the theory and contextual information necessary to motivate
and understand the research presented in later chapters. This chapter begins with a review of
the solar resource, its broadband and spectral components, and its sources of variability. These
concepts are presented within the context of PV generation variability and the resulting impacts
on electrical grid stability. The role of and best practices for operational solar forecasting are
then discussed.

Chapter 3 provides the fundamental theory underlying the machine learning algorithms used
to create the solar forecasting models in Chapter 5. The operating principles behind the long
short-term memory (LSTM), extreme gradient boosting (XGBoost), and 1-dimensional con-
volutional neural network (ID-CNN) models, which make up the forecasting models in this
thesis, are presented. Several foundational models from which the LSTM, XGBoost, and 1D-
CNN models are derived are also described in order to provide a complete description of the

algorithm architectures.

Chapter 4 presents a journal article manuscript intended for submission in 2023. In this
manuscript, an extensive statistical assessment of spectral and broadband irradiance variabil-
ity is provided within the context of solar forecasting and time series stationarity. This paper
uses one full year of data from 2022 to investigate irradiance variability, from both spectral and
broadband perspectives, on time scales ranging from seconds to seasons. The assessment fo-
cuses on the quantification of the temporal and spectral dependencies which exist on these time

scales, and aims to explain their origins.

Chapter 5 describes the short-term solar forecasting (nowcasting) models implemented in this



thesis. Several machine learning models are trained, tested, and compared in accordance with
proper solar forecasting research practices [9], using ground-based broadband and spectral ir-
radiance measurement data from all sky conditions. An approach to irradiance ramp regime
classification, which leverages the results from the manuscript in Chapter 4 and the confer-
ence proceeding provided in the appendix, is then presented. Different ramp-regime-specific
nowcasting models are then trained using the proposed classification method, and their perfor-

mances are compared with each other and the models trained on all sky conditions.

Chapter 6 concludes this thesis with a summary of its main contributions to the fields of so-
lar resource assessment and solar forecasting. Several next steps are also suggested to help
identify and overcome the limitations of the approaches taken in earlier chapters, such that the

nowcasting models can be made operationally applicable.



Chapter 2: Solar Resource and Forecasting Background

2.1 The Solar Resource

The energy delivered by the sun to the Earth’s surface can be converted to electricity by pho-
tovoltaic generators (solar panels). Before entering the Earth’s atmosphere, the sun provides
a total extraterrestrial solar irradiance of approximately 1361 W/m?, which is known as air
mass zero (AMO) [10]. As it travels through Earth’s atmosphere towards the surface, the irradi-
ance interacts with aerosols, clouds, and other atmospheric constituents which cause different
scattering and absorption processes to occur. These processes disperse the light in different di-
rections and, as a result, the total solar irradiance measured at the Earth’s surface is decomposed
into two components: the direct normal irradiance (DNI) and the diffuse horizontal irradiance
(DHI). The DNI is the unobstructed irradiance traveling directly from the sun to the Earth’s
surface, while the DHI is all of the incident light that has been scattered or reflected by clouds,
the ground, or other surfaces as illustrated in Figure 2.1.

Scattered

\

Absorbed
L]

-
B ey

Scattered \

Diffuse (DHI)

Diffuse (DHI)

Figure 2.1: Illustration of irradiance components

The DNI and DHI can be combined in a total irradiance metric, known as the global horizontal
irradiance (GHI):



GHI = DNI - sinf + DHI (1

where 0 is the solar elevation angle. Under clear-sky conditions (i.e., when there are no clouds
present), the DNI, DHI, and GHI can all be estimated using a theoretical clear-sky model. Clear-
sky models take into account the Earth’s atmospheric conditions in the absence of clouds, as
well as the solar coordinates. The solar coordinates are used to identify the location of the sun
relative to a specific site on the Earth’s surface using a spherical coordinate system. Many clear-
sky models require only two solar coordinates: the elevation angle (0) and the azimuth angle
(¢). The elevation angle corresponds to the sun’s angular height relative to the horizontal plane
(i.e., the ground). The elevation angle is 90° when the sun is directly overhead, while at sunrise
and sunset the elevation angle is 0°. In contrast, the azimuth angle corresponds to the sun’s
lateral position relative to north. For instance, when the sun is directly south of an observation
site the azimuth angle will be 180°.

2.1.1 Broadband and Spectral Irradiance

Fundamentally, solar irradiance is electromagnetic radiation emitted by the sun. It is made of
a spectrum of wavelengths, ranging from the ultraviolet (UV) to infrared (IR), with varying in-
tensities as illustrated in Figure 2.2. The broadband irradiance is the integrated solar spectrum,
from UV to IR and all of the visible light wavelengths in between. In contrast, the spectral
irradiance refers to the sunlight at a specific wavelength. In practice, the spectral irradiance is
typically measured as a very narrow band of the solar spectrum surrounding the center wave-

length.

The distinction between broadband and spectral irradiance is significant in the context of PV
generation. Broadband irradiance data is typically considered to be sufficient for PV generation
modelling and forecasting, meaning the information that is potentially embedded in the spectral
components gets overlooked. The neglection of the spectral components is largely due to a lack
of available spectral irradiance data. There are several broadband irradiance databases for sites
around the world, such as NSRDB [12] and PVGIS [13], but very few which include spectral
measurements. However, it has been shown that aerosols, cloud types, and other atmospheric
constituents affect different spectral regions in different ways [14]. As the irradiance variability
induced by clouds is therefore likely to be spectrally dependent, it is also likely that different

PV materials will experience different variability under the same sky conditions. Therefore,
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Figure 2.2: Snapshot of the measured solar spectrum capture by the nine spectral channels of
a Spectrafy SolarSIM-G [11]

in the context of solar modelling and forecasting, both broadband and spectral irradiance data

should be considered.

2.1.2 Solar Irradiance Variability

In cloudless sky conditions, the solar irradiance can be accurately derived using theoretical
clear-sky models, in which there are only two sources of irradiance variability. First, there is
the diurnal (daily) variability caused by the sun’s path across the sky —rising in the east, reaching
its maximum elevation angle at solar noon, and setting in the west. The received irradiance at
the ground level naturally follows a similar diurnal pattern with the least irradiance in the early
morning and late evening, the most around midday, and none at night. This diurnal behaviour

is illustrated for three days using a clear-sky model in Figure 2.3.

The second source of clear-sky irradiance variability is the orbital cycle, which is caused by the
Earth’s elliptical orbit around the sun. During the summer solstice on June 21, the period of
daylight and the maximum daily solar elevation angle are the largest in the year. In contrast,
during the winter solstice on December 21, the period of daylight and the maximum daily solar
elevation angle are the smallest. For days between the two solstices, the daylight periods and
maximum solar elevation angles progressively increase and decrease depending on the time of
year. These variations in day length and maximum daily solar irradiance are also taken into
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Figure 2.3: Modelled clear-sky GHI for the first three days in June 2022

account by clear-sky models.

Although climates vary widely between locations around the world, even very sunny places do
not experience completely clear skies year-round. Hence, while clear-sky models are useful for
capturing the diurnal and orbital irradiance trends, their applicability in the real world is limited
because they neglect the third major source of variability: clouds. The impact of clouds on
the incident solar irradiance is illustrated by comparing the modelled clear-sky GHI in Figure
2.3 with the actual GHI measured on the same days in Figure 2.4. Unfortunately, there is no
theoretical model that can perfectly capture irradiance behaviour in the presence of clouds. The
impact of any given cloud on ground-level irradiance is determined by many factors, such as
the cloud’s size, density, aerosol optical depth, altitude, ground speed, and position in the sky
relative to the sun. This is further complicated by the presence of many clouds in the sky with
different attributes, which is extremely common.

Formally, the total irradiance variability across all time scales and all sky conditions can be
expressed by decomposing it into the three main contributors described above:

AE = AEorbital + AEdiurnal + AEclouds (2)

8
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Figure 2.4: Measured GHI for the first three days in June 2022

where AFE is the total irradiance variability, AE,,pi;qo; and AE j;,,nq; are the known (deterministic)
variability components, and AE;,,4, 1s the unknown (non-deterministic) variability induced by
clouds. The orbital and diurnal components are well understood and can be easily predicted by
clear-sky models. On the contrary, cloud-induced irradiance variability is the most challenging

to capture and of major significance in the context of PV generation modelling and forecasting.

Given the complexity of cloud-induced irradiance variability, empirical (i.e., data-driven) ap-
proaches to modelling and characterizing it are more realizable than theoretical ones. In this
thesis, a database containing ground-based broadband and spectral irradiance measurement data
is used to quantify the cloud-induced irradiance variability on a range of time scales. Before
the cloud-induced variability can be probed directly, the irradiance measurements must first be
detrended of their deterministic diurnal and orbital patterns. This is commonly achieved using
the clear-sky index, k™, which is the clear-sky normalization of the measured irradiance [15]:

K (1) = 3)

where E(t) and E,;(t) are the measured irradiance and theoretical clear-sky irradiance values
at a particular time, #, respectively. The asterisk included in the k*(¢) notation is used to differ-
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entiate this clear-sky index, which uses a terrestrial clear-sky model that includes atmospheric
irradiance effects, from the clearness index, k(t), which uses an extraterrestrial clear-sky model
and neglects the Earth’s atmosphere. Dividing the measured irradiance by the theoretical clear-
sky irradiance, the diurnal and orbital patterns are effectively removed from the measured data.
As such, the remaining variability in the clear-sky index is dominated by cloud dynamics. It
should be noted that the value of the clear-sky index can exceed 1 — this situation occurs in
lensing conditions, when the sun disk is unobstructed but surrounded by clouds which reflect
additional light towards the ground site. While Eq. (3) represents the broadband clear-sky

index, the spectral clear-sky index can be similarly defined as:

E(Asr)

= Ecir(A:1)

4
where E(A;f) and E.,(A;t) are the measured and theoretical clear-sky spectral irradiance, re-

spectively, located at wavelength, A.

After isolating the cloud-induced variability (AE;,,qs) using the clear-sky index, it can then be
quantified using the clear-sky index increment [15], Ak}, which is defined as:

Ak (1) =k*(t+ 1) — K*(¢) 3)

where x*(¢) and k*(¢ + 7) are two clear-sky index values separated by a time step, 7. In other
words, the clear-sky index increment is the forward difference of the clear-sky index across
a time horizon defined by 7. Again, while Eq. (5) expresses the broadband clear-sky index
increment, the spectral equivalent is defined as:

Ak;(Ast) = K*(Ast 4+ 1) — K* (A1) (6)

Intuitively, the value of the clear-sky index increment corresponds to the change in normalized
irradiance caused by clouds. The clear-sky index increment is relatively large (closer to +1)
when the clouds cause a significant irradiance change, and relatively small (closer to 0) when
the clouds introduce little variability. The former situation is common in mixed sky conditions,
when there are many clouds moving across the sun’s position in the sky causing dynamic shad-
ing on the ground. The latter is common when the sky is more homogeneous around the sun’s

position, such as in stable clear or overcast conditions. Since the clear-sky index can have values
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greater than 1, the clear-sky index increment likewise has the potential to exceed values of +1
in very extreme sky condition changes. Finally, the clear-sky index increment can have either
positive or negative values, such as when a cloud leaves or blocks the sun’s position in the sky,
respectively. The mapping between the clear-sky index and the clear-sky index increment is

illustrated in Figure 2.5.
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Figure 2.5: Snapshot of the GHI clear-sky index illustrating (a) small positive, (b) small nega-

tive, (c) large negative, (d) large positive, and (c) near-zero clear-sky index increments

As can be seen in Figure 2.5 above, irradiance fluctuations caused by moving clouds can occur
over different time scales with different ramp rates. For this reason, the clear-sky index incre-
ment must be computed for a range of 7 values in order to capture all variability, from rapid
fluctuations taking only a few seconds to more gradual changes taking several minutes or even

hours.

Chapter 4 of this thesis investigates the clear-sky index increment probability distributions for
various sub-hourly time steps in order to statistically model the cloud-induced variability. These
distributions are computed for the broadband and spectral irradiance time series using kernel
density estimation [16], which empirically approximates the probability density function of a
sample distribution. For a given sample distribution (x;,x»,...,X,), the kernel density estimator
is given by:
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1 X—X;

Flx) = th( ) ™)

n i=1

where fj, (x) is the unknown probability density at any given point x, % is the bandwidth which
acts as a smoothing parameter, and the kernel, K, is a non-negative window function. In this
work, Gaussian kernel density estimation is used, meaning a normal (Gaussian) kernel is used.

The bandwidth is chosen using Silverman’s rule-of-thumb estimator [17], implemented as:

 (n(d+2)\ T
(442)

where n is the sample size and d is the number of dimensions of the data. Since the clear-sky

index increment time series is one-dimensional, Eq. (8) simplifies to:

3n -5
()

2.2 Impacts of High PV Penetration on Electricity Grids

Due to the cause-and-effect relationship, solar irradiance variability is directly coupled with
PV generation variability; large fluctuations in incident solar irradiance will cause large fluc-
tuations in PV power. In grids where PV is a relatively minor contributor, solar variability is
not of great concern since the large, high-inertia baseload (e.g., coal, nuclear, or hydro) power
plants can absorb the fluctuations introduced by PV. However, in grids where PV is a significant
contributor, the impacts of its variability become a major concern. With enough grid-connected
PV capacity, large fluctuations experienced in the overall PV supply can cause grid voltages to
deviate beyond allowable limits. This can result in power quality issues for consumers, possible
damage to grid-connected appliances and equipment, and even area-wide blackouts in extreme
cases. These risks will also become greater over time as large baseload plants are removed from
future grids, which are shifting towards a distributed resource architecture. Beyond the threat
to grid stability, the balance between electricity supply and demand in grids that heavily rely
on PV can be jeopardized during periods of low irradiance. While a crude solution to such
supply-demand imbalances is load-shedding, this is not desirable for consumers who require

uninterrupted energy access.
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2.2.1 Mitigation of PV Variability

There are a number of actions which grid operators can take to mitigate the impacts of PV vari-
ability. To some degree, fast PV power fluctuations can be handled by inverters before feeding
into the grid. Inverters play several key roles in PV systems, but their primary responsibilities
include power conditioning and converting the direct current (DC) PV output to alternating cur-
rent (AC) to synchronize with the grid. While some inverters are capable of preventing fast
voltage transients from being fed into the grid, inverters cannot supply additional energy to
offset the lacking PV generation during periods of low irradiance. For this, dispatchable grid
assets are needed.

Dispatchable grid assets include generators and energy storage systems which can be controlled
by grid operators and "dispatched" as needed [18]. Grid batteries are typically used to help
absorb and offset the fast ramps in PV power, as they can be charged and discharged rapidly.
However, utility-scale batteries are very expensive, so grid operators typically have a limited
capacity of battery-stored energy at their disposal. To offset low PV power for many seconds
or minutes, grid operators rely on other assets like small diesel or natural gas generators. These
generators can be started up quickly to supplement the PV power, but their operation should only
be as-needed since they can be expensive to run, environmentally harmful, and require frequent
maintenance and refueling. This can be achieved with advanced warning of PV fluctuations,
which allows operators to optimally schedule grid asset dispatching ahead of time. This way, PV
variability can be effectively and proactively managed while allowing generators to be turned
off whenever they are not needed.

Finally, grid operators attempt to reduce the amount of variability introduced by PV to the grid
by penalizing prosumers and PV plant owners who cannot accurately predict how much power
they will sell to the grid in the near future. In real-time (spot) markets, prosumers and PV
plant owners bid on how much energy they expect to be able to sell a short time into the future.
Bidding a high amount of electricity results in a higher payout from the grid, while bidding a low
amount will decrease the payout — provided the bid matches how much electricity is actually
supplied [19], [20]. However, when a high amount of electricity is bid but a low amount of
electricity is delivered to the grid, a penalty is given to dissuade greedy bidding which prevents
grid operators from scheduling their assets accurately. Hence, it is in the best economic interests
of prosumers and PV plant owners to be able to accurately forecast how much electricity they
will generate in the near future. Solar forecasting therefore not only improves grid stability
and asset scheduling, but it can also improve PV economics and make the renewable energy
technology more affordable in transactive energy markets [21].
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2.3 Solar Forecasting

Having established the need for solar forecasting and its enabling role in the global energy
transition, the remainder of this chapter outlines the solar forecasting approaches, requirements,
and guidelines that will be used in later chapters of this thesis.

2.3.1 The Persistence Model

The simplest approach to solar forecasting is to use the persistence model [8]. The persistence
model relies on the assumption that the conditions some time step into the future will be the
same as the current conditions (i.e., the current conditions will persist into the future). The
persistence model neglects all sources of variability, including the diurnal and orbital trends.

Formally, the persistence model is defined as:

E(t+1)=E(1) (10

where E(t) is the current irradiance and E(¢ + 7) is the predicted irradiance after some time
step, 7. In the context of forecasting, the time step is referred to as the forecast horizon. The
persistence model is considered to be a naive model with no forecasting skill because it does
not intelligently account for variability. In practice, implementing the persistence model is

equivalent to shifting the measured irradiance time series data by the desired forecast horizon.

2.3.2 The Smart Persistence Model

The smart persistence model, which is a slightly more sophisticated version of the persistence
model, takes into account the diurnal and orbital irradiance trends [8]. With the persistence
model, there will always be some amount of forecasting error due to the change solar posi-
tion over the forecast horizon — even if the sky condition is perfectly persistent. With smart

persistence, forecasts are instead made using the clear-sky index:

K*(t+7)=K"(t) (11)

where k*(¢) is the current clear-sky index and K* (¢ 4 7) is the predicted future clear-sky index.
As described in Section 2.1.2, the clear-sky index detrends the measured irradiance time series
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of the diurnal and orbital trends. Therefore, the only forecasting errors for the smart persistence
model will be strictly due to cloud-induced variability. The predicted clear-sky index value can
then be mapped back to an irradiance value using the known clear-sky irradiance value at the

target time stamp:

E(t+7)=x"(t) Eq (1 +7) (12)

While simple, smart persistence is foundational in the field of solar forecasting. The smart
persistence model is typically used as a benchmark since it performs rather well at short forecast
horizons. For instance, if the forecast horizon is 1 second into the future, it is likely that the
measured irradiance will not change significantly — since cloud motion is limited within that
1 second — which would naturally favour the smart persistence model’s predictions. In fact,
the smart persistence model typically outperforms even the most complex modern forecasting
models at sufficiently short forecast horizons. However, smart persistence becomes increasingly
unreliable as the forecast horizon gets longer since sky conditions have more time to change
drastically. Nonetheless, smart persistence serves as a universal benchmark for forecasting and
models that cannot outperform it at a particular forecast horizon are considered to have no
forecasting skill and are insufficient.

2.3.3 Approaches to Solar Irradiance Forecasting

In recent years, many approaches to solar irradiance forecasting have been proposed. Several
methods use numerical weather prediction (NWP) models, such as [22], [23], and [24] which
use current weather conditions to predict the future irradiance. Other approaches like [25], [26],
and [27] use satellite data to make irradiance forecasts, which typically involve mapping satellite
images to the irradiance incident at ground-level. NWP and satellite irradiance forecasting
approaches have the benefit of being widely applicable around the world; these models and
data often cover entire countries or even continents. However, NWP- and satellite-based solar
forecasting approaches are often limited to low spatial and temporal resolutions. That is, most
data NWP and satellite data is between 15 minute to 1 hour resolution and covers large spatial
regions (often several kilometers wide) [12], [28], [29]. Hence, very short term local forecasting
is limited with these approaches.

Sky imagers, which capture images of the sky from the ground, have been used extensively

in solar forecasting, as in [30], [31], and [32]. Sky imagers help overcome the limitations of
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satellite data by taking the ground-based perspective; rather than a wide area image of the sky
from above, sky imagers capture the local sky conditions. Additionally, sky imagers often have
much higher temporal resolutions, which means shorter forecast horizons can be addressed.
Sky imagers are also able to track local cloud motion [33], which results in the spatial element
of cloud dynamics to be accounted for in forecasts. While sky imagers are useful for irradi-
ance forecasting, processing sky images and mapping them to irradiance can be a complex and
computationally intensive task [34].

Groud-based data has also been found to be useful for solar forecasting. This can included the
use of pyranometers [35], which measure local (point) irradiance with typically high temporal
resolution. While individual pyranometers do not capture spatial information, such as cloud or
shadow motion, networks of pyranometers spread out over a small region can overcome this
challenge [36]. Combining spatial information with high temporal data resolution, accurate
short-term forecasts of local irradiance can be achieved. To overcome the limitations of the dif-
ferent types of data used for forecasting, multiple data sources can be combined (e.g., ground-
and satellite-based) for improving irradiance forecasting [37]. This way, the higher temporal
resolution and precision of ground-based sensors is combined with the wide-area spatial infor-
mation provided with satellite or sky imaging data.

Besides the type of data used for generating solar irradiance forecasts, there have also been
many forecasting algorithms proposed. Several comprehensive review papers have compiled
some of the more promising forecasting models. For instance, [38] assesses linear (statistical)
and non-linear (machine learning) models and their applicability to the different data sources
described above. Other studies, such as [39] and [40], focus on the opportunities for better fore-
casting provided by highly non-linear deep learning models. In [41], an extensive evaluation of
68 machine learning models for generating hourly forecasts is presented. Conclusions from this
study reveal that there is unlikely a universally best algorithm for forecasting; each algorithm
has different strengths and weaknesses, and model selection is often application (i.e., climate
and forecast horizon) dependent. Hence, solar forecasters should test and compare different

algorithms, or combine multiple models in ensembles.

Finally, there are two main categories of forecasting approaches: deterministic and probabilistic
[9]. Deterministic models provide a single output value determined by the forecasting model
parameters. As such, deterministic models neglect sources of randomness that might cause their
predictions to be inaccurate. Deterministic forecasting can be useful for processes without much
or any randomness; for instance, a deterministic linear regression is useful for making predic-

tions along a straight line. However, deterministic forecasts are limited when used to forecast a
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physical process like solar irradiance, given the many sources of randomness involved. In con-
trast, probabilistic forecasting models acknowledge that it is not possible to predict the target
variable’s exact future value with absolute certainty. Instead, probabilistic forecasting models
account for randomness by predicting a probability density rather than a single value. Thus,
although deterministic forecasting approaches are more abundant and easier to implement, de-
veloping probabilistic models for solar forecasting should be the ultimate objective. Although
probabilistic solar forecasting is beyond the scope of this thesis, converting deterministic fore-
casts to probabilistic is possible and is left as future work [42].

2.4 The ROPES Guideline

The field of solar forecasting has received a great deal of research attention in recent years,
resulting in a plethora of proposed models in the literature. Ranging from traditional statistics-
based approaches to sophisticated machine learning and artificial intelligence (Al) algorithms,
there are seemingly endless solar forecasting model options to choose from. However, the
rapid expansion of the solar forecasting research field in absence of standardized practices has
resulted in a lack of consistency between works. This has introduced challenges for researchers
and industry engineers when trying to make fair and complete comparisons between proposed

forecasting approaches.

To help resolve the issues outlined above, Yang proposed the ROPES guideline for standardizing
solar forecasting research practices [9]. With the aim of making solar forecasting research more
useful to industry engineers and other researchers, the ROPES guideline suggests 5 key prin-
ciples for researchers to follow: forecasting approaches should be reproducible, operational,
probabilistic and/or physically-based, an ensemble, and evaluated using a skill score. Each of

these key principles are further described below.

* Reproducible: The code and data used in the work should be made publicly available
(if possible) such that the results can be reproduced and verified. If proprietary concerns
exist, partial and/or synthetic data and code should be made available.

* Operational: The forecasting method should account for the operational constraints and
requirements of the application (e.g., computational resource demand and lead times).
Reporting the approach’s ability to meet real-world operational requirements enables grid
operators to properly assess and select the most suitable forecasting methods for their

needs.
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* Probabilistic and/or Physically-Based: The forecasting approach should ideally be
probabilistic rather than deterministic. Proposed approaches should also be based on
models of the physical processes being forecasted, rather than purely data-driven; data-

driven models should be based on data that incorporates physical models.

* Ensemble: The forecasting method should consist of an ensemble which diversifies the
forecasts to reduce uncertainty (e.g., multiple parallel models should be strategically com-
bined). Ensembles can also aid in data and dimensionality reduction, which results in
more lightweight models. While hybrid models are considered ensembles, simply re-
arranging existing hybrid configurations lacks innovation and significance and should
therefore be avoided.

 SKkill Score: The forecasting approach should be evaluated using a skill score. For de-
terministic (single output value) approaches, the skill score should be computed with the
smart persistence model as the reference. For probabilistic (probability density output)
approaches, the skill score should use the persistence ensemble as the reference. Using the
skill score as a universal evaluation metric helps increase the consistency and comparabil-
ity between solar forecasting works. It also discourages researchers from cherry-picking
evaluation metrics (e.g., root mean square error, mean squared error, mean bias error, etc.)

which best suit their models and biases the apparent performance.

The aforementioned skill score (SS), which is typically expressed as a percentage, is becoming
the commonly accepted metric for evaluating all deterministic solar forecasting approaches.

The skill score is defined as:

ss=1-- (13)
Cref

where ey is the error of the forecasting model being evaluated and e, r is the error of the ref-
erence forecasting model. As outlined above, the smart persistence model should be used as
the reference for evaluating deterministic models. This also implies that all forecasts should be
made using the clear-sky index rather than the measured irradiance, since the former enables
a direct evaluation on the model’s ability to forecast cloud-induced variability. A forecasting
model is said to be skillful if it achieves a positive skill score, with higher skill scores indicating
better forecasting accuracy. However, Yang identifies that there are practical limits which bound

skill scores, and that reasonable forecasting models will likely have skill scores below 70%.
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To avoid the issue of error metric cherry-picking, Yang proposes that the root mean squared
error (RMSE) should always be used when computing the skill score. Hence, Eq. (13) becomes:

(14)

where RMSE s is the RMSE of the forecasting model being evaluated and RMSE,, ¢ is the RMSE
of the reference (i.e., smart persistence) model. The RMSE can be computed as:

AR
RMSE = NZ()’i_yi)z (15)
i=1

where y; is the predicted value, y; is the actual future observation, and N is the number of

forecast samples being used to compute the RMSE.
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Chapter 3: Machine Learning Forecasting Models

Forecasting models can largely be categorized as either conventional or machine learning (ML)
based. In conventional models, programmers must explicitly outline all rules, logic, and
decision-making steps involved in making a forecast. This requires the programmer to have
extensive knowledge of the process being forecast, and is limited by the parametric models that
have been developed to describe that process. In contrast, ML algorithms do not require a fully-
defined model to be explicitly programmed. Instead, ML algorithms are data-driven — they are
capable of deriving (or "learning") their own internal parameters to model the process. When
forecasting complex physical processes like cloud-induced irradiance variability, it is extremely
challenging to develop the theoretical models required for conventional approaches. Therefore,

data-driven ML models are more appropriate for solar forecasting.

While more flexible and less reliant on intricate theoretical models, there are drawbacks to ML
algorithms which must be considered. First, these models require a large volume of historical
samples (or training data) to learn from. With too little training data, ML models will be
unable to capture the relationships between the input and the output variables, and will therefore
underfit the process. Conversely, when ML models see the same data too many times during
the training process (i.e., too many epochs, or passes through the training data), they become
susceptible to overfitting. An overfit model memorizes the training data rather than learning
the relationships between the input and output variables, which means the model will have
poor generalization to new, unseen data. Hence, finding a balance between underfitting and

overfitting is key to training effective ML models.

Another drawback of machine learning models are their lack of explainability. Unlike conven-
tional forecasting models which rely on explicitly defined parameters and logic, ML models
derive their own internal parameters to capture relationships and patterns in the training data.
The types of patterns learned by ML models and the ways in which they are used for making
forecasts are unknown to the programmer in most cases, making them "black box" models. In
an operational context, grid operators and solar forecasters may not care about the way in which
a model makes a forecast as long as the forecast is accurate. However, the lack of explainability
of how ML models operate internally can limit their reproducibility and the amount of research

insight that can be drawn.

In this thesis, three carefully selected machine learning forecasting models are developed and

compared in terms of their forecasting performances, training times, and prediction times to
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assess their efficacy in operational contexts. The selected models are the Long Short-Term
Memory (LSTM) network, the Extreme Gradient Boosting (XGBoost) algorithm, and the 1-
Dimensional Convolutional Neural Network (1D-CNN). The objective of these models is to
make skillful (i.e., positive skill score) forecasts of the broadband solar irradiance on sub-hourly
time scales. Using one full year of 1 s resolution spectral and broadband irradiance data, it is
possible to train these models to make forecasts on horizons down to a few seconds ahead. The
remainder of this chapter describes the operational theory underlying the LSTM, XGBoost, and
1D-CNN model architectures, as well as the reasoning behind the algorithm selections.

3.1 The Long Short-Term Memory Network Model

Before diving into the complex architecture of LSTMs, it is important to first understand the
basic ML models from which LSTMs are derived. This section first provides descriptions of two
elementary ML architectures, namely artificial neural networks and recurrent neural networks,

before presenting the LSTM model.

3.1.1 Artificial Neural Networks

The feed forward artificial neural network (ANN) is one of the most fundamental neural network
architectures [43], [44]. As illustrated in Figure 3.1, the basic ANN architecture consists of
three stages: the input layer, the hidden layer, and the output layer. For time series prediction
problems, the input layer accepts the input variables for a given timestamp, ¢, in the form of an
input vector, X. The output layer provides the predicted future value of the target variable, ¥ 7.

The hidden layer exists between the input and output layers of the ANN and consists of nodes,
or neurons, which are represented by the orange circles in the above illustration. In basic ANNSs,
each neuron receives the full input vector from the input layer and combines each value in a
weighted summation. The weights assigned to each input variable for each neuron (wy, ) are
illustrated in Figure 3.1 by the lines connecting the input and hidden layers. The weighted
summation is then passed through an activation function which determines whether the neuron
is activated or not. A common activation function is the Sigmoid function, which is a non-linear
S-shaped curve that compresses its input between 0 and 1. The output of the hidden layer in an
ANN with N input variables, M neurons in the hidden layer, and a Sigmoid activation function

will be:
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Figure 3.1: Illustration of a simple feed forward neural network architecture [44]
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where X is the input vector, W is a matrix containing the input weights, and I is the vector con-
taining the outputs of each neuron in the hidden layer. The input weight matrix is automatically
tuned by the ANN during the model training process in order to optimize its prediction accu-
racy. It should be noted that an optional bias can be added to all neurons to further improve the
ANN’s performance. The Sigmoid function, which determines whether each neuron is activated
or not, is defined as:

B 1
1l 4ez

o(z) 17)

where z in this case is the result of the weighted summation for a particular neuron. Finally, the

output of an ANN can then be obtained through a weighted summation of the hidden neuron

outputs:
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where V is an output weight vector connecting the hidden layer with the output layer. Similar to
the input weight vector, the output weight vector is also tuned automatically during the model
training process. It should also be noted that if the ANN has multiple output nodes, the output

weight vector becomes a matrix.

In machine learning, the parameters which the programmer must specify are referred to as the

model’s hyperparameters. For an ANN, these include (but are not necessarily limited to) the:

* number of input nodes

* number of neurons in the hidden layer

* number of hidden layers (if more than 1, it becomes a deep learning model)
* type of activation function used

* learning rate (i.e., how fast the weights are tuned)

The learned parameters of an ANN are the input weight matrix (W) and the output weight
vector (V), which are tuned automatically during training.

3.2 Recurrent Neural Networks

LSTMs fall under the category of recurent neural networks (RNNs), which have a similar ar-
chitecture to ANNSs [44], [45]. However, as illustrated in Figure 3.2, the key difference between
RNNSs and ANNGs is that the former includes a feedback element in the hidden layer. This feed-
back element enables RNNs to process sequences of time series data (i.e., current and past
observations), unlike ANNs which can only process the current observation. As such, RNNs
are able to account for historical information and sequential patterns in the data which contain

useful information for making predictions.
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Figure 3.2: Comparison of recurrent vs feed forward neural network architectures [44]

For solar forecasting, it can be highly advantageous to use a sequence of input data rather than
a single observation. For instance, if recent irradiance measurements are similar (i.e., persistent
conditions) then it may be more likely that the future irradiance will also be similar. Alterna-
tively, if recent irradiance measurements have been increasing or decreasing linearly, then the
future irradiance may be more likely to follow this behaviour as well. Such trends would be
largely unrecognizable with only a single input observation, giving RNNs an advantage over
ANN:Ss for solar forecasting. It should be noted, however, that there is a limit to the amount of
historical data (i.e., the lookback window size) that will be useful for making predictions. For
instance, the observed irradiance from 3 days earlier is unlikely to help an RNN predict the
irradiance 5 minutes into the future. Providing too much historical data can degrade forecasting
performance by overloading the model with extraneous information and increase computational

resource demands needlessly.

Conventional RNN models have both a long-term memory aspect (i.e., the weight vectors and
matrices) and a short-term memory aspect. The short-term memory is introduced by the feed-
back element, which provides information on each neuron’s previous state. The output, 4;, of

any given neuron, m, in the hidden layer is given by:

hy = f(ht—l, ft) (19)
where h,_| is the previous state (i.e., the embedded historical information) of the neuron and X;
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is the current input vector. Similar to ANNSs, the activation function, f, determines whether the
neurons are activated or not; however, in an RNN the activation function takes both the current
input vector and the previous state of that specific neuron as inputs. In an RNN, the most
commonly used activation function is the hyperbolic tangent function which can be substituted

into Eq. (19) to give:

h; = tanh (um hzfl + W/’m . )_C‘t) (20)

where u,, is the weight applied to the feedback element of the neuron and w,, is the input weight
vector connecting the inputs to the neuron. Finally, the output of an RNN can be obtained as:

hy

h
R B @1
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hm

where V is the output weight vector and hy is a vector containing the outputs of each neuron in
the hidden layer. Similar to ANNs, the RNN model automatically learns the input and output
weights; however, RNNs must also learn the optimal weights of the feedback elements for each

neuron.

3.21 LSTM

Having outlined the relevant concepts of ANNs and RNNs, this section describes the theory
behind the LSTM models [46] used for solar forecasting in Chapter 6 of this thesis. LSTM
models have similar architectures to RNNs as they incorporate a feedback element which allows
them to process sequences of past data. However, while RNNs use basic weighted-summation
neurons in the hidden layer, LSTM networks instead use LSTM cells, which help avoid some
of the limitations of traditional RNNs and improve the overall forecasting performance. The

LSTM cell contains an input gate, an output gate, and a forget gate, as shown in Figure 3.3.

The forget gate enables the LSTM cell to decide whether to retain or forget past information,
meaning finite sequences of historical observations can be retained until the forget gate discards
them to start a new sequence. The forget gate of a single LSTM cell can be expressed as:
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Figure 3.3: LSTM cell internal architecture [46]
fi=o(uph—1+ws-X) (22)

where uy is the weight connecting the previous state to the forget gate, wy is the weight vector
connecting the inputs to the forget gate, and (o) is the Sigmoid function defined in Eq. (17).
When all past information is to be forgotten (i.e., at the start of a new sequence), f; will be close
to 0. While f; is close to 1, all past information since the last memory reset will be retained.

The input gate receives the current input vector and combines it with the previous hidden state
in a weighted summation to update the cell state. It can be expressed as:

iz = G(l/li ht_] —|—v_15, )_C’t) (23)

where u; is the weight connecting the previous state to the input gate and w; is the weight vector
connecting the input variables to the input gate. The input gate is used to determine how much
of the previous state and current inputs’ values should be added to the new cell state using
these weights. The same information is also often passed through a tanh operator to generate
an intermediate cell state, ¢, which helps which helps overcome an issue encountered by RNN's
known as the vanishing gradient problem [47]. The intermediate cell state is given by:
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C~t = tanh (uc htfl —I—Wc 5(}) (24)

where u. is the weight applied to the previous state and w, is the weight vector applied to the
inputs for generating the intermediate cell state.

The output gate combines the previous cell state with the current. As illustrated in Figure 3.3,

the output gate state, o;, can be expressed as:

0y = G(uo htfl —|—\7\50 ft) (25)

where u, is the weight connecting the previous state with the output gate and w, is the weight

vector connecting the inputs with the output gate.

Having defined the transfer functions for the forget gate, input gate, intermediate cell state, and

output gate, we can obtain an updated cell state as:

Cr = (it 5t) + (ft Ct—l) (26)

and an updated hidden state (i.e., the LSTM cell output that will be passed to the network
output) as:

h[ = O¢ tanh (C[) (27)

Finally, the output of an LSTM network can be obtained as:

hy

. L - hy

Ve =Vely=1|vi vy - v, . (28)
hy,

where V is the output weight vector and hy is a vector containing the outputs of each LSTM cell

in the hidden layer.
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During the training process, LSTM models must learn all of the weights for each cell in the
network. As Eq. (22) to (27) are for a single LSTM cell in the hidden layer, in a full LSTM
network — which has the same architecture an RNN — all of the weight vectors in these equations
become weight matrices and the feedback weights become vectors. Therefore, LSTM models
must derive nine optimal weight matrices and vectors, namely Wr, W;, W,,, We, iy, ii;, iy, lc,

and V.

3.3 The XGBoost Model

Extreme gradient boosting, or XGBoost, is a type of gradient-boosted decision tree algorithm
which has several advantages over other types of machine learning models [48]. Unlike LSTMs,
XGBoost does not rely on computationally expensive like Sigmoid or hyperbolic tangent func-
tions to be sequentially executed, making it much more lightweight and significantly reducing
training time. Since it is based on regression trees, XGBoost can even provide information
about which inputs (features) it found to be most useful for making predictions, unlike neural
networks which are black box models. In this section, the underlying principles of regression
trees and tree-based ensembling techniques are described to provide necessary foundational
knowledge. Then, the XGBoost architecture and operational theory is outlined and its essential

parameters are described.

3.3.1 Decision and Regression Trees

Decision trees are an supervised machine learning algorithm which accept a set of input vari-
ables and make a series of decisions to classify, or categorize, an output [49], [50]. If a decision
tree is predicting a numeric value rather than a class, it is instead referred to as a regression
tree. Since solar forecasting involves predictions of numerical values, this section focuses on
regression trees; however, many of the principles apply to both decision and regression trees. In
either case, these models are structured in a top-down hierarchy of decision making stages, as
shown in Figure 3.4. In this architecture, the decision nodes which split the data the most are
near the top, while the decision nodes which make more acute splits on smaller data subsets are
near the bottom.

The input variables are accepted by a root node, which makes the first decision based on the
input variable that most significantly splits the data. The outputs of the root node are then passed

along branches to internal nodes that further divide the data. The internal nodes, which may be
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Figure 3.4: Illustration of a decision and/or regression tree structure [49]

several layers deep, divide the data as much as needed to make accurate predictions. The last
internal nodes in the hierarchy pass their outputs to the leaf nodes (or terminal nodes), which
contain all of the possible output options. While the leaf nodes in a decision tree represent
the different classes into which the data is being divided, the leaf nodes of a regression tree
represent different possible prediction values. The more leaf nodes there are in a regression
tree, the higher the prediction resolution; however, regression trees which are too complex may
be susceptible to overfitting the data.

The objective of a regression tree is to ensure that the most appropriate decision path is taken
to select the most likely output, given a particular set of input values. This is illustrated in
Figure 3.5, where a series of decisions are made based on the values of different input variables,
leading to an ultimate prediction of the target variable. The decisions made by the root and
internal nodes of a regression tree use numeric thresholds, which are learned by the model

during the training process to optimize the prediction accuracy.

Regression trees split the data into groups that are most likely to lead to similar future values
of the target variable. Each group corresponds to a different leaf node, which contains the
prediction value. Naturally, if there are very few leaf nodes then there will be very few possible

prediction values; hence, the model will likely underfit the data and perform poorly. However,
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Figure 3.5: Example of a regression tree [49]

underfitting is generally avoidable if the model is provided with a sufficiently high volume of
data during its training. In contrast, with too many leaf nodes the data groupings will become
too acute and lead to overfitting and poor generalization to new data. While the model should
include enough leaf nodes to achieve sufficient prediction accuracy, it is important to impose a
maximum limit on the number of leaf nodes (which also limits the number of internal nodes).
Overfitting can also be avoided by imposing a rule on internal nodes such that a minimum
number of observations (datapoints) fit each output of that node. This eliminates any internal

nodes which do not make significant splits of the data.

During the training process, regression trees use a greedy top-down approach known as binary
recursive partitioning to select split thresholds at each decision node. This means that the tree
successively optimizes the thresholds, beginning with the root node and working its way down
the hierarchy. Thus, the splits at the top will affect the thresholds of nodes further down; how-
ever, the splits at nodes further down the tree will not affect the thresholds of nodes higher

up.

To select a split threshold at the root node, the model takes the entire training set and tries every
value of every input variable as the threshold. The algorithm computes the sum of squared

errors (SSE) between all values in each resulting partition and the partition means:
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SSE=Y (yi—m)*+ Y (i—2)? (29)

i€ER i€ER;

where y; is the value of each observation in the partition, (| and i, are the partition means, and
R1 and R, are the subsets of the input data resulting from the split. Note that each y; will appear
in either the first term or the second term, but not both. The split threshold which minimizes
the SSE is taken as the optimal root node threshold. The model then moves to the next highest
internal nodes and repeats this process. For the internal nodes, the input observations will only
be those contained in the partition being passed to that node rather than the full input dataset.
Hence, internal nodes that are further down the tree will make more acute splits on smaller data

subsets.

As previously mentioned, a limit should be imposed on the model to prevent it from growing
too deep and overfitting the data. This limit, referred to as the stopping criterion, allows the
model to be pruned to remove excessive or redundant leaf nodes. This can be done using cost
complexity pruning (CCP), in which a penalty is applied to the objective function defined in Eq.
(29). A commonly used form of CCP is weakest link pruning (WLP), which calculates a tree
score for the fully trained tree and all differently pruned sub-tree versions of it as:

Tree Score = SSE + a|T | (30)

where « is a cost complexity parameter and 7 is the number of leaf nodes in the tree. For a
tree with n leaf nodes, the tree score will be calculated for the full tree with 7 = n, the sub-tree
with T = (n — 1) leaf nodes, the sub-tree with T = (n — 2) leaf nodes, and so on until only a
single leaf node is left. The sub-tree with the lowest tree score is selected as the optimal model,
since it will have the best balance between prediction performance and complexity. The cost
complexity parameter, @, is a tuning parameter that can be determined using cross-validation

techniques.

3.3.2 Tree-Based Ensembles

The simplicity of regression trees offers the advantages of being fast, lightweight, and trans-
parent. The transparency of regression trees is one of the primary reasons for including a tree-

based model in this thesis. In contrast to the neural networks described in Section 3.2, which are
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black box models with unknown internal logic, tree-based models are considered to be white

box models which have highly explainable internal logic.

However, a single regression tree on its own will not perform well in complex prediction prob-
lems like solar forecasting. A regression tree cannot simply be grown larger and more complex
to improve its performance on complicated data — this will only lead to overfitting. Instead,
most practical tree-based models use several grown trees in ensemble architectures which can
generally be categorized as either a bagging [50] or boosting [51] ensemble. A third ensemble
method is stacking [52]; however, stacking is merely an ensemble of bagged or boosted mod-
els (i.e., an ensemble of ensembles) which is not foundational for XGBoost. The bagged and

boosted ensemble architectures are illustrated in Figure 3.6.

Bagging Boosting
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Figure 3.6: Illustration of bagging vs boosting architectures [49]

Bagging, or bootstrap aggregation, combines the outputs of several weak learners to form a
strong learner ensemble model [50]. The weak learner models (i.e., individual regression trees)
are trained separately on different subsets of the training data. These data subsets are generated
using the bootstrapping sampling technique — or random sampling with replacement. After the
individual trees are trained, new data is provided to their inputs and each tree makes its own
prediction. The predictions are then aggregated such that the overall ensemble output is the

average of all tree outputs.
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Boosting differs from bagging in that it does not use bootstrap sampling, nor does it combine
weak learners in parallel [51]. Instead, the trees are trained sequentially using information about
the errors of the previous tree. This way, the each subsequent tree can take into account which
training observations caused the previous tree to make larger prediction errors. Each observation
in the training dataset is scaled, or weighted, according to how difficult it is to make predictions
on. The concept behind the boosting ensemble method is that each subsequent weak learner
will generally perform better than the previous ones. While the performance of some trees may
be worse than their predecessors, the overall error trend across the sequence of trees should be

decreasing.

3.3.3 Gradient Boosting

Gradient boosting, which underlies the XGBoost model, is a boosting method in which each
tree directly predicts the errors of the previous tree in the sequence [53]. The first tree in a
gradient boosting ensemble is often a single leaf node which uses the average value of the target
variable as its prediction. The second tree in the sequence is trained on the prediction errors,
or residuals, of the first tree. The predicted residuals that are output by the second tree are
then scaled by a learning rate, which is a specified parameter that determines how much each
sequential tree can adjust the ensemble output. The scaled error predictions from the second
tree are then added to the first tree’s prediction of the target variable, thus reducing the first
tree’s prediction errors. The third tree in the sequence is then trained on the residuals of these
adjusted predictions, predicts the new residuals, and adjusts the target variable prediction again.
This process is repeated either until the desired ensemble size is reached or until new trees do

not improve the predictions.

The initial prediction of the target variable, which is output by the first tree in the ensemble,
is taken as the single value that minimizes the prediction errors for all points in the training

dataset. This initial value, denoted ¥;,;;;a1, can be found as:
N
Finitiat = argmin Y L(y:, ) 31
yooi=l1

where L is a loss function which quantifies the prediction error, y is the single prediction used
for the entire dataset, and y; is the observed target value (label). While there are several to

choose from, a commonly used loss functions is:
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1
~(yi—9)? (32)

L(yi,yi) = >

where ¥; is each predicted value, which in this initial step will be a constant value for all points
in the training dataset. Multiplying by one half is commonly done to simplify the derivative that
will later be computed, and it does not impact the final performance of the model. Substituting
Eq. (32) into Eq. (31) yeilds:

Dinitial = argmin }° = (yi = $i)* (33)
y i=1

To find the value for y; that minimizes the loss function, the chain rule can be used to find the

partial derivative with respect to y; as:

IL(yiJi)
o5 ; — ) (34)

into which y; = ¥;,i7i1 can be substituted and solved as:

N
0=—Y (Vi —Siniriat) (35)
i=1
N
N Sinitiat = Y, (i) (36)
i=1
1 N
Vinitial = N Y ) (37)

i=1

Therefore, according to Eq. (37) the initial prediction output by the first tree should be the mean
value of the target variable. As earlier indicated, this can be achieved by a single-leaf-node tree
which outputs the mean value.

After initializing the ensemble output using a single tree, more trees can be sequentially added.
In an ensemble with M trees (excluding the initial single-leaf-node tree), each subsequent tree

takes the residuals of each previous tree’s predictions, r; ,,, as its input:

34



dL(y;, i
Fim = — {%} for i = (1,...,N) (38)

Yi yzﬁm—l
where N is the number of samples in the training dataset. The partial derivative contained
within the square brackets in Eq. (38) is referred to as the gradient, which is key to the gradient

boosting method. Next, Eq. (34) can be substituted in for the gradient to yield:

ri,m = [(yi_)’)\l')])?:)?’"*l for i = (lavN) (39)

Using Eq. (39), the inputs to the second tree in the ensemble can be found using the residuals
of the first tree. Likewise, the inputs to the third tree can be found using the residuals of the
second tree, and so on. To further illustrate, since the first tree’s prediction is V;,siq (1.€., the

mean) for all observations, the inputs to the second tree (m = 1) will be:

ri1 = (i = Jinitiar)] for i =(1,...,N) (40)

The output leaf nodes of each sequentially added tree, which contain the possible predictions of
the previous tree’s residuals, are denoted as R; ,,, where j is the index for each leaf and m still
denotes the index of the tree. For instance, the first leaf node of the second tree will be labelled
R 1, the second leaf in this tree will be labelled R, 1, and so on. The possible output values
contained by each leaf node in a new tree, ¥; ,,, can be found for a tree with J,, leaf nodes using:

$jm =argmin Y L(y;, 9" +5) (41)
Ji€Ry;

For instance, in the second tree (m = 1) with J; leaf nodes, the output values of each leaf node
would be §; 1. The (i € Ry ;) in the summation indicates that the output value for each leaf node
is computed using only the inputs which reach that leaf node. That is, all samples which take
paths through the tree that lead to other leaf nodes are not included in the calculation. The loss
function from Eq. (32) can be substituted in to give:

. . 1 1
Fjm = argmin Y 5 0i =0 L4+9))? (42)
y IERy
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which can again be solved by setting the partial derivative to zero, as done for finding V;;sjq-
The result will be the optimal output value of leaf node j, which again happens to be the average
value of the inputs that reached leaf node j. This computation must be done for each leaf node

in each new tree.

Finally, the overall prediction made by the gradient boosting ensemble is given by:

M
(Fr+2)i = Jinitiat + VY, Fi)m (43)
m=1

where V is the learning rate which ranges from O to 1. As earlier mentioned, the learning rate
defines how much of an impact each tree in the ensemble will have on the final prediction. As
shown in Eq. (43), the initial prediction made by the first single-leaf-node tree is adjusted by
each tree in the sequence to improve the ensemble’s prediction accuracy. Naturally, the first few
trees will result in larger adjustments since the early residuals predicted by these trees will be
larger. Since the predictions get more accurate as the ensemble grows, the trees further down

the sequence will make smaller and smaller adjustments.

3.3.4 XGBoost

XGBoost, or extreme gradient boost, is a tree-based ensemble model which is architecturally
similar to the gradient boost method outlined in the previous section [48]. The main difference
between these two ensemble models is that gradient boosting uses normal regression trees while
XGBoost uses a different type of tree, which is referred to in this thesis as an XGBoost tree.
XGBoost trees have better generalization to new data compared with gradient boosting due to

their use of advanced regularization, which will be discussed further in this section.

Similar to gradient boosting, the first step for training an XGBoost model is to make an ini-
tial (constant) prediction that can be applied to all observations with a single-leaf-node tree.
However, unlike gradient boosting which uses the mean of the target variable, the default initial
prediction in an XGBoost model is 0.5. This value is arbitrary and can be defined otherwise;

however, this will not impact the model performance.

The residuals of the initial XGBoost prediction are used to train a second sequential tree, as
in gradient boosting. Each new XGBoost tree added to the sequence begins as a single leaf,
and will grow if the algorithm deems it necessary. To decide if a tree should grow further, a
similarity score, S, is computed using the residuals passed to the input of the tree:
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1 v
S = NTA (,'1 ri) (44)
where r; is the residual of observation i, N is the number of observations in the training dataset,
and A is a regularization parameter. Since the residuals are added together before being squared,
positive and negative values will partially cancel each other out. If the residuals in a leaf node
are relatively different from each other (i.e., a balance of positive and negative residuals), the
similarity score will be low since many will partially cancel each other out. In contrast, if the
residuals are relatively similar to each other (i.e., most residuals are either positive or negative),
the similarity will be higher. The regularization parameter, A, is used to reduce the model’s
sensitivity to individual observations and avoid overfitting the training data. The regularization
parameter decreases the similarity scores of all leaf nodes, but the amount of decrease is much

greater in leaf nodes which contain a small number of residuals ().

A tree can be grown to further divide the input residuals into two clusters of similar values using
a greater-than-less-than threshold. The gain of adding two new leaf nodes with this threshold
can be found by combining the similarity scores of each node as:

Gain = S(New Leaf 1) +S(New Leaf2) — S(Root Leaf) (45)

This can be done for all possible threshold values, and the threshold which results in the highest
gain will be selected since it splits the data into clusters with the greatest similarity. The tree
can continue growing, further splitting the residuals into smaller and more similar groups. To
prevent the tree from growing too large and overfitting the residuals, a maximum tree depth is
imposed; by default this limit is set to 6 levels. Fully grown XGBoost trees can also be pruned
to remove unnecessary leaf nodes which do not make impactful splits. A leaf node is pruned if

its gain smaller than a fixed threshold value, ¥:

{ Gain <y Prune leaf node (46)

Else Do not prune leaf node

The output (residual prediction) values contained in a given leaf node, j, on the fully grown and

pruned XGBoost tree can be computed as:
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T vy ,-GZR, ri (47)
where R} is the subset of residuals which reach leaf node j, and N; is the number of points in R;.
The inclusion of the regularization parameter, A, helps decrease the impact of leaf nodes with
few residuals (i.e., outliers) on the overall ensemble prediction. If A is set to zero, the output
value of each leaf node will simply be the average value of the residuals contained by that leaf
node, as is the case in gradient boosting.

The overall output of the XGBoost ensemble is found in the same way as in gradient boosting:

M
(Fr42)i = Dinitial + € Zl (9)m (48)

m—
where M XGBoost trees are sequentially added to the ensemble and € denotes the learning rate,
which by default is equal to 0.3. XGBoost and gradient boost are therefore the same architec-
turally; however, the use of regularization in XGBoost trees helps XGBoost avoid overfitting,
thus achieving better performance and generalization. As a final note, given that each added
tree in both XGBoost and gradient boost will contribute smaller and smaller adjustments to the
overall prediction, a limit on the number of trees, M, should be imposed to prevent excessive

model complexity and overfitting.

3.4 The 1-Dimensional Convolutional Neural Network Model

The third and final machine learning model implemented in this thesis is the 1-dimensional
convolutional neural network (1D-CNN). The 1D-CNN is a type of feed-forward neural network
architecture which performs 1-dimensional convolutions between a sequence of input data and
a kernel, which will be discussed further in this section. A 1D-CNN uses scalar multiplication
to compute the convolutions, which makes it significantly faster and more lightweight than the

more commonly used — but computationally expensive — LSTM model.

3.4.1 2-Dimensional Convolutional Neural Networks

To understand the functionality of a 1D-CNN, it can be helpful to first consider the more well
known 2-dimensional convolution neural network (2D-CNN) variant [54]. A 2D-CNN provides
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an intuitive illustration of how convolutions in the spatial domain can be used in image classifi-
cation problems. The architecture of a 2D-CNN is shown in Figure 3.7. In general, these models

contain an input layer, a convolutional layer, a pooling layer, and an output neural network.

Input Data Convolution Pooling Output Neural
Array Layer Layer Network

Conmlutm‘ Poolhﬂauﬂug

Figure 3.7: Architecture of a 2D-CNN model with one hidden layer [54]
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A common application of the 2D-CNN is image classification. Images displayed on a computer
screen are discretized (pixelated) into an array of pixels, where each pixel is assigned a value
to represent its colour or brightness. For instance, in a black and white image, dark pixels may
be assigned a value close to zero, light pixels may be assigned a value close to one, and pixels
with varying shades of grey will be given a value between zero and one depending on their
brightness. In image classification problems, 2D-CNNs attempt to learn the spatial patterns
which correspond to different images (e.g., characteristic lines, curves, or shading patterns).
The input layer of a 2D-CNN receives the x-coordinate, y-coordinate, and brightness value of
each pixel in the array. The spatial information associated with each pixel is therefore retained,

which is critical for image classification.

In the convolutional layer, the 2D-CNN uses a kernel which acts as a mask that can be applied
to small subsets (i.e., spatial regions) of the input data. The model computes the convolution
between the kernel and the first subset of the pixel array, which is selected by a sliding window
that starts in the upper left corner of the original image. The convolution between the kernel

and the subset of the pixel array is defined by the dot product:

N
(f+g) =Y fisi (49)
i=1

where f is the subset of the pixel array covered by the sliding window, g is the kernel array, and

N 1is the number of elements in both f and g (which are the same size and shape, by definition).
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To better illustrate, Figure 3.8 shows the first convolution step, in which a sample 4x4 kernel
is convolved with the first 4x4 subset of a sample pixel array. The result of the convolution
between the 4x4 subset of the pixel array and the 4x4 kernel becomes the first element of the

convolutional layer output, which known as the feature map.

Input Data Kernel Convolution
Array Output

01 | 08 1 1 0.7 | 08

02 | 06 | 08 | 09 | 09 1 0 1 0 1

6.1
04 | 03 | 07 1 0.9 1 1 0 1 1
% =

03 | 04 | 05 | 08 | 07 | 07 1 1 0 0

01 | 03 | 04 | 06 | 06 | 07 0 1 1 1

02 | 02 | 03 | 05 | 05 | 04 (0.1)(0) + (0.8)(1) + (1)(0) + (1)(1)

(0.2)(1) + (0.6)(0) + (0.8)(1) + (0.9)(1)
(0.4)(1) + (0.3)(1) + (0.7)(0) + (1)(0)
(0.3)(0) + (0.4)(1) + (0.5)(1) + (0.8)(1)
=6.1

Figure 3.8: First convolution between a 2D array of data and a 4x4 kernel

The next 4x4 subset of the pixel array, which is found by shifting the sliding window to the right
by one column, is then convolved with the kernel and the result is stored in the second element
of the feature map, as shown in Figure 3.9.

The process of shifting the sliding window to the right and computing the convolution is re-
peated until the last column is reached. At this point, the sliding window is moved back to the
left side of the pixel array and shifted down by one row, as shown in Figure 3.10. The process
continues in this manner until all 4x4 subsets of the pixel array have been convolved with the

kernel, generating a full feature map.

It is possible to add padding to the pixel array so that the kernel can scan the edges of the image
more thoroughly, which may improve the model’s performance. This concept is illustrated in
Figure 3.11, in which an outer ring of zeros (i.e., padding = 1) is added to the array to allow the
kernel to better identify patterns, or features, near the edges. Increasing the padding value adds
more concentric rings of zeros around the edge.
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Input Data Kernel Convolution

Array Output

01 | 08 1 1 0.7 | 08

02 | 0.6 | 0.8 | 09 | 09 1 0 1 0 1

61 | 71
04 | 03 | 07 1 0.9 1 1 0 1 1
* —

03 | 04 | 05 | 08 | 0.7 | 07 1 1 0 0

01 | 03 | 04 | 06 | 06 | 07 0 1 1 1

02 | 02 | 03 | 05 | 05 | 04 (0.8)(0) + (1)(1) + (1)(0) + (0.7)(1)

(0.6)(1) + (0.8)(0) + (0.9)(1) + (0.9)(1)
(0.3)(1) + (0.7)(1) + (1)(0) + (0.9)(0)
(0.4)(0) + (0.5)(1) + (0.8)(1) + (0.7)(1)
=71

Figure 3.9: Second convolution between a 2D array of data and a 4x4 kernel

Input Data Kernel Convolution
Array Output

01 | 0.8 1 1 0.7 | 08

02 | 06 | 08 | 09 | 09 1 0 1 0 1

61 | 71 | 84
04 | 03 | 07 1 0.9 1 1 0 1 1
* —-_ 5.6

03 | 04 | 05 | 08 | 07 | 07 1 1 0 0
01 | 03 | 04 | 06 | 06 | 07 0 1 1 1

0.2 0.2 0.3 0.5 0.5 0.4 (02)(0) + (06)(1) + (08)(0) + (09)(1)

(0.4)(1) + (0.3)(0) + (0.7)(1) + (1)(1)
(0.3)(1) + (0.4)(1) + (0.5)(0) + (0.8)(0)
(0.1)(0) + (0.3)(1) + (0.9(1) + (0.6)(1)
=5.6

Figure 3.10: Fourth convolution between a 2D array of data and a 4x4 kernel
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Input Data Kernel Convolution

Array Output
0 0 0 0 0 0 0 0
0 01 | 08 1 1 0.7 | 08 0
34
0 02 | 06 | 0.8 | 00 | 09 1 0 0 1 0 1
0 04 | 03 | 0.7 1 0.9 1 0 1 0 1 1
* —
-_—
0 03 | 04 | 05 | 08 | 07 | 07 0 1 1 0 0
0 01 | 03 | 04 | 06 | 06 | 07 0 0 1 1 1
0 02 | 02 | 03 | 05 | 05 | 04 0
0 0 0 0 0 0 0 0

Figure 3.11: Effect of padding the 2D array of data before convolving with a 4x4 kernel
The shape of the feature map is determined by the input array and kernel sizes, the amount

of padding, and the stride size (i.e., size of the steps taken when moving the sliding window
around the input array). The height of the feature map is defined as:

Hinput - ermel +2P

Hpp = +1 (50

Svertical
where Hjj,py and Hy,pye are the input array and kernel heights, respectively, P is the padding,
and S,.;sicar 18 the vertical stride or number of rows that the sliding window moves down after

reaching the end of a row. Similarly, the width of the feature map is defined as

vvinput - Wkernel +2P

S horizontal

Wi =

+1 (51)
where Wi, and W, are the input array and kernel widths, respectively, and S, izonsar 1 the
horizontal stride or number of columns that the sliding window moves to the right at each step.

The feature map is then passed through a rectified linear (ReLLU) activation function, which sets
all negative values to zero and does not impact the positive values. The ReLLU piecewise linear

function can be formally expressed as:
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x ifx>0

flx) = { (52)

0 otherwise

The rectified feature map is then passed to the pooling layer, where the size of the feature map
is reduced to avoid overfitting and increase computational efficiency. The rectified feature map
is divided into subsets of equal size and, typically, max pooling is applied. In max pooling, the
maximum value in each subset is retained in the output as shown in Figure 3.12. The output
of the pooling layer indicates how well each section (in this example, each quadrant) of the
original pixel array matches the kernel that was used. A higher value indicates that the kernel
had a higher correlation with the patterns found in that region of the pixel array, while a low
value indicates the kernel had lower correlation. These higher and lower correlations between
the kernel and the input array can be used to identify patterns that are characteristic of different
image classes.
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Figure 3.12: Illustration of max pooling

The output of the pooling layer can then be flattened into a 1-dimensional vector and fed to
the input nodes of a standard artificial neural network. The neural network is then trained on
the extracted (pooled) features of the original pixel data array to classify images. The values

of each element in the kernel array are randomly initialized and then tuned during the training
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process (analogous to the weights in an ANN). Thus, the learned parameters in a 2D-CNN are
the optimal kernel values and neural network weights wh