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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
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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 (1D-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
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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.
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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/m2, which is known as air
mass zero (AM0) [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.

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):

5



GHI = DNI · sinθ +DHI (1)

where θ 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 (θ ) and the azimuth angle
(φ ). 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:

∆E = ∆Eorbital +∆Ediurnal +∆Eclouds (2)
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Figure 2.4: Measured GHI for the first three days in June 2022

where ∆E is the total irradiance variability, ∆Eorbital and ∆Ediurnal are the known (deterministic)
variability components, and ∆Eclouds is 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, κ∗, which is the clear-sky normalization of the measured irradiance [15]:

κ
∗(t) =

E(t)
Eclr(t)

(3)

where E(t) and Eclr(t) are the measured irradiance and theoretical clear-sky irradiance values
at a particular time, t, respectively. The asterisk included in the κ∗(t) 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, κ(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:

κ
∗(λ ; t) =

E(λ ; t)
Eclr(λ ; t)

(4)

where E(λ ; t) and Eclr(λ ; t) are the measured and theoretical clear-sky spectral irradiance, re-
spectively, located at wavelength, λ .

After isolating the cloud-induced variability (∆Eclouds) using the clear-sky index, it can then be
quantified using the clear-sky index increment [15], ∆κ∗

τ , which is defined as:

∆κ
∗
τ (t) = κ

∗(t + τ)−κ
∗(t) (5)

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

∆κ
∗
τ (λ ; t) = κ

∗(λ ; t + τ)−κ
∗(λ ; t) (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.

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 τ 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 (x1,x2, ...,xn), the kernel density estimator
is given by:
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f̂h(x) =
1

nh

n

∑
i=1

K(
x− xi

h
) (7)

where f̂h(x) is the unknown probability density at any given point x, h 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:

h =

(
n(d +2)

4

)− 1
d+4

(8)

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:

h =

(
3n
4

)− 1
5

(9)

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:

Ê(t + τ) = E(t) (10)

where E(t) is the current irradiance and Ê(t + τ) is the predicted irradiance after some time
step, τ . In the context of forecasting, the time step is referred to as the forecast horizon. The
persistence model is considered to be a naïve 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:

κ̂
∗(t + τ) = κ

∗(t) (11)

where κ∗(t) is the current clear-sky index and κ̂∗(t + τ) 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:

Ê(t + τ) = κ
∗(t) ·Eclr(t + τ) (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 (AI) 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.

• Skill 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−
e f

ere f
(13)

where e f is the error of the forecasting model being evaluated and ere f 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:

SS = 1−
RMSE f

RMSEre f
(14)

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

RMSE =

√
1
N

N

∑
i=1

(ŷi − yi)
2 (15)

where ŷi is the predicted value, yi 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, t, in the form of an
input vector, x⃗. The output layer provides the predicted future value of the target variable, ŷt+τ .

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 ANNs,
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 (wn,m) 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]

h⃗ = σ(W x⃗) = σ




w11 w21 · · · wN1

w12 w22 ... wN2
...

... . . . ...
w1M w2M · · · wNM




x1

x2
...

xN


=

[
h1 h2 · · · hM

]
(16)

where x⃗ is the input vector, W is a matrix containing the input weights, and h⃗ 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:

σ(z) =
1

1+ e−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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ŷt+τ = v⃗ · h⃗ =
[
v1 v2 · · · vm

]


h1

h2
...

hm

 (18)

where v⃗ 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 ANNs [44], [45]. However, as illustrated in Figure 3.2, the key difference between
RNNs and ANNs 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
ANNs 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, ht , of
any given neuron, m, in the hidden layer is given by:

ht = f (ht−1, x⃗t) (19)

where ht−1 is the previous state (i.e., the embedded historical information) of the neuron and x⃗t
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is the current input vector. Similar to ANNs, 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:

ht = tanh(um ht−1 + w⃗m · x⃗t) (20)

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

ŷt+τ = v⃗ · h⃗t =
[
v1 v2 · · · vm

]


h1

h2
...

hm

 (21)

where v⃗ is the output weight vector and h⃗t 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.

3.2.1 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]

ft = σ(u f ht−1 + w⃗ f · x⃗t) (22)

where u f is the weight connecting the previous state to the forget gate, w⃗ f is the weight vector
connecting the inputs to the forget gate, and (σ ) 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), ft will be close
to 0. While ft 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:

it = σ(ui ht−1 + w⃗i · x⃗t) (23)

where ui is the weight connecting the previous state to the input gate and w⃗i 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, c̃, which helps which helps overcome an issue encountered by RNNs
known as the vanishing gradient problem [47]. The intermediate cell state is given by:

26



c̃t = tanh(uc ht−1 + w⃗c · x⃗t) (24)

where uc is the weight applied to the previous state and w⃗c 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, ot , can be expressed as:

ot = σ(uo ht−1 + w⃗o · x⃗t) (25)

where uo is the weight connecting the previous state with the output gate and w⃗o 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:

ct = (it c̃t)+( ft ct−1) (26)

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

ht = ot tanh(ct) (27)

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

ŷt+τ = v⃗ · h⃗t =
[
v1 v2 · · · vn

]


h1

h2
...

hn

 (28)

where v⃗ is the output weight vector and h⃗t 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 Wf , Wi, Wo, Wc, u⃗ f , u⃗i, u⃗o, u⃗c,
and v⃗.

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 = ∑
i∈R1

(yi −µ1)
2 + ∑

i∈R2

(yi −µ2)
2 (29)

where yi is the value of each observation in the partition, µ1 and µ2 are the partition means, and
R1 and R2 are the subsets of the input data resulting from the split. Note that each yi 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 +α|T | (30)

where α is a cost complexity parameter and T 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 T = 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, α , 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.

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 ŷinitial , can be found as:

ŷinitial = argmin
ŷ

N

∑
i=1

L(yi, ŷ) (31)

where L is a loss function which quantifies the prediction error, ŷ is the single prediction used
for the entire dataset, and yi is the observed target value (label). While there are several to
choose from, a commonly used loss functions is:
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L(yi, ŷi) =
1
2
(yi − ŷi)

2 (32)

where ŷi 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:

ŷinitial = argmin
ŷ

N

∑
i=1

1
2
(yi − ŷi)

2 (33)

To find the value for ŷi that minimizes the loss function, the chain rule can be used to find the
partial derivative with respect to ŷi as:

∂L(yi, ŷi)

∂ ŷi
=−

N

∑
i=1

(yi − ŷi) (34)

into which ŷi = ŷinitial can be substituted and solved as:

0 =−
N

∑
i=1

(yi − ŷinitial) (35)

N ŷinitial =
N

∑
i=1

(yi) (36)

ŷinitial =
1
N

N

∑
i=1

(yi) (37)

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, ri,m, as its input:
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ri,m =−
[

∂L(yi, ŷi)

∂ ŷi

]
ŷ=ŷm−1

for i = (1, ...,N) (38)

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 − ŷi)] ŷ=ŷm−1 for i = (1, ...,N) (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 ŷinitial (i.e., the
mean) for all observations, the inputs to the second tree (m = 1) will be:

ri,1 = [(yi − ŷinitial)] 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 j,m, 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
R1,1, the second leaf in this tree will be labelled R2,1, and so on. The possible output values
contained by each leaf node in a new tree, ŷ j,m, can be found for a tree with Jm leaf nodes using:

ŷ j,m = argmin
ŷ

∑
i∈Rk, j

L(yi, ŷm−1
i + ŷ) (41)

For instance, in the second tree (m = 1) with J1 leaf nodes, the output values of each leaf node
would be ŷ j,1. The (i ∈ Rk, j) 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:

ŷ j,m = argmin
ŷ

∑
i∈Rk, j

1
2
(yi − (ŷm−1

i + ŷ))2 (42)
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which can again be solved by setting the partial derivative to zero, as done for finding ŷinitial .
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:

(ŷt+τ)i = ŷinitial +ν

M

∑
m=1

(ŷi)m (43)

where ν is the learning rate which ranges from 0 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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S =
1

N +λ

(
N

∑
i=1

ri

)2

(44)

where ri is the residual of observation i, N is the number of observations in the training dataset,
and λ 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, λ , 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 (N).

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 Lea f 1)+S(New Lea f 2)−S(Root Lea f ) (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, γ:

{
Gain < γ Prune leaf node
Else Do not prune leaf node

(46)

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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ŷ j =
1

N j +λ
∑

i∈R j

ri (47)

where R j is the subset of residuals which reach leaf node j, and N j is the number of points in R j.
The inclusion of the regularization parameter, λ , helps decrease the impact of leaf nodes with
few residuals (i.e., outliers) on the overall ensemble prediction. If λ 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:

(ŷt+τ)i = ŷinitial + ε

M

∑
m=1

(ŷi)m (48)

where M XGBoost trees are sequentially added to the ensemble and ε 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.

Figure 3.7: Architecture of a 2D-CNN model with one hidden layer [54]

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:

( f ∗g) =
N

∑
i=1

fi gi (49)

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

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

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

H f m =
Hinput −Hkernel +2P

Svertical
+1 (50)

where Hinput and Hkernel are the input array and kernel heights, respectively, P is the padding,
and Svertical is 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

Wf m =
Winput −Wkernel +2P

Shorizontal
+1 (51)

where Winput and Wkernel are the input array and kernel widths, respectively, and Shorizontal is 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 (ReLU) activation function, which sets
all negative values to zero and does not impact the positive values. The ReLU piecewise linear
function can be formally expressed as:
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f (x) =

{
x if x > 0
0 otherwise

(52)

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.

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 which result in the most accurate image
classification.

3.4.2 1D-CNN

The 1D-CNN is a one-dimensional alternative to the 2D-CNN [55]. The 2D-CNN excels at
solving problems involving 2-dimensional data, such as classifying images made of pixels with
x and y coordinates (i.e., problems involving spatial information). In contrast, the 1D-CNN
is better suited for 1-dimensional problems, such as making predictions with time series data
(i.e., problems involving temporal information). The architecture of a typical 1D-CNN model
is shown in Figure 3.13.

Figure 3.13: Architecture of a 1D-CNN model [55]

The first major difference between 1D-CNNs and 2D-CNNs is that the former uses discrete time
convolution to convolve a 1-dimensional kernel with 1-dimensional time series data. Discrete
time convolution is defined as:

(x∗u)[n] =
b

∑
m=a

x[m]u[n−m] (53)

where x is a finite segment of the time series data which ranges from time a to time b, and u is
a 1-dimensional kernel. The kernel can have any length, but it is generally shorter than the time
series segment. The left hand side of Eq. (53) is illustrated in Figure 3.14.

The actual discrete time convolution computation from the right hand side of Eq. (53) is il-
lustrated in Figure 3.15. Computing the convolution output, c, involves flipping the kernel
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Figure 3.14: Sequence of time series data and 1D kernel

horizontally, shifting it by discrete time increments, and calculating the dot product between
x and u at each step. It should be noted that adding zeros before the sample time series seg-
ment, x1[n], is called causal padding and is a 1D equivalent to the 2D padding earlier described.
The output of the discrete time convolution is again a feature map. However, this feature map
is 1-dimensional and is indicative of temporal patterns existing between neighbouring points,
rather than spatial patterns in an image. Trends in the time series will therefore be identified
and encoded in the feature map, provided that an appropriate kernel is used.

The second major difference between 1D-CNNs and 2D-CNNs is that the standard artificial
neural network at the output of the 1D-CNN is trained to perform time series prediction, or
regression, rather than classification. However, this difference does not change the structure or
operation of the neural network; it merely changes its objective. Both CNN variants learn the
optimal kernel values and neural network weights for their respective applications.
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Figure 3.15: Visualization of discrete time convolution as a sliding dot product
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Chapter 4: Spectral and Broadband Irradiance Variability

4.1 Assessment of Irradiance Variability Statistics

4.1.1 Scope and Impact

The following journal article manuscript assesses the spectral and broadband irradiance variabil-
ity within the context of stationarity and solar forecasting applications. This paper, which uses
one year (2022) of spectral and broadband irradiance from a custom Spectrafy SolarSIM-G,
begins with an informative assessment of sky condition persistence and transition probabilities.
Then, comparisons of seasonal and monthly clear-sky index distributions are presented, reveal-
ing longer-term temporal and spectral dependencies which violate the time invariance condition
of strong stationarity. The seasonal and monthly means and variances are also analyzed, which
indicate that assumptions of weak stationarity may be reasonable at these longer time scales.
This paper also addresses short-term variability, which is of increasing concern in the context
of operational solar nowcasting. An investigation of the short-term first-order statistics is per-
formed using the spectral and broadband clear-sky index autocovariances. The autocovariances
are fitted with the survivor function of the log-logistic distribution for the first time, to the best
of the authors’ knowledge. Finally, this manuscript provides an assessment of the second-order
variability statistics using clear-sky index increment (forward difference) distributions. The
distributions are found to be temporally dependent, exhibiting power law scaling (with distinct
slope transitions) across time steps spanning several orders of magnitude. The distributions and
scaling behaviours are also found to be spectrally dependent, with different spectral components
probing different atmospheric scattering and absorption processes.

4.1.2 Author Contributions

Nick Anderson: All data analysis included in this article and lead-writing was performed by
me, but was guided and supported by my co-authors.

Viktar Tatsiankou: As a collaborator from Spectrafy, Viktar has set up the instrumentation at the
Ottawa site and provided me with the database used in this work. His previous research contri-
butions have provided the foundations for this work, including the sky condition classification
approach. He also assisted in the manuscript review process.
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Karin Hinzer: As the director of the University of Ottawa’s SUNLAB, Karin oversaw and
guided my research. She also assisted in preparing and reviewing the final manuscript.

Richard Beal: As a collaborator from Spectrafy, Richard has set up the instrumentation at the
Ottawa site and provided me with the database used in this work. He also assisted in the
manuscript review process.

Henry Schriemer: As my supervisor and the associate director of the University of Ottawa’s
SUNLAB, Henry guided my research and assisted with interpreting results and preparing the
final manuscript.

4.1.3 Publication - To be submitted 2023

Nick Anderson, Viktar Tatsiankou, Karin Hinzer, Richard Beal, and Henry Schriemer, "Sta-
tistical Assessment of Atmospheric Variability using Local Solar Spectral Irradiance", to be
submitted in 2023.
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Abstract 
 

We perform a statistical assessment of a new broadband and spectral irradiance database containing nine spectral and 

one broadband irradiance time series with 250 ms resolution, collected by a custom Spectrafy SolarSIM-G located in 

Ottawa, Canada. The irradiance measurements are detrended of their deterministic diurnal and orbital trends using the 

clear-sky index. The first order statistics of the spectral and broadband clear-sky indexes are investigated on seasonal, 

monthly, and sub-hourly time scales, revealing nonstationary temporal dependencies. The sub-hourly spectral and 

broadband autocovariances are exceptionally well-fitted to the survivor function of the log-logistic distribution, which 

is, to the best of our knowledge, the first time this has been noted. The fitted log-logistic scaling and shape parameters 

are found to be spectrally dependent, the latter consistent with a simple extinction model and Ångström power law 

scaling. The second order statistics are assessed via clear-sky index increment distributions, which reveal spectrally 

dependent power law scaling in the peak probability densities on time scales consistent with nonlinear contributions.  

  

Keywords: Spectral irradiance, irradiance variability, autocovariance, SolarSIM, clear-sky index increment 

 
1. Introduction 

 

 The global installed capacity of solar photovoltaic 

(PV) energy resources has seen significant growth in 

recent years, reaching over 1 TW in 2022  [1]. 

However, solar irradiance variability caused by 

changing sky conditions leads to fluctuations in 

photovoltaic (PV) power, so variability considerations 

are increasingly a concern. Understanding irradiance 

variability is critical to quantifying uncertainty in its 

prediction, but despite this being a key stakeholder 

requirement, this area still suffers from a lack of 

research  [2]. The salient features of the irradiance time 

series therefore need to be understood within a 

forecasting context  [3].  

There are two approaches to forecasting: physical 

and statistical. It is the fundamentals of the latter with 

which we are here concerned. Statistical methods 

encompass well-established approaches based on time 

series analysis as well as more recent machine learning 

techniques. Care, however, must be taken when 

applying statistical approaches to the time series 

output of a complex dynamical system. This is not just 

a question as to whether the data can be described by 

parametric or nonparametric statistics, it is a concern 

with how fundamental uncertainties are treated  [4]. 

An operational consequence of this is the move from 

deterministic to the probabilistic treatments – from a 

single point-valued output to the likelihood of 

outcomes as a set of possibilities  [5], [6].  

Probabilistic prediction informs decision-making 

under uncertainty  [7]. While typically expressed in 

terms of a single probability distribution, such 

predictions fail to distinguish between two inherently 

different sources of uncertainty, the aleatoric and the 

epistemic. Aleatoric uncertainties are those which 

have stationary statistical variation. Epistemic 

uncertainties are those that do not have such 

characteristics on the time scales used for model 

calibration and evaluation. The former is irreducible, 

caused by randomness; the latter is reducible, caused 

by ignorance of the system dynamics  [8]. The 

distinction is also becoming increasingly important for 

machine learning in general, where uncertainty is a key 

element of the methodology  [9]. It also motivates a 

more cautious statistical assessment of the solar 

irradiance time series as a precursor to solar 

forecasting. 

Insight into epistemic uncertainty may be viewed 

by considering the nature of the processes that drive 

the irradiance dynamics. They are multiscale, 

encompassing celestial mechanics and complex 
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nonlinear atmospheric dynamics. In the former, 

predictability does not depend on initial state – diurnal 

and orbital variation can be described by simple 

deterministic representation, and the extraterrestrial 

solar irradiance can be known definitively at any time 

above any location, effectively without uncertainty.  

By contrast, as the extraterrestrial irradiance is 

filtered through the atmosphere, its predictability 

becomes dependent on initial state  [10]. This is 

because, while the evolution equations that describe 

atmospheric dynamics are formally deterministic, the 

system response – weather – is chaotic. Description 

ranges, in a computational sense, from the 

deterministic to the nondeterministic, and admixtures 

thereof, depending on conditions. For clear-sky 

irradiance – in a cloudless, static state with nominal 

atmospheric conditions – deterministic treatments are 

possible but complex, as calculation for any date, time 

and location requires a detailed physical model. 

Although some ambiguity is introduced by model 

choice due to methodological difficulties in treating 

climactic and atmospheric conditions  [11], [12], 

epistemic uncertainty is largely eliminated. 

Deterministic processes may be described as known 

knowns.  

Nondeterministic processes range from those 

which lack probabilistic quantification to those which 

can be described by a stochastic representation. 

Assuming the existence of an irradiance time series, 

we ignore the former and are thus forced to apply an 

epistemic lens to stochastic representations, which 

means we must begin with the presumption of 

nonstationarity. Because the solar irradiance is 

composed of both direct beam and diffuse 

components, variations under any circumstances other 

than near-clear sky conditions are markedly affected 

by the motion of clouds throughout the entire 

atmospheric hemisphere. Both how clouds interact 

with light and where they interact with light determine 

the statistical properties. These arise from the interplay 

of various processes: for the former, the narrowband 

absorption and scattering processes, and for the latter, 

the broadband distribution of diffuse and direct 

irradiance. Since weather is chaotic, its predictability 

may depend on initial state and time horizon. We 

should therefore not expect it, and thus certain 

detrended irradiance metrics, to be strictly stationary.  

In what follows, we first provide a brief reminder 

of the fundamentals of time series analysis, the 

relevant statistical tools used for its quantification, and 

the decomposition procedures and metrics used to 

grant greater insight into the processes that drive the 

variation. Next is a review of the extant literature 

regarding the statistical treatments of irradiance time 

series in this context. We then describe our spectral 

irradiance measurement system, data acquisition, and 

validation. An extended statistical analysis is then 

given within a nonstationarity framework. As the 

literature below reveals, most approaches proceed 

within a stationary framework and consequently are 

forced to acknowledge nonstationarity without then 

having more carefully assessed its consequences. We 

consider some of these consequences. An ongoing 

discussion of results regarding the spectral dependence 

of irradiance variability is provided across extended 

time horizons. We conclude with some speculation 

regarding the relationship of these variations to the 

underlying physical processes and how a multi-

spectral stochastic approach may be beneficial for PV 

forecasting.  

 

2. Fundamentals of time series data and analysis 

 

2.1 Stochasticity 

 

A stochastic process is a collection of random 

variables, typically indexed by time, which have 

probabilistic quantification. As such, the fundamental 

algebraic definitions of stochastic processes are 

largely synonymous with those of temporally 

distributed random variables [13]. The cumulative 

distribution function (CDF), denoted as 𝐹(𝑥, 𝑡), for a 

stochastic process, 𝑋(𝑡), can be expressed as: 

 

𝐹(𝑥, 𝑡) = 𝑃{𝑋(𝑡) ≤ 𝑥} (1) 

 

where the right-hand side is the probability that the 

value of 𝑋(𝑡) will be below or equal to 𝑥. The 

probability density function (PDF) of a stochastic 

process, denoted as 𝑓(𝑥, 𝑡), represents the likelihood 

that a sample of the stochastic process will be equal to 

any given value. The PDF is defined as the partial 

derivative of the CDF with respect to 𝑥: 

 

𝑓(𝑥, 𝑡) =
𝜕𝐹(𝑥, 𝑡)

𝜕(𝑥)
(2) 

 

The expectation 𝐸[𝑋(𝑡)], or statistical mean 𝜇𝑋(𝑡), of 

a stochastic process is defined as: 

 

𝐸[𝑋(𝑡)] = 𝜇𝑋(𝑡) = ∫ 𝑥𝑓(𝑥, 𝑡)𝑑𝑥
∞

−∞

(3) 
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and the variance, 𝜎2(𝑡), which is the squared deviation 

from the mean, is: 

 

𝜎2 = 𝐸 [(𝑋(𝑡) −  𝜇𝑋(𝑡))
2

] (4) 

 

Besides the above fundamental definitions, an 

additional statistical quantity which is key for time 

series analysis is autocovariance. The autocovariance 

of a stochastic process, 𝛫𝑋𝑋(𝑡1, 𝑡2), which measures 

the linear dependence of two samples at times 𝑡1 and 

𝑡2, is expressed as: 

 

𝛫𝑋𝑋(𝑡1, 𝑡2) = 𝐸[(𝑋(𝑡1) − 𝜇𝑋(𝑡1))(𝑋(𝑡2) − 𝜇𝑋(𝑡2))](5) 

 

In completely random, uncorrelated time series (e.g., 

white noise), the autocovariance will be very close to 

zero. However, temporal dependencies across 

different time scales will result in higher 

autocovariances at corresponding lags (i.e., separation 

between 𝑡1 and 𝑡2). 

 

2.2 Time dependencies in stochastic systems 

 

Time series generated by stochastic processes can 

be broadly categorized as either stationary or 

nonstationary. Stationary processes are those in which 

the statistical behavior does not change with time – 

they are absent of trends, periodicity, and seasonality. 

While strong stationarity requires the statistical 

distribution of the time series to be time-invariant, 

weak stationarity relaxes the requirements to constant 

mean, constant covariance, and finite variance. 

Stochastic processes in which significant time 

dependencies exist do not meet the requirements of 

strong or weak stationarity, and hence are considered 

nonstationary. While there are many ways in which 

nonstationarity can appear in a time series [14], the 

general forms are illustrated in Figure 1. 

 

 
Figure 1. Classification of time series dependencies in 

stochastic systems 

2.2.1 Nonstationary behavior 

 

Nonstationarity can be the result of first order (first 

moment), second order (second moment), or higher 

order behavior. First order nonstationarity commonly 

appears as variations in the mean over time, which are 

caused by increasing or decreasing trends and 

seasonality. Second order nonstationarity behaviors 

include periodicity, changes in the covariance over 

time, and periods of varying volatility. Identifying 

higher order non-stationarity typically requires metrics 

pertaining to the shape of the system’s statistical 

distributions, such as skewness and kurtosis [14].   

Piecewise stationarity is a form of pseudo-

stationarity which appears in some time series [15]. In 

piecewise stationary processes, the conditions of weak 

stationarity may be satisfied in local regions of the 

data, but not across the entire time series. In this case, 

the entire time series can be considered a collection of 

weakly stationary segments with instantaneous 

transitions. Similarly, a time series which alternates 

between periods of stability and variability is said to 

be intermittent, which is another form of non-

stationary behavior. Despite meeting the conditions of 

weak stationarity in local segments, piecewise-

stationary and intermittent time series are ultimately 

nonstationary and their consequent implications must 

be considered. 

 

2.2.2 Weak stationarity 

 

For a time series to be weakly stationary, its first 

moment (i.e., statistical mean) and autocovariance 

must be shift-invariant, and its second moment must 

be finite. Formally, a weakly stationary time series 

must meet the following conditions: 

 

𝐸[𝑋(𝑡)] = 𝐸[𝑋(𝑡 + 𝜏)] = µ𝑋 (6)  

 

𝛫𝑋𝑋(𝑡1, 𝑡2) = 𝛫𝑋𝑋(𝑡1 − 𝑡2, 0) = 𝛫𝑋𝑋(𝜏) (7) 

 

𝐸[|𝑋(𝑡)|2] < ∞ (8)  

 

The first condition implies that the process must 

maintain a constant mean, regardless of location 

within the time series. The second condition implies 

that the autocovariance of a weakly stationary time 

series depends only on the distance between points 

(i.e., the lag, τ). This, in turn, also implies that the 

autocovariance of a weakly stationary process is 

constant for a given lag. Finally, the third property 

implies that weakly stationary time series have finite 
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variance at all locations, since the variance is the 

second moment about the mean. Hence, variations in 

the mean, variations in the autocovariance (for a fixed 

lag), and infinite variance are violations of the weak 

stationarity requirements. 

 

2.2.3 Strong stationarity 

 

A time series is strongly (strictly) stationary if its 

unconditional CDF time invariant. More formally, the 

CDF,  𝐹(𝑥, 𝑡), of a stationary process is unaffected 

when a sliding window probing the time series is 

shifted by some time step, 𝜏: 

 

𝐹𝑋(𝑥(𝑡1), … , 𝑥(𝑡𝑛))

= 𝐹𝑋(𝑥(𝑡1 + 𝜏), … , 𝑥(𝑡𝑛 + 𝜏)) (9) 

 

All points in a strictly stationary time series are 

independent of each other, and any stochastic shocks 

to the system will quickly revert to the mean without 

causing permanent effects. The presence of trends, 

periodicity, or seasonality in the data – which would 

evolve the statistics and introduce temporal 

dependences between points – violates the 

requirements of strong stationarity. 

 

2.2.4 Stationarity tests 

 

Several methods have been proposed for testing 

stationarity, both qualitatively and quantitatively. 

Hyndman and Athanasopoulos [16] suggest several 

qualitative ways to test stationarity by visually 

identifying trends, seasonality, or periodicity. More 

quantitative approaches involving hypothesis tests, 

such as the Augmented Dickey-Fuller (ADF) and 

Kwiatkowski-Phillis-Schmidt-Shin (KPSS) unit root 

tests, have been carried out by Ekstrom et al. [17] and 

Dong et al.[18]. In these studies, the unit root tests 

suggest that clear-sky index time series can be 

stationarized through careful data transformations. 

However, Yang [19] notes that these tests may be 

insufficient for identifying nonstationary attributes 

such as seasonality, since they only test whether the 

stochastic process contains a unit root. Instead, Yang 

proposes an approach to stationarity testing where 

conditional distributions of binned clear-sky index 

values are compared using the Kolmogorov-Smirnov 

(KS) test.  

Rather than relying on hypothesis tests, we 

investigate long-term clear-sky index nonstationarity 

by comparing the seasonal clear-sky index empirical 

CDFs, or ECDFs. This comparison is done using the 

KS test, which provides a summary statistic 

determining whether two ECDFs are generated from 

the same distribution. The KS test summary statistic, 

𝐷𝑛,𝑚, corresponds to the largest absolute difference 

between two ECDFs: 

 

𝐷𝑛,𝑚 = sup
κ∗

|𝐹1,𝑛(𝜅∗) − 𝐹2,𝑚(𝜅∗)| (10) 

where 𝐹1,𝑛(𝜅∗) and 𝐹2,𝑚(𝜅∗) are the two ECDFs being 

compared, with sample sizes n and m, respectively. 

For sufficiently large sample sizes, the two 

distributions are statistically different if: 

 

𝐷𝑛,𝑚 > √−
1

2
ln (

𝛼

2
) (

𝑛 + 𝑚

𝑛𝑚
) (11) 

where the parameter α is used to determine what 

amount of difference between the ECDFs is 

statistically significant. As is common practice in the 

literature [19], we use α = 0.05.  

 

3. Data representations 

 

3.1 Detrending: clear-sky indices  

 

It is well understood that solar irradiance 

variability consists of deterministic and non-

deterministic components. The nonstationary 

deterministic diurnal and orbital trends can be easily 

predicted by clear-sky models, whereas the non-

deterministic cloud-induced variability is more 

challenging to characterize. The deterministic trends 

can be removed from the broadband global horizontal 

irradiance (GHI) time series via the clear-sky index, 

𝜅∗(𝑡): 

 

𝜅∗(𝑡) =
𝐼𝐺𝐻𝐼(𝑡)

𝐼𝐺𝐻𝐼,𝑐𝑙𝑟(𝑡)
 , (12) 

 

where 𝐼𝐺𝐻𝐼(𝑡) is the measured broadband GHI and 

𝐼𝐺𝐻𝐼,𝑐𝑙𝑟(𝑡) is the modelled broadband clear-sky GHI. 

As the deterministic trends are eliminated by this 

clear-sky normalization, the remaining variability in 

the clear-sky index time series is dominated by cloud 

dynamics. It is this clear-sky index time series, which 

is often presumed to be trend-stationary, that will be 

the foundation of the statistical assessments in the 

remaining sections of this work.  
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Similar to Eq. (12), which defines the broadband 

clear-sky index, the analogous spectral clear-sky 

index, 𝜅∗(𝜆; 𝑡), can be defined as: 

 

𝜅∗(𝜆; 𝑡) =
𝑆𝐺𝐻𝐼(𝜆; 𝑡)

𝑆𝐺𝐻𝐼,𝑐𝑙𝑟(𝜆; 𝑡)
  (13) 

 

where 𝑆𝐺𝐻𝐼(𝜆; 𝑡) is the measured spectral GHI, 

𝑆𝐺𝐻𝐼,𝑐𝑙𝑟(𝜆; 𝑡) is the spectral clear-sky GHI, and 𝜆 is the 

center wavelength at which the spectral irradiance is 

measured. Using the spectral clear-sky index, the 

diurnal and orbital trends can also be removed from 

measured spectral GHI time series.  

 

3.3 Differencing: index increments 

 

To analyze higher-order statistical properties of 

cloud-induced variability, we quantify short-term 

irradiance variability using the clear-sky index 

increment, 𝛥𝜅𝜏
∗(𝑡), which is defined as the forward 

difference between two values in a clear-sky index 

time series: 

 

𝛥𝜅𝜏
∗(𝑡) = 𝜅∗(𝑡 + 𝜏) − 𝜅∗(𝑡) (14) 

 

where 𝜅∗(𝑡) and 𝜅∗(𝑡 + 𝜏) are a given pair of clear-

sky index values separated by a time step, 𝜏. The clear-

sky index increment evaluates the change in irradiance 

over a given time interval, which is set by changing 𝜏. 

This differencing is also a data transformation known 

to promote stationarity. While the above definition is 

for the broadband clear-sky index increment, the 

spectral equivalent can be similarly defined as: 

 

𝛥𝜅𝜏
∗(𝜆; 𝑡) = 𝜅∗(𝜆; 𝑡 + 𝜏) − 𝜅∗(𝜆; 𝑡) (15) 

 

for a given wavelength, 𝜆.  

 

4. Review of existing statistical approaches 

 

The statistical properties of the irradiance time 

series have been extensively studied for over 60 years. 

Liu and Jordan  [20] did formative assessments of the 

interrelationships and distributions of direct 

irradiance, diffuse irradiance, and total GHI using the 

clearness index. They found that the CDFs for monthly 

clearness indices with common averages were similar. 

They introduced parameterizations that allowed some 

generalization of results. This was followed up in more 

detail by Hollands and Huget  [21] who more formally 

applied classical probability theory to their work, thus 

providing a general framework for analyzing solar 

data. 

Gordon and Reddy  [22] provided an analysis of 

the stationary and sequential properties of daily GHI 

on a monthly basis, using daily radiation data from 

locations of diverse climatic conditions. They showed 

the claim of previous studies, that climates with the 

same mean clearness index share similar PDFs, to be 

an artifact of analysis and limited sample size. Their 

approach was to produce what they described as 

“generalized stationary statistics” for multiyear data, 

normalizing the clearness index 𝑘 with its monthly 

average clearness index 𝑘̅ to produce 𝑥 = 𝑘 𝑘̅⁄  as a 

stochastic variable with daily, monthly and annual 

dependencies. They found that the erroneous insights 

arose because the multiyear average of monthly 

clearness indices and the corresponding average 

variance are correlated “in one way for temperate 

climates, and in a different way for tropical climates”. 

Employing a heuristic technique, they developed as an 

empirical closed form: 

 

𝑃(𝑥) = 𝐴𝑥𝑛[1 − (𝑥 𝑥𝑚𝑎𝑥⁄ )] (16) 

 

where 𝐴, 𝑛, and 𝑥𝑚𝑎𝑥  are interdependent fitting 

parameters determined from normalization, and 

knowledge of 𝑘̅ and 𝜎2(𝑥). They also studied the 

persistence effects of the GHI with a day-lag 

autocorrelation approach, transforming 𝑥 to a new 

stochastic variable 𝑧 with zero mean and a unit 

standard deviation. They find wide variation in the 

dependence of both the one-day and two-day lag 

autocorrelation on average monthly clearness index, 

concluding via statistical tests that the former is 

distinguishable from zero whereas the latter is not. 

They followed up, in a subsequent paper  [23], with an 

analysis of the hourly GHI. The dependencies of hour-

lag correlations on the hour of the day were found to 

be strong, variable, nonlinear, nonmonotonic, and 

dependent on location; the general trend was a 

decreased correlation with increased lag. By 

comparison, the dependence of the daily average 

hourly autocorrelations on the lag hour was typically 

monotonic, although even more clearly locationally-

dependent.  

Aguiar and Collares-Pereira  [24] undertook an 

approach initially similar to that of Gordon and Reddy. 

They too considered hourly and daily clearness 

indices, finding similar distribution results for the 

comprehensive (“mixed”) dataset. However, once the 

hourly data was segmented by its dependence on daily 

indices and solar altitude, an unmixed analysis showed 
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different behavior. The unmixed hourly radiation does 

not possess stationarity, and if it is segmented by 

narrow daily clearness index bin ranges, the PDFs 

show no dependence on latitude and climate. They 

followed up on this approach in a companion paper 

[25] where a transformation similar to that of Gordon 

and Reddy was used to purportedly remove all trends. 

The dependence of the first- and second-order 

autocorrelation coefficients was determined. Note 

that, as with Gordon and Reddy, the autocorrelation 

was applied to a normalized irradiance variability 

time series (although referenced to different means 

and variances), not the normalized irradiance itself. It 

is not a test for stationarity but rather an enforcement 

of it for model application purposes.  

Skartveit and Olseth  [26] looked at one year of 

direct normal irradiance (DNI) and GHI data from 

measurements averaged across 5-minute intervals at 

three diverse locations. They showed observed and 

modelled PDFs of GHI and DNI based on their 

respective clear-sky indices, segmented by hourly 

averages. The PDFs were not unique functions of the 

hourly averages, but depended heavily on irradiance 

variability. Hourly analysis showed that data with low 

standard deviation had unimodal distributions, due to 

cloudless skies or uniform clouds, while increasing 

standard deviation gave bimodal distributions with 

increasing mode separation, due to increasingly 

broken skies. While the bimodal pattern was observed 

at all elevation angles, it was found to be more 

pronounced at high angles, especially for the DNI. 

Woyte et al.  [27] acquired multiyear GHI data 

from three sites with distinctly different climates at 

resolutions ranging from 1 to 5 seconds. CDFs for 

subsets of the clearness index with a pre-defined mean 

were determined for different values of the air mass, 

allowing regional comparison confirming previous 

findings. Interestingly, they note that to reduce the 

influence of air mass and local climate, the clear-sky 

index should be used to study the fluctuations 

introduced by passing clouds. They note that the 

clearness index, which detrends using extraterrestrial 

irradiance, could be interpreted as realizations of a 

stochastic process on the basis of having site-specific 

probability distributions determined by air mass and 

mean clearness index, with the order of the index 

sequence then a function of the autocorrelation of the 

stochastic process. They further note that, although the 

stochastic process is not stationary, a localized 

analysis limited to short time intervals, might be 

possible. They then demonstrated the applicability of 

a localized spectral analysis based on wavelet bases to 

decompose the fluctuating clearness index signal into 

a set of orthonormal subsignals, where each subsignal 

represents a specific fluctuation persistence scale. 

Munkhammar and Widén  [28] used the 

autocorrelation function of the clear-sky index to 

demonstrate how copulas could be used to model 

temporal variability. Data of an annual minute-

resolution GHI dataset was restricted to a two-hour 

period centered on noon. Of interest here is the 

behavior of the autocorrelation. For this temporal 

restriction, the autocorrelation on the annual dataset 

showed a quasi-exponential decrease to zero over 

about 30 minutes, continuing negative until about 50 

minutes and thence returning slowly to zero at 120 

minutes. They also calculated the daily 

autocorrelations for the same temporal restrictions, 

which showed extensive diversity. The mean daily 

autocorrelation is seen to be visually indistinguishable 

from the annual autocorrelation. Presumably the 

former was calculated using daily mean values (which 

show order of magnitude variation over the year). The 

indistinguishability implies that their clear-sky index 

time series is indeed in some sense stationary.  

Madanchi et al.  [29] note that in a complex time 

series, 𝑥(𝑡), long-range correlations are usually 

characterized by scaling laws, where the scaling 

exponents characterize the underlying processes. 

Referencing  [30], they state that for stationary data the 

correlation function 𝐶(𝜏) has short-range correlations, 

decaying as: 

𝐶(𝜏) ~ exp(− 𝜏 𝜏𝑚𝑎𝑥⁄ ) (17) 

where 𝜏𝑚𝑎𝑥 is a decay time. For long-range 

correlations, 𝐶(𝜏) follows a power law: 

𝐶(𝜏) ~ 𝜏−𝛾 (18) 

with an exponent 0 < 𝛾 < 1. Since the correlation 

function is a linear regression, they suggest that higher 

order statistical properties are needed to fully 

characterize the time series. If the increment of 𝑥(𝑡) 

over time 𝜏 is defined as:  

Δ𝑥(𝜏) = 𝑥(𝑡 + 𝜏) − 𝑥(𝑡) (19) 

then the qth order absolute moment of 𝑥(𝑡) is: 

𝑆(𝑞, 𝜏) = 〈|Δ𝑥(𝜏)|𝑞〉 (20) 

If the scaling behavior of this structure function for a 

certain range of 𝜏 is described by a power law such 

that: 

𝑆(𝑞, 𝜏) ≃ 𝐶𝑞𝜏𝜉𝑞 (21) 
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where 𝐶𝑞 is a prefactor and 𝜉𝑞  is the exponent of the 

power law with a linear dependence on 𝑞, then the 

process is called scale invariant. If 𝜉𝑞  is a linear 

function of 𝑞, then 𝑆(𝑞, 𝜏) is called monofractal 

(linear); if a nonlinear function, then multifractal 

(nonlinear).  

 They used multifractal detrended fluctuation 

analysis to show that solar irradiance time series have 

strong nonlinear and nonstationary properties. 

Multiple GHI datasets, whose measurement duration 

ranged from 1 to ~10 years and whose resolution 

ranged from 1 s to 1 minute, were detrended using the 

clear-sky irradiance. Defining a generalized 

fluctuation function, they find scaling behaviour by 

means of a log-log plot. Their analysis shows gentle 

cross overs in scaling that are weakly location-

dependent, at time scales 𝜏𝑐~450 s. Deeper analysis 

suggests that multifractality is due to a combination of 

linear and nonlinear correlations and is a direct 

consequence of the frequency with which broken 

clouds occur.  

 

5. The spectral irradiance measurement system 

 

5.1 Instrumentation 

 

We employ a custom Spectrafy SolarSIM-G 

spectral pyranometer, modified for rapid data 

acquisition, which collects spectral and broadband 

irradiance data in Ottawa, Canada. The SolarSIM-G 

measures the spectral GHI at nine wavelengths across 

the solar spectrum using nine channels of narrow 

bandpass filters paired with calibrated photodetectors. 

The center wavelengths of each channel within the 

solar spectrum are summarized in Table 1. Precise 

wavelength data for channels 1, 8 and 9 are not 

available; their centre wavelengths are specified by the 

manufacturer to lie within the given ranges. The 

spectral GHI is recorded at 250 ms resolution, which 

allows the irradiance variability to be sufficiently 

captured on all time scales relevant to PV generation. 

The SolarSIM-G is also equipped with a ventilator 

attachment to minimize the impacts of rain, dust, and 

snow on data quality. 

The spectral GHI measurements, ambient pressure, 

relative humidity, and air temperature are combined 

using a radiative transfer model to self-consistently 

derive the atmospheric optical parameters and 

broadband GHI, which are also recorded at 250 ms 

resolution. The basic design principles of this spectral 

reconstruction process have been described in  [31] 

and are summarized in section 5.2. Measurements 

from the infrared channels are used to classify the 

clouds by their water morphology, with a uniform 

cloud model employed to estimate cloud optical depth 

and to subsequently compute cloud transmittance in 

the 1000-4000 nm range. The efficacy of this approach 

has been validated against reference instruments under 

a full range of sky conditions  [32],  [33]. 

 

Table 1. SolarSIM-G spectral channels center wavelengths 

Optical 

Channel 

Center Wavelength 

(nm) 
Targets 

1 300 – 400 Aerosols, diffuse 

2 420 Aerosols, diffuse 

3 500 Aerosols, diffuse 

4 610 Ozone 

5 675 Aerosols, diffuse 

6 880 Aerosols, diffuse 

7 940 Water vapor 

8 1000 – 1400 Aerosols, clouds 

9 1400 – 1700 Aerosols, clouds 

 

5.2 Spectral and broadband clear-sky GHI models 

 

To compute the spectral clear-sky index, both the 

measured spectral GHI and modelled spectral clear-

sky GHI are required – cf. Eq. (13). Since the spectral 

clear-sky GHI varies across the solar spectrum, it must 

be computed separately for each wavelength. For this, 

we begin by defining the spectral clear-sky GHI as: 

 

𝑆𝐺𝐻𝐼,𝑐𝑙𝑟(𝜆) = 𝑆𝐷𝑁𝐼,𝑐𝑙𝑟(𝜆) ⋅ 𝑚−1 + 𝑆𝐷𝐻𝐼,𝑐𝑙𝑟(𝜆) (22) 

 

where 𝑆DNI,clr(𝜆) and 𝑆DHI,clr(𝜆) are the modelled 

spectral clear-sky DNI and diffuse horizontal 

irradiance (DHI), respectively, in the 280-4000 nm 

range, and 𝑚 is the geometric air mass.  

The spectral clear-sky DNI is obtained through a 

parameterized direct beam transmittance model as 

follows  [31]: 
 

1. Compute the zenith angle, air mass, and sun-earth 

distance using a solar position algorithm; 

2. Apply sun-earth distance correction on the AM0 

extraterrestrial solar spectrum; 

3. Calculate Rayleigh scattering and transmittance 

functions for mixed and trace gases, e.g., CO2, 

CH4, O2; 

4. Determine aerosol transmittance through 

Ångström power law by fixing the aerosol optical 

depth (AOD) at 500 nm to 0.05 and with its 

spectral dependence defined by two Ångström 

exponents, 0.98 and 1.22, for wavelengths before 

and after 500 nm, respectively; 
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5. Compute the total column ozone and its spectral 

transmittance from the SolarSIM-G 

measurements; 

6. Calculate the precipitable water amount from the 

SolarSIM-G measurements, then generate its 

transmittance profile. 

 

The spectral clear-sky DHI is difficult to obtain 

using the parameterization techniques used to 

calculate the spectral clear-sky DNI. Instead, we use 

the methodology proposed by Bird [34] and later 

refined by Gueymard [35], where the diffuse 

horizontal irradiance is given as: 

 

𝑆DHI,clr(𝜆) =  𝑆R,dif(𝜆) + 𝑆a,dif(𝜆) + 𝑆g,dif(𝜆) (23) 

 

where 𝑆R,dif(𝜆) is the Rayleigh scattering component, 

𝑆a,dif(𝜆) is the aerosol scattering component, and 

𝑆g,dif(𝜆) is the sunlight’s back and forth scattering 

between the ground surface and the air. Finally, the 

broadband clear-sky GHI, required by Eq. (12), can be 

computed by integrating the spectral clear-sky GHI in 

the 280-4000 nm range: 

𝐼GHI,clr = ∫ 𝑆GHI,clr(𝜆) ∙ d𝜆
4000

280

(24) 

 

6. Data acquisition and validation 

 

To ensure we develop a comprehensive 

perspective regarding the full scope of any non-

deterministic variations, we need an extended dataset 

of the spectral irradiance. We have therefore created a 

new spectral irradiance database based on 

measurements by the aforementioned custom 

Spectrafy SolarSIM-G spectral pyranometer located in 

Ottawa, Canada. The climate diversity in Ottawa and 

the high temporal resolution of the database combine 

to enable a broadly representable evaluation of 

irradiance variability across the dominant sky 

conditions and time scales most relevant to PV 

generation. The broadband GHI is determined by 

integrating the spectral irradiance as described above; 

the direct normal irradiance (DNI) is determined by a 

complementary instrument to allow the statistical 

properties of local versus extended sky conditions to 

be compared.  

This work uses one year of 250 ms resolution 

spectral and broadband GHI data, spanning the 

entirety of 2022. The database is filtered such that 

nighttime data and significant outliers are removed. 

An additional filter is used to remove periods when the 

solar elevation angle is less than 4° to eliminate any 

effects introduced by periods surrounding dusk and 

dawn. These 10- to 20-minute periods near sunrise and 

sunset typically contribute very little to daily PV 

generation, thus their obscuring effects on irradiance 

variability can be neglected.  

To further ensure data quality control, periods of 

precipitation (e.g., rain, mist, snow), maintenance, and 

intermittent data outages related to power failure are 

also filtered. Data from the national weather station, 

located approximately 8 km away from the SolarSIM-

G site at the Ottawa/MacDonald-Cartier International 

Airport, is used to determine the periods of 

precipitation. This station reports the sky conditions 

(e.g., sunny, cloudy, light rain, drizzle) at 15-minute to 

1-hour resolution. Therefore, broader periods where 

the sky conditions imply precipitation are used to filter 

the SolarSIM-G database appropriately. 

 

7. Data analysis and discussion 

 

7.1 General observations regarding variability 

 

We first consider irradiance variability using sky 

condition persistence and transition metrics to describe 

general conditions. We begin this analysis by defining 

our sky conditions. Table 2 below shows how the data 

is divided into seven sky conditions based on the 

spectral clear-sky indices of channels 1 and 9 [33]. 

While the infrared (IR) channel 9 alone can 

sufficiently classify several of the sky conditions, the 

ultraviolet (UV) channel 1 is required to properly 

distinguish between the very clear, clear, and hazy 

conditions. Since the channel 1 and 9 clear-sky indices 

are used to define the sky conditions, their variability 

is embedded in the sky condition persistence and 

transitions analysis. 

 

Table 2. Sky condition definitions using channels 1 and 9 of 

the SolarSIM-G 

Sky 

Condition 

𝜿(𝝀𝐔𝐕) 𝜿(𝝀𝐈𝐑) 

min. max. min. max. 

Lensing - - 1.05 - 

Very Clear 1.0 - 0.75 1.05 

Clear 0.8 1.0 0.75 1.05 

Hazy - 0.8 0.75 1.05 

Thin Clouds - - 0.5 0.75 

Thick 

Clouds 
- - 0.25 0.5 

Overcast - - - 0.25 
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Using these definitions, each timestamp in the 

dataset is labelled with a corresponding sky condition. 

Figure 2 shows the distribution of sky conditions 

throughout the year of 2022 in Ottawa, which 

highlights the diversity of its weather. It is important 

to consider that climate varies between locations, so 

this distribution may be significantly different for 

another location. However, given its diversity of sky 

conditions, the Ottawa data enables a general 

assessment of sky condition persistence and 

transitions.  

 

 
Figure 2. Distribution of sky conditions in Ottawa during 

2022 

Knowledge of the current sky condition, and for 

how long it has already persisted, can be highly 

informative in a forecasting context. For instance, if 

the sky condition has been overcast for several 

minutes, one might expect that the sky is likely to 

remain overcast in the next minute. In contrast, mixed 

sky conditions which include fast-moving thin clouds 

may be more volatile, reducing predictability. We aim 

to provide insight into the following two questions:  

 

1. Given the current sky condition, x, what will most 

likely be the next sky condition, y?  

2. If the sky transitions from x to y, for how long will 

y then last? 

 

Given the probabilistic nature of cloud dynamics, 

the quantification of sky condition behavior should 

likewise take a probabilistic perspective. Figure 3 

illustrates both the likelihood of certain sky conditions 

occurring and the probability that the latter condition 

will persist between 1 and 2 minutes. For example, 

there are 1450 instances within the 1-year database 

where the sky condition transitions from very clear 

(vertical axis) to clear (horizontal axis), with the clear 

condition then lasting at least 1 minute but no more 

than 2 minutes. The color pattern identifies the 

dominant transition combinations (darker blue) which 

are most likely to occur. The transition combinations 

which have very low counts (light blue or white) are 

either unlikely to occur or only occur during rapid 

irradiance ramping periods. These ramping periods are 

inherently filtered out in this analysis by the 

requirement that the latter sky condition must persist 

at least 1 minute following the transition. 

 

 
Figure 3. Instances of sky condition persistence lasting 

between 1 and 2 minutes following a transition. The 

persisting sky condition is given along the horizontal axis 

In Figure 4, the analysis is repeated but for the 

latter sky condition persisting between 5 and 6 

minutes. Interestingly, the dominant sky transition 

combinations, which are shown by the color patterns, 

do not change significantly from Figure 3. However, 

the impact of changing the persistence time scale is 

evident in the number of counts. The reduced instances 

of sky conditions persisting for longer periods of time 

indicates that as we look further into the future, the sky 

condition is more likely to change and less predictable. 

 

 
Figure 4. Instances of sky condition persistence lasting 

between 5 and 6 minutes following a transition. The 

persisting sky condition is given along the horizontal axis 
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The overall impact of increasing the persistence 

duration period is shown in Figure 5. This plot shows 

the post-transition persistence counts at each time 

interval for very clear to clear transitions, which is 

among the dominant transition combinations and can 

therefore illustrate the temporal distribution well. 

 

 
Figure 5. Temporal distribution of persistence duration 

counts following very clear to clear transitions 

Returning to the questions posed earlier in this 

section, neglecting fast ramping periods in which sky 

conditions do not persist more than a few seconds,  

Figure 3 and Figure 4 show the dominant transition 

combinations which help answer the first question. 

The second question, pertaining to the persistence 

duration of the next sky condition, can be guided by 

the results shown in Figure 5, along with a similar 

analysis for all other transition combinations. 

 

7.2. Seasonal Clear-Sky Index Statistics 

 

We begin our investigation of the clear-sky index 

at the seasonal time scale. Regarding the time 

invariance condition for stationarity, the seasonal 

ECDFs can be compared visually using a P-P plot. 

Figure 6 shows seasonal P-P plots for the broadband 

GHI clear-sky index, with non-repeating season 

combinations. Here, each pair of seasonal ECDFs are 

plotted against one another on either axis. If two 

seasonal distributions are identical (time invariant), 

the resulting plot will fall along the diagonal line; 

however, differences between the ECDFs will result in 

deviations from the diagonal line. Figure 6 gives 

validity to seasonal KS test results, which have 

suggested that all seasonal ECDFs are statistically 

different. The P-P plots also are much more 

informative in terms of where the ECDFs differ, in 

contrast to the binary result of the KS test.  

 

 
Figure 6. P-P plot for the seasonal ECDFs of the broadband 

clear-sky index 

The seasonal P-P plots for the nine spectral 

channels are presented in Figure 7. While the P-P plots 

support the KS test results for each channel, they also 

illustrate that the clear-sky index and its variability are 

spectrally dependent. The differences between the 

spectral P-P plots show that clouds affect each of the 

spectral components differently, even at the seasonal 

time scale. Though some channels have similar P-P 

plots to each other (and to the broadband), others show 

more drastic differences, which is likely due to 

different cloud scattering and absorption processes.  

 

Figure 7. P-P plots for the seasonal CDFs of all nine 

spectral clear-sky indexes 
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It is evident from Figure 7 that the broadband and 

spectral clear-sky index time series do not meet the 

time invariance condition of strong stationarity on 

seasonal time scales. However, in the context of solar 

forecasting, it is typically beneficial if the time series 

is at least weakly stationary. To meet the requirements 

of weak stationarity, it is often sufficient for a time 

series to maintain a constant mean and variance over 

time. Figure 8 and Figure 9 show the seasonal means 

and variances, respectively, for all spectral and 

broadband clear-sky index time series. With the 

possible exception of channel 7 and perhaps the winter 

period, fluctuations in the mean and variance might be 

considered modest, since, from a sample population 

perspective, the distributions are of significant width. 

The large variances imply only relatively weak 

variation in the mean over time, and with one another; 

hence, the assumption that the clear-sky index is 

weakly stationary may be a reasonable one at (most) 

seasonal time scales.  

 

 
Figure 8. Seasonal clear-sky index means for all spectral 

and broadband irradiances 

 

 
Figure 9. Seasonal clear-sky index variances for all spectral 

and broadband irradiances 

 

7.3. Monthly Clear-Sky Index Statistics 

 

Having established that the spectral and broadband 

clear-sky indexes may be considered weakly 

stationary at best on the seasonal time scale, we now 

turn our attention towards the monthly time scale. 

Since separating the high resolution time series into 1-

month bins still permits sufficiently large sample sizes, 

representative monthly ECDFs can be generated. As 

such, the same metrics and techniques that were used 

to investigate seasonal stationarity can also be used to 

address monthly stationarity.  

The monthly ECDFs of the broadband clear-sky 

index are all statistical different from one another, each 

unique monthly comparison exceeding the KS test 

summary statistic, 𝐷𝑛,𝑚. Even at the level of this 

coarse metric, there are no months with even 

nominally similar distributions, not even the adjacent 

months. Figure 10 provides the monthly P-P plots for 

the broadband GHI clear-sky index, with non-

repeating month combinations, that confirms this 

perspective. Due to the large number of curves, these 

are not individually identified. While further insights 

into monthly statistical variation can be extracted, it is 

here sufficient to note that the increasing departure 

from the diagonal, compared with seasonal 

dependence, is evidence of greater overall variability 

on a month-to-month basis.  
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Figure 10. P-P plot for the monthly ECDFs of the broadband 

clear-sky index 

The monthly KS test results for the nine spectral 

channels provide a more nuanced view of the 

irradiance variability. Presented in Figure 11 are the 

KS test results as a digital “heat map”, where filled 

squares denote passing the test and unfilled failing the 

test. The diagonals compare the month with itself and 

thus pass by definition. Some specific month pairs for 

particular channels are similar, with an overall bias 

towards summer months and short wavelengths, but 

the broad trend is still a stationarity violation for nearly 

all month combinations. 

 

 
Figure 11. KS test results for the monthly ECDFs of all 

nine spectral clear-sky indexes 

The seasonal P-P plots for the nine spectral 

channels are presented in Figure 12. While the P-P 

plots support the KS test results, they also illustrate 

that the clear-sky index and its variability are 

spectrally dependent on monthly time scales, similar 

to the seasonal spectral P-P plots. Again, some 

channels have P-P plots of broadly similar extent, 

while others show more drastic differences, likely due 

to different scattering and absorption processes.  

 

Figure 12. P-P plots for the monthly ECDFs of all nine 

spectral clear-sky indexes 

For completeness, we also consider the monthly 

dependence of mean and variance, shown in Figure 13 

and Figure 14, respectively. Again, the behaviour of 

channel 7 is anomalous, but the general trend is similar 

to that of the seasonal dependencies, with one 

exception. We see here that the variation in the means, 

excluding late winter, is less than that seen for the 

seasons, although the dependence of the variance is 

similar. This is indicative of a move toward 

stationarity as the averaging time is reduced, and is 

also consistent with what we see in the KS tests. 
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Figure 13. Monthly clear-sky index means for all spectral 

and broadband irradiances 

 

 
Figure 14. Monthly clear-sky index variances for all spectral 

and broadband irradiances 

In the context of solar forecasting, it would be 

advisable to prioritize models that are less sensitive to 

nonstationarity (i.e., advanced machine learning rather 

than conventional statistics-based models) on monthly 

or even weekly time scales. Additionally, parsing 

training data by month or season may help reduce the 

non-stationarity present in the clear-sky indexes, 

though this will be at the cost of reduced training data 

volume and a possible need for month- or season-

specific models. 

 
7.4. Sub-Hourly Clear-Sky Index Statistics 

  

As short-term solar forecasting has become an area 

of great interest in recent years, both for researchers 

and electricity grid operators, considering sub-hourly 

statistics is becoming increasingly important. Given 

the lack of high-resolution irradiance data, 

assessments on sub-hourly time scales are few. 

Though there have been many solar resource 

assessments using satellite data and numerical weather 

prediction (NWP) models, these are often limited to 

temporal resolutions greater than 5-15 minutes and 

spatial resolutions of a few square kilometres. As such, 

the fast local irradiance fluctuations are lost to 

spatiotemporal averaging. Other ground-based 

irradiance variability studies have been presented in 

the literature, but all high-resolution measurements 

appear limited to broadband data, neglecting the 

spectral components. 

 

7.5 Irradiance variability distributions 

 

In this section, we investigate the spectral and 

broadband irradiance variability on sub-hourly time 

scales, ranging from sub-second to one hour. To better 

discern any departure from stationarity – or 

representations of the type of stationarity – we 

consider irradiance variability via both first-order and 

higher-order statistical properties. As to the former, we 

have already seen the time dependencies of mean and 

variance for narrowband and broadband clear-sky 

indices at seasonal and monthly scales. What we lack 

is an understanding of the behaviour of the 

autocovariance. Is a comprehensive interpretation 

possible if time shift invariance is assumed? That is, 

might a form of weak stationarity exist? The same 

question might be asked regarding the nature of the 

index fluctuations themselves. Below we address how 

the autocovariance and the index increment behave 

under time shift. 

 

7.5.1 Temporal dependencies of the autocovariance 

 

Employing Eq. (5), we calculate the 

autocovariance for the nine individual narrowband 

channels and the broadband GHI for all pairs of 

daylight times, 𝑡1 and 𝑡2, in the annual dataset where 

the angle of elevation is in excess of 4° such that 𝑡2 =

𝑡1 + 𝜏, where 𝜏 (the lag) ranges from 1 s to 1 hour. The 

data are shown by the symbols in the linear-log plot of 

Figure 15. The data were fitted to the survivor function 

of the log-logistic distribution. The log-logistic 

distribution is the probability distribution of a random 

variable, here distributed in time, whose logarithm has 

a logistic distribution [36]. Similar in shape to the log-

normal distribution, it has heavier tails; the PDF is 

given by: 

61



 𝑓(𝜏) =
(

𝛽
𝛼⁄ )(𝜏

𝛼⁄ )𝛽−1

[1+(𝜏
𝛼⁄ )𝛽]

2  , (25) 

for 𝜏 > 0, 𝛼 > 0, and 𝛽 > 0. Its CDF can be written in 

closed form as: 

 𝐹(𝜏) =
(𝜏

𝛼⁄ )𝛽

1+(𝜏
𝛼⁄ )𝛽 . (26) 

The survivor function:  

 𝑆(𝜏) = 1 − 𝐹(𝜏) =
1

1+(𝜏
𝛼⁄ )𝛽 , (27) 

is a measure of the likelihood that the status will persist 

beyond 𝜏. The fitting parameters 𝛼 and 𝛽 are known 

as the scaling and shape parameters, respectively. For 

𝛽 > 1, the scaling parameter is the median of the 

random variable; for 𝛽 < 1, the median does not exist 

and another interpretation must be found. 

The survivor function was fit to the 

autocovariance data by incorporating the clear-sky 

index variance into its numerator as an independent 

fitting parameter – the normalization of the 

autocovariance by the variance produces the 

autocorrelation. Fits were done to all points except the 

first and last ones – the former as its measurement was 

deeply into the highly nonlinear ramping regime, and 

the latter as systemic notice of slightly worsening fit 

gave evidence of a departure from the short-range 

correlation regime. Fits of exceptional accuracy were 

determined, as shown in Figure 15, using the nonlinear 

Levenberg Marquardt fitting algorithm in Microcal 

Origin, with 𝑅2 values better than 0.999. The 

suggestion that the short-range correlations decay 

exponentially, as given in Eq. (17), was thoroughly 

falsified – such a fit underestimates both short and long 

times, while overestimating the interval in between. 

 

 

 

 
Figure 15. Dependence of the autocovariance on the lag 

time τ for the 9 narrowband channels (colour) and the 

broadband GHI (black) – symbols; the solid curves are fits 

to the data 

As noted above, the variance of the clear-sky 

index distribution was determined as a fitting 

parameter (and independently confirmed by direct 

calculation). The results are shown in Figure 16 as a 

function of the channel nominal wavelength. Black 

squares are for narrowband channel data while the red 

bar is that of the broadband GHI. The large 

“uncertainties” in the wavelengths for channels 8 and 

9 are for manufacturer intellectual property reasons. 

Uncertainties in the variances themselves are 

determined as standard errors in the fitting procedure 

and are too small to be seen on this scale. The 

following observations are worthy of note. 

The overall variance is rather low, which 

presumably reflects the fact that, although Ottawa has 

highly diverse sky conditions, such conditions may 

tend to persist for some time, as earlier seen in Figures 

3-5. The spectral variation exceeds a factor of two over 

the channel range and is mostly monotonic, with the 

highest variances in the infrared. Note that the short 

wavelength channels 1-6 (except 4) target aerosols and 

diffuse irradiance while the two IR channels target 

aerosols and clouds. For short wavelengths, the 

dependence is likely due to the interplay between two 

factors: the wavelength dependence of the aerosol 

extinction as modeled an Ångström power law [37], 

and the transition probabilities for moving from one 

sky state to another – cf. Figures 3-5. The lowest 

variances – for the UV and blue channels 1 and 2, and 

for the water vapor channel 7 – likely occur because 

the scattering (channels 1 and 2) and absorption 

(channels 1 and 7) are largely saturated for their 

dominate sky states. By contrast, the long wavelength 

channels show greater variances, possibly due to the 
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diversity of cloud droplet sizes. Further investigation 

is needed. 

 

 
Figure 16. Dependence of the clear-sky index variance on 

wavelength for the 9 narrowband channels (data points) and 

the broadband GHI (red bar); error bars on the open 

symbols denote their respective regions of operation as 

specified by the manufacturer – see Table 1 

Figure 17 shows the fitting results of the scaling 

parameter 𝛼 as a function of the channel nominal 

wavelength. Black squares are for narrowband channel 

data while the red bar is that of the broadband GHI. 

Uncertainties in 𝛼 are determined as standard errors in 

the fitting procedure and typically too small to be seen 

on this scale, except for channels 7 and 9. Formally, 

since 𝛽 < 1 (see Figure 18), 𝛼 cannot be considered as 

a median since the PDF is monotonically decreasing. 

For 0 < 𝛽 < 1, the mathematical significance of this 

parameter now lies in the scaling behaviour of the log-

log dependence of the PDF, which transitions from 

weakly negative slope to more strongly negative slope, 

the intersection occurring at 𝛼. The physical 

interpretation of this is that 𝛼 marks the transition from 

a short-range correlation regime, where correlations 

are strong, to a long-range correlation regime, where 

correlations are increasingly weak; that is, it marks the 

transition from correlated to a decorrelated behaviour 

and may thus be considered as a correlation time.  

The correlation behaviour shown in Figure 15 is 

strongly dependent on wavelength and is distinct from 

that of the variance. Interestingly, the broadband GHI 

shows a correlation time that is typically less than that 

of its spectral components, likely as a consequence of 

its behaviour arising from a multiplicity of physical 

processes that are to first order independent and 

identically distributed. Tellingly, its value coincides 

with that of channel 4, which is basically at the peak 

of the solar spectrum. Spectral averaging is therefore 

likely to remove the longer-range correlations, 

retaining only their common times. There is a 

significant increase in correlation time with increasing 

blueness that may reflect the nature of the clear sky 

states, and likewise an increase into the IR that might 

demonstrate increasing cloud uniformity. Channel 7 

shows a correlation time two to three times that of any 

other channel. Since this channel was positioned to be 

sensitive to precipitable water vapor, this indicates that 

memory of this state is retained far longer than those 

of other processes – equivalently, that its process 

evolution is slower. The spectral dependence of the 

scaling parameter is likely a characteristic dynamic 

signature of the local climate. Further investigation is 

needed. 

 

 
Figure 17. Dependence of the scaling parameter on the 

wavelengths for the 9 narrowband channels (colour) and the 

broadband GHI (red bar – width corresponds to 

uncertainty); error bars on the open symbols denote their 

respective regions of operation as specified by the 

manufacturer – see Table 1 

Figure 18 shows the fitting results of the shape 

parameter 𝛽 as a function of the channel nominal 

wavelength. Black squares are for narrowband channel 

data while the red bar is that of the broadband GHI. 

Uncertainties in 𝛽 are determined as standard errors in 

the fitting procedure and are now visible but modest, 

similar for all channels and the broadband GHI (shown 

by the faint red lines above and below the red bar). We 

first note that the shape parameter for the GHI (0.515) 

agrees with the spectral-intensity-weighted average of 

the narrowband parameters (0.511) to within the 

standard error (0.005). This is in line with our earlier 

discussion regarding averaging over the multiplicity of 

physical processes, applied now to shape.  
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It is instructive to speculate on the physical origins 

of the wavelength dependence of the shape parameter. 

If we presume that the shape is governed by the 

persistence of the atmospheric state, then we can 

assume the dependence of the shape parameter to arise 

from that of an optical depth which we may 

parameterize into absorption and scattering 

components. Assuming the former to be constant and 

the latter to have Ångström power law behaviour 

yields as fitting function: 

 𝛽(𝜏) = 𝑎 + (𝑏
𝜆⁄ )

𝑐

, (28) 

where a, b, and c are fitting parameters. The result of 

this fit is shown by the black curve in Figure 18, which 

was determined using the nonlinear Levenberg 

Marquardt fitting algorithm in Microcal Origin, with a 

reduced 𝜒2 value of 1.33 and 𝑅2 value of 0.99. Fitting 

parameters were found to be 𝑎 = 0.4543 ± 0.0055, 

𝑏 = 143 ± 13, and 𝑐 = 2.15 ± 0.24. These values are 

in line with expectations. 

 

 
Figure 18. Dependence of the shape parameter on 

wavelength for the 9 narrowband channels (symbols – data; 

curve – fit) and the broadband GHI (red bar – range of 

uncertainty); error bars on the open symbols denote their 

respective regions of operation as specified by the 

manufacturer – see Table 1 

7.5.2 Index increment distributions 

 

Clear-sky index increment probability 

distributions have been used to assess irradiance 

variability at short time scales [38]. This forward 

difference has also been used in the definition of a 

structure function to show scaling behaviour – see Eq. 

(20) – and assess the time series for non-linear and 

non-stationary properties [29]. We use kernel density 

estimation as a nonparametric approach to determining 

these probability distributions. We do this for 

increment time shifts ranging from 0.75 to 2000 s, for 

all narrowband channels and for the broadband GHI.  

Figure 19 shows clear-sky index increment 

distributions for the broadband GHI for select time 

shifts, plotted on a log-linear scale. There are certain 

observations regarding the general nature of the 

distributions that are of note. First, the shape, which 

describes the distribution of the size of the irradiance 

fluctuations, is very much non-Gaussian. Neglecting 

lensing effects, the abscissa ranges from -1 to 1, as it 

is possible to go from a completely opaque sky to full 

sun (or vice versa) in the time shift period (the range 

is closer to -1.5 to 1.5 due to lensing effects, but as the 

roll-off for |〈Δ𝜅𝜏〉| > 1 is rapid this region is not 

shown). Second, it is sharply peaked at zero, indicating 

the dominance of the persistent state for |〈Δ𝜅𝜏〉| = 0. 

The density then drops sharply as the size of the 

irradiance fluctuation increases. 

 

 
Figure 19. Clear-sky index increment distributions for 

various time steps using broadband GHI 

Regarding the specific features of these 

distributions as compared to one another, Figure  

shows that the shortest time shifts are the most sharply 

peaked, with the highest densities for persistence – the 

likelihood of seeing extreme fluctuations on short time 

scales is remote. As the time shift increases, the peak 

height drops and the wings broaden – the likelihood of 

seeing extreme fluctuations on long time scales is 

increasingly likely but still not large. These trends 

appear monotonic. 

Next, we illustrate in Figure 20 how the clear-sky 

index increment distributions depend on narrowband 

channels for a representative time shift of 10 s. The 

broadband GHI and DNI distributions are also shown. 

The same general observations apply as were 
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previously described. Specific features are more 

subtle. On this log scale, variations in peak height are 

not apparent, nor are any differences over three orders 

of magnitude in density. Differences become apparent 

in the wings of the distribution (from which we can 

then infer peak heights must also change). Channel 1 

has the narrowest distribution and channel 9 the 

widest, but the trend is not monotonic. Broadband GHI 

and DNI also differ, but the log scale makes any 

definitive discussion problematic. Another metric 

must be pursued to interrogate and compare the nature 

of the fluctuations. 

 

 
Figure 20. Clear-sky index increment distributions for a 

fixed time step of 10 seconds 

 

7.5.3 Temporal scaling of peak probability densities 

 

To assess the behaviour of the irradiance 

fluctuations over a range of time shifts, we need to 

consider the structure function given in Eq. (20), 

which is here given by the peak of kernel density 

estimate. For simplicity, we will presume 𝑞 = 1 and 

see whether linear power law dependence exists. 

Figure 21 shows the dependence of the structure 

function with index increment for the broadband GHI 

and channels 3-6 (which are well within the visible 

range). We first note that well-defined power law 

scaling is indeed observed over at least three orders of 

magnitude in time shift. Moreover, at least 

qualitatively, the scaling can be described as linear 

over most of this range (as delineated by the straight 

lines). The behaviour of these five datasets is very 

similar – they have similar scaling behaviour. One 

interesting feature that all share is a transition in the 

scaling from a regime that begins ~1 s to one of lesser 

slope that begins rather abruptly at about 290 s. This is 

behaviour that is in general agreement with that found 

by Madanchi et al. [29]. Employing a detrended 

fluctuation analysis (DFA) method, they were the first 

to note such behaviour for the GHI by using a 

sophisticated generalized fluctuation function for the 

quantification of nonlinear scaling. For the very 

shortest time shifts, there may be some indication of 

nonlinearity, or at least differences in spectral 

dependence.  

 

 
Figure 21. Peak probability densities for broadband GHI 

and its most similar channels across the investigated time 

scales 

In Figure 22, the peak densities for channels 2 and 

8 are shown, with the GHI for reference. Both have 

scaling transitions and slopes similar to those found in 

the previous figure, with channel 2 having an upward 

displacement and channel 8 a downward 

displacement, indicative of differences in process 

strength.   

 

 
Figure 22. Peak probability densities for the channels with 

slopes similar to broadband GHI but with vertical offset. 
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In Figure 23, the spectral channels with scaling 

behavior that deviate markedly from the broadband are 

shown, namely, channels 1, 7, and 9; the broadband 

GHI is shown for reference. Channel 1 (UV) has a 

slope transition at the same time and scales similarly 

to the broadband GHI at longer times, but at shorter 

times its slope is gentler with pronounced early time 

nonlinearity below ~5 s. Channels 7 and 9 see pure 

linear scaling without any noticeable transition in the 

~290 s region; both have early time nonlinearity below 

~5 s. The differences between these three spectral 

channels and the broadband GHI are likely the result 

of the impacts of cloud scattering and absorption 

processes on ultraviolet and infrared wavelengths, 

whereas these spectral effects are averaged out, to 

some extent, in the broadband. However, it is for this 

reason that the ultraviolet and infrared channels are 

more sensitive to clouds and thus give greater insights 

into cloud dynamics and the resulting irradiance 

variability. 

 

 
Figure 23. Peak probability densities across the investigated 

time scales for broadband and spectral irradiance 

variability distribution 

 

8. Conclusions 

 

In this work, a statistical assessment of 

atmospheric solar irradiance variability was conducted 

within the context of data stationarity – or rather 

nonstationarity – using one year of high temporal 

resolution spectral irradiance measurement data for 

Ottawa, Canada. The database, which includes nine 

narrowband irradiance measurement channels and 

derived broadband GHI, enables the quantification and 

intercomparison of multiscale spectral and broadband 

clear-sky index behavior. The data resolution allows 

the clear-sky index statistics to be assessed on time 

scales ranging from one second to monthly and 

seasonal.  

Evidence of irradiance nonstationarity was 

revealed by first order clear-sky index statistical 

assessments. Though detrended of deterministic 

diurnal and orbital patterns, P-P plots and KS test 

results indicate that the monthly and seasonal clear-

sky index distributions violate the time-invariance 

condition of strict stationarity. The requirements of 

weak stationarity, often simplified to constant mean 

and variance, are arguably violated as well; however, 

a multi-year assessment may be required to reduce the 

biasing effects of dominant short-term weather 

patterns.  

Investigation of the sub-hourly spectral and 

broadband clear-sky index autocovariances revealed 

strong evidence of first order spectral and temporal 

dependencies. The sub-hourly autocovariances were 

fitted to the survivor function of the log-logistic 

distribution for the first time, to the best of our 

knowledge. The fits achieved remarkable accuracy, 

with 𝑅2 values better than 0.999. The autocovariances 

revealed spectrally dependent correlation and 

decorrelation regimes, with the transition times 

between each being indicated by the fitted scaling 

parameter, 𝛼. Furthermore, the fitted shape parameters 

for the spectral autocovariances were found to follow 

Ångström power law behavior when plotted against 

the respective wavelengths of each spectral channel 

(under the assumption of constant absorption 

parameterization). The spectral dependencies of the 

autocovariances and their fitted log-logistic scaling 

and shape parameters are necessarily indicative of the 

underlying physical scattering and absorption 

processes; however, further investigation is needed to 

separate the impacts of either mechanism. 

Finally, the second order (variability) statistical 

properties of the clear-sky index were probed via the 

clear-sky index increment. The distributions of the 

spectral and broadband clear-sky index increments 

were also found to have distinct spectral and temporal 

dependencies. The temporal dependencies are 

evidenced by distribution broadening and drops in 

peak probability density by over an order of magnitude 

across sub-hourly time scales. The peak probability 

densities were found to exhibit power law scaling, 

with varying slopes, vertical offsets, and slope 

transitions (variability regimes), depending on the 

spectral channel. Similar to the first order statistics, 

these second order behaviors reveal interesting 

characteristics and dependencies of the underlying 

scattering and absorption processes. However, the 
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slope transitions seen in the peak density scaling are 

evidently second order by nature, as they do not appear 

in the autocovariances. 
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Chapter 5: Solar Irradiance Nowcasting Models

In this chapter, several intra-hour solar irradiance forecasting (nowcasting) models are imple-
mented and compared in terms of their training times, prediction times, and forecasting skill.
The LSTM, XGBoost, and 1D-CNN algorithms outlined in Chapter 3 are used as the base mod-
els throughout this chapter. These models are implemented in Python, with Google’s Keras li-
brary, which runs on top of TensorFlow, being used for LSTM and 1D-CNN and an open source
library from Distributed (Deep) Machine Learning Common (DMLC) being used for XGBoost.
The smart persistence model described in Chapter 2 is used as the reference model for calcu-
lating the skill scores. The nowcasting models are trained using 12 months of data (June 2021
to May 2022) and tested on 9 months of data not used in the training process (June 2022 to
February 2023). This training and testing data is taken from the same Spectrafy SolarSIM-G
spectral irradiance database that was used for the statistical analysis presented in Chapter 4. It
should be noted that in this chapter, the term "irradiance" refers to the clear-sky index, which is
detrended of the known deterministic diurnal and orbital patterns. After predictions are made
using the clear-sky index, the predicted values can simply be mapped back to GHI using the
same clear-sky model used for the detrending; however, this is beyond the scope of this thesis.

Three sets of nowcasting models are developed in this chapter to predict the future broadband
irradiance at different sub-hourly forecast horizons. The first set of models, referred to as the
All-Sky (Broadband Only) models, are trained using data from all sky conditions and take broad-
band irradiance as the only input. These first models reflect the simplest approach to solar ir-
radiance forecasting using ground-based measurement data, and are thus used as benchmarks.
The second set of models, referred to as the All-Sky (Broadband & Spectral) models, are also
trained using data from all sky conditions but take both the broadband and spectral irradiance
data as inputs. Since the Spectrafy SolarSIM-G database contains one broadband and nine
spectral irradiance time series, these models take a total of ten inputs. The third set of models,
referred to as the Ramp Regime sub-models, likewise take the broadband and spectral irradi-
ance data as inputs. However, these models are not trained on all sky conditions; instead, the
database is divided into four ramping (variability) regimes and a different specialized sub-model
is trained on each. The hypothesis inspiring this approach is that each sub-model will outper-
form an otherwise equivalent all-sky model within its specialty ramp regime. This hypothesis
is tested by comparing the ramp regime sub-models with the All-Sky (Broadband & Spectral)
models within their respective ramp regimes. In practice, the ramp regime sub-models would
need to be combined in a diverse and dynamic ensemble for making predictions in all sky con-
ditions, though this remains beyond the scope of this thesis. The approach to identifying the
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different ramp regimes, which leverages insights from the conference proceeding provided in
the appendix of this thesis, is also described in this chapter.

5.1 All-Sky (Broadband Only) Models

This section presents the hyperparameter details, training times, and performances of the All-
Sky (Broadband Only) LSTM, XGBoost, and 1D-CNN nowcasting models. These models
take the broadband irradiance as the sole input and make predictions of the future broadband
irradiance at various forecast horizons. The selected forecast horizons span the entire sub-hourly
time scale, ranging from five seconds to one hour ahead. It was experimentally determined
that the use of sub-second resolution data does not improve forecasting performance compared
with 1 s resolution data, but it does significantly increase computational resource demand and
training time. As such, the training and testing data was resampled from the original 250 ms
resolution to 1 s resolution.

The All-Sky (Broadband Only) LSTM model was trained using one year of broadband irra-
diance training data. Using ten seconds of past observations (i.e., the lookback window) was
found to be appropriate for balancing model performance and training time, as increasing the
lookback window increases data pre-processing time. Since irradiance time series were found to
exhibit nonstationary behaviour in Chapter 4, it is was determined that the LSTM model should
contain multiple hidden layers to better handle the non-stationarity [56], [57], [58]. Therefore,
the LSTM used in this section was designed as a deep learning model with 64 LSTM cells in
the first hidden layer, 16 LSTM cells in the second hidden layer, and 8 standard neurons in
the third hidden layer. The third hidden layer containing the standard neurons is used to help
aggregate the output of the second hidden layer before passing it to the model’s output layer.
The design of the hidden layers was tailored to balance model complexity and computational
resource demands with forecasting performance across all of the sub-hourly forecast horizons.

The All-Sky (Broadband Only) XGBoost model was trained using the same one year of broad-
band irradiance training data as the All-Sky (Broadband Only) LSTM model. Since the
XGBoost algorithm does not use historical observations to make predictions, less data pre-
processing was needed compared to the LSTM model. To limit the XGBoost model’s complex-
ity and computational resource demand, a maximum tree depth of 6 was used. The number of
estimators (XGBoost trees) in the model was set to 200, which was found to balance underfitting
and overfitting based on training loss curves.
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The All-Sky (Broadband Only) 1D-CNN model was trained using the same one year of broad-
band irradiance training data as the All-Sky (Broadband Only) LSTM and XGBoost models. In
order to facilitate a fair comparison between the 1D-CNN and LSTM, which are both neural
networks, the same architecture that was used for the LSTM was used for the 1D-CNN. That
is, the 1D-CNN was also designed as a deep learning model with 64 convolutional neurons in
the first hidden layer, 16 convolutional neurons in the second hidden layer, and 8 standard neu-
rons in the third hidden layer. Additionally, the 1D-CNN uses the same 10 s lookback window
as the LSTM. By making the models similar, neither has an architectural advantage over the
other; training time and performance differences between the two models are therefore due to
the algorithms themselves.

5.1.1 All-Sky (Broadband Only) Model Training and Testing Times

Solar nowcasting model training and testing times, which are used as an indicator of computa-
tional resource demand in this thesis, must be low in order to be economical and practical in an
operational context. Since model training can largely be done before deployment, training time
is not a direct concern for real-time operational constraints. However, when using cloud com-
puting for training, updating, and deploying nowcasting models [59], computational resource
demand is correlated with cloud computing costs. Thus, as an indicator of resource demand,
training time must be kept low for a nowcasting model to be cost-effective in practice. Regard-
ing real-time forecasting, model testing (i.e., real-time prediction) must be fast in order to meet
the operational forecasting time requirements. For instance, when making 5-minute-ahead fore-
casts every 30 seconds, a model which takes more than 30 seconds to generate a new prediction
will not be suitable. This constraint is further tightened as the forecast horizon gets shorter, such
as making 10-second-ahead forecasts every second. Additionally, when forecasting models are
deployed using edge computing [60] – which relies on devices like smart meters, sensors, or in-
verters to handle the real-time forecasting – computational resources are very limited, meaning
forecasting models must be lightweight.

To help assess the economic practicality of the All-Sky (Broadband Only) LSTM, XGBoost,
and 1D-CNN models, their average training times are presented in Table 1. The values represent
the average training times of the 14 models trained for each algorithm which correspond to
the 14 sub-hourly forecasting horizons used in this chapter. From Table 1, it is clear that the
XGBoost models are by far the fastest to train, followed by 1D-CNN. On the contrary, the
LSTM models, which are popular in the literature, take a substantially longer time to train. In
fact, when considering how much it would cost to train these LSTMs using cloud computing
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through a third party provider, the LSTM training times may even be prohibitive.

Table 1: Average training times for the All-Sky (Broadband Only) nowcasting models

Model Category
Model Training Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 5950 145 1150

There are ways in which the training times in Table 1 could be reduced. First, these models
were trained using the central processing unit (CPU) of a computer with 32 GB of random-
access memory (RAM). Using a computer with more RAM (e.g., 64 GB or 128 GB) and per-
forming the computations with a graphics processing unit (GPU) instead of only using a CPU
would help reduce the training time, for instance. However, these changes would not likely
reduce cloud computing costs, since these are normally determined by the total resource (e.g.,
memory) demand. That is, whether it takes 30 minutes or 15 minutes to train a model, the to-
tal computational resource demand of each algorithm is the same. This illustrates that training
time only works as an indicator of the relative computational requirements of each algorithm
for a given computer. As such, the algorithm ranking from Table 1 likely remains a reasonable
measure of each algorithm’s economic practicality relative to one another; however, further
investigation and testing with cloud computing services is needed to confirm this.

Next, to help assess the suitability of each model for real-time operation, Table 2 contains the
average testing times of the All-Sky (Broadband Only) LSTM, XGBoost, and 1D-CNN models.
These testing times represent the average time it takes each model to make forecasts for the
entire 9 months of testing data. Specifically, the times in this table show how long it takes
each model to make approximately 9.8 million predictions. The testing times reflect the same
ranking of each algorithm as the training times from Table 1, with LSTM being the slowest,
XGBoost being by far the fastest, and 1D-CNN falling in between.

Table 2: Average testing times for the All-Sky (Broadband Only) nowcasting models

Model Category
Model Testing Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 540 4 190

Despite the comparatively long time taken by the LSTM to make all 9.8 million predictions, this
testing time is by no means prohibitive. The LSTM takes less than 10 minutes to make these
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predictions, which is sufficiently fast for real-time operation. In fact, it takes around 430 ms for
the LSTM to make a single prediction, which is sufficient for most forecast horizons. However,
even though the LSTM’s prediction time is sufficient for meeting operational requirements, the
1D-CNN and XGBoost models are still much faster. For making a single prediction, 1D-CNN
takes around 90 ms and XGBoost takes less than 10 ms. Although all three algorithms meet
the operational time constraints of making real-time forecasts, their prediction times – like the
training times – indicate their real-time computational resource demand. If the models are
implemented with edge computing, the computational resource demand is a critical variable
which must be taken into consideration. In this context, the XGBoost and 1D-CNN models are
preferred over the most computation-intensive LSTM.

5.1.2 All-Sky (Broadband Only) Model Forecasting Performances

The All-Sky (Broadband Only) models are used in this thesis to provide forecasting perfor-
mance benchmarks. As described in Chapter 2, deterministic forecasting performance should
be evaluated using the RMSE-based skill score in accordance with the ROPES guideline. There-
fore, to begin the forecasting performance evaluation, the RMSEs of the All-Sky (Broadband
Only) LSTM, XGBoost, and 1D-CNN models across sub-hourly time scales are shown in Fig-
ure 5.1. These RMSE values were calculated using predictions made by each model on the
nine months of testing data. The smart persistence model RMSEs for the same testing data are
provided for reference.

The RMSEs in Figure 5.1 illustrate the strength of the smart persistence model at very short
forecast horizons. For forecast horizons less than 10 seconds, the smart persistence model
achieves very low RMSEs down to around 0.05. The smart persistence model is therefore a
difficult baseline to beat at these horizons since there is little room for improvement; for a model
to be considered skillful on very short time scales, its prediction error must approach zero.
While the machine learning models are also able to achieve very low RMSEs on these short
time scales, they overlap with the smart persistence model RMSEs which indicates they are
unable to significantly improve upon its results. However, the smart persistence model shows
its weakness at longer forecast horizons, where it separates from the machine learning models,
which achieve much lower RMSEs. Figure 5.1 also shows that all three machine learning
models perform similarly to each other in terms of their RMSEs; however, to properly evaluate
each model the skill score must be used.

To better visualize their forecasting performances relative to the reference (smart persistence)
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Figure 5.1: RMSEs of the All-Sky (Broadband Only) models using 9 months of testing data;
persistence model provided for reference

model, Figure 5.2 shows the skills scores of the All-Sky (Broadband Only) models. Negative
skill scores, which are not shown in these plots, indicate that a given model cannot outperform
the no-skill smart persistence model at a particular forecast horizon. In contrast, positive skill
scores mean that a model outperforms the smart persistence model, with a higher skill score
indicating a greater relative improvement. It is evident that the LSTM model has the highest
forecasting skill across all sub-hourly time scales, achieving positive skill scores down to 8
seconds ahead. The 1D-CNN also performs well and achieves positive skill scores beyond 8
seconds ahead, though it does not outperform the LSTM at any forecast horizon. The XGBoost
performs slightly worse than the other two models for most forecast horizons, although it does
close the performance gap at the shortest (i.e., 8-10 seconds) and longest (i.e., over 900 seconds)
time scales. Interestingly, the models rank in the opposite order in terms of forecasting skill
than they do training and testing time. Therefore, a tradeoff exists between computational (and
financial) costs and forecasting accuracy, which must be considered in practice. Of the three
models being compared, the 1D-CNN seems to offer the best balance between performance
and resource demand; however, exhaustive fine tuning of hyperparameters may help offset the
weaknesses of each model. It should be kept in mind that every machine learning model has
strengths and weaknesses, and model selection depends upon the application requirements.
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Figure 5.2: Skill scores of the All-Sky (Broadband Only) models using 9 months of testing
data

All three models exhibit an upward trend in skill score as the forecast horizon increases. How-
ever, it is important to note that this upward trend is not due to the forecasts getting more
accurate, but rather the smart persistence model getting progressively worse (see Figure 5.1)
and more easily outperformed. Conversely, the low skill scores at shorter forecast horizons are
not due to the models performing poorly, but rather the smart persistence model performing
very well. Though small in magnitude, the positive skill scores achieved down to 10 second
(and below) forecast horizons using data from a single ground-based irradiance sensor are a
significant result. These time scales are often neglected, partly due to lack of high temporal res-
olution data, but Figure 5.2 shows that there is potential for machine learning models to achieve
better forecasting results than smart persistence down to a few seconds ahead.

5.2 All-Sky (Broadband & Spectral) Models

This section presents the hyperparameter details, training times, and forecasting performances
of the All-Sky (Broadband & Spectral) LSTM, XGBoost, and 1D-CNN nowcasting models.
Like the All-Sky (Broadband Only) models, these models take the broadband irradiance as
an input and make predictions of the future broadband irradiance at various forecast horizons.
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However, as the name suggests, the All-Sky (Broadband & Spectral) models also take the nine
spectral irradiance time series provided by the SolarSIM-G database as inputs, totalling 10
inputs. The same sub-hourly forecast horizons, training data, and testing data from Section 5.1
are used in this section.

The All-Sky (Broadband & Spectral) LSTM models were trained using data from the same one
year period as was used in Section 5.1. The LSTM lookback windows for all forecast horizons
were again set to 10 seconds. To ensure that only the effect of adding spectral irradiance input
data is assessed, the LSTMs used in this section were designed with the same hyperparameters
as those in Section 5.1.

The All-Sky (Broadband & Spectral) XGBoost models were also trained using data from the
same one year period as was used in Section 5.1. Again, to isolate the effects of adding spectral
irradiance input data, the same XGBoost hyperparameters from Section 5.1 were used for these
models. Specifically, the All-Sky (Broadband & Spectral) models were allowed a maximum
tree depth of 6 and contained 200 estimators (XGBoost trees).

The All-Sky (Broadband & Spectral) 1D-CNN models were similarly trained using data from
the same one year period as was used in Section 5.1. A 10 second lookback window was again
used in order to compare the 1D-CNN and LSTM models fairly. Finally, the same 1D-CNN
model hyperparameters used in Section 5.1 were again used in for this set of models to isolate
the effect of adding spectral irradiance input data.

5.2.1 All-Sky (Broadband & Spectral) Model Training and Testing Times

The All-Sky (Broadband & Spectral) models take an additional 9 input variables compared to
the All-Sky (Broadband Only) models, which only take one. Theoretically, providing this addi-
tional information to the machine learning models has the potential of improving their forecast-
ing performance. This is especially true since irradiance variability was found to be spectrally
dependent in Chapter 4, meaning information relevant for forecasting may be embedded in the
spectral measurements. However, before testing the hypothesis that the inclusion of spectral ir-
radiance input data will improve the models’ performances, it is important to first verify whether
adding nine inputs jeopardizes the models’ practicality. Specifically, it must be verified that the
All-Sky (Broadband & Spectral) models are both economically feasible and able to make fore-
casts within a realistic time frame. Similar to the All-Sky (Broadband Only) models, this can
again be done by assessing the training and testing times of the All-Sky (Broadband & Spectral)
models.
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The training times for the All-Sky (Broadband & Spectral) models are shown in Table 3. The
training times for the All-Sky (Broadband Only) models from Section 5.1.1 are also included
for comparative purposes. The training times are again used as indicators of each model’s com-
putational complexity, which is coupled with economic costs when using cloud computing to
train the models. It is immediately evident from Table 3 that the All-Sky (Broadband & Spec-
tral) LSTM, XGBoost, and 1D-CNN models rank the same way as their All-Sky (Broadband
Only) counterparts in terms of training times. That is, XGBoost is remains the fastest model to
train, LSTM takes the longest, and 1D-CNN lies in between. The more significant result from
Table 3, however, is that the All-Sky (Broadband & Spectral) models take only slightly longer
to train than the All-Sky (Broadband Only) models. This means that the addition of the 9 spec-
tral irradiance inputs does not significantly increase the computational complexity or operating
costs for any of the models, at least in terms of model training.

Table 3: Average training times for the All-Sky (Broadband Only) and All-Sky (Broadband &
Spectral) nowcasting models

Model Category
Model Training Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 5950 145 1150
All-Sky (Broadband & Spectral) 6030 180 1210

Next, to assess whether the All-Sky (Broadband & Spectral) models are suitable for real-time
operation, Table 4 presents their average testing times. The testing times for the All-Sky (Broad-
band Only) models are also included in this table for comparison. As in Section 5.1.1, these
testing times represent the average time it takes each of model to make forecasts for the entire
9 months of testing data (approximately 9.8 million predictions).

Table 4: Average testing times for the All-Sky (Broadband Only) and All-Sky (Broadband &
Spectral) nowcasting models

Model Category
Model Testing Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 540 4 190
All-Sky (Broadband & Spectral) 555 4 195

As expected, the testing times for the All-Sky (Broadband & Spectral) models reflect the same
algorithm ranking as the training times from Table 3, with LSTM being the slowest, XGBoost
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being the fastest, and 1D-CNN falling in between. While this ranking is an important factor
when deciding which algorithm to use in practice, the more significant comparison is between
the All-Sky (Broadband & Spectral) models and their All-Sky (Broadband Only) counterparts.
Similar to the training times, the testing times do not increase by more than a few seconds when
the 9 spectral irradiance inputs are added. This means that the type of algorithm is the limit-
ing factor when it comes to meeting operational constraints, whereas the inclusion of spectral
irradiance input data has a relatively small impact.

5.2.2 All-Sky (Broadband & Spectral) Model Forecasting Performances

Having established that adding spectral irradiance input data to the nowcasting models does not
inhibit their operational and economically viability, this section evaluates the impact of using
spectral irradiance input data in terms of forecasting performance. For this purpose, the All-
Sky (Broadband & Spectral) model performances are compared with the benchmark All-Sky
(Broadband Only) model performances. In Figure 5.3, the RMSEs of the All-Sky (Broadband
& Spectral), All-Sky (Broadband Only), and smart persistence models are shown. While all
of the models achieve similar RMSEs at the shortest time scales, the improvements are more
evident at the longer forecast horizons. Comparing the All-Sky (Broadband & Spectral) and
All-Sky (Broadband Only) models, it can be seen that using spectral irradiance input data im-
proves forecasting accuracy by a relatively significant margin. In fact, the increasing separation
between the All-Sky (Broadband & Spectral) and All-Sky (Broadband Only) RMSE curves in-
dicates that the relative improvements obtained by the former will continue to increase as the
forecast horizon extends beyond one hour.

To properly compare the All-Sky (Broadband & Spectral) and All-Sky (Broadband Only) mod-
els, Figure 5.4 shows their skill scores. This plot more clearly shows the performance improve-
ments obtained from adding spectral irradiance inputs, with the LSTM, 1D-CNN, and XGBoost
all benefiting from the extra data. The increasing separation between the All-Sky (Broadband
& Spectral) and All-Sky (Broadband Only) skill scores further illustrates how the spectral irra-
diance data results in greater performance gains at longer horizons.

Comparing the individual machine learning algorithms, the skill score results in Figure 5.4
are mixed. Specifically for the All-Sky (Broadband & Spectral) models, LSTM achieves the
highest skill at most of the shorter forecast horizons, whereas XGBoost dominates at the longer
horizons. The 1D-CNN outperforms XGBoost at the very short time scales, though on average
it has the lowest skill scores across the investigated forecast horizons. These mixed results, as
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Figure 5.3: RMSEs of the All-Sky (Broadband & Spectral) models using 9 months of testing
data. Smart persistence and All-Sky (Broadband Only) model RMSEs provided for reference

well as the computational complexity of each algorithm, imply that model selection depends
on the application (i.e., the forecast horizon and operational constraints). Nonetheless, Figure
5.4 shows that whenever spectral irradiance data is available, it should be included as an input
for making solar irradiance forecasts. In some cases, it may even be worthwhile to invest
in instrumentation capable of measuring spectral irradiance given the forecasting performance
gains that can be obtained.
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Figure 5.4: Skill scores of the All-Sky (Broadband & Spectral) models using 9 months of
testing data. Skill scores of the All-Sky (Broadband Only) models are included for reference

5.3 Irradiance Ramp Regime Classification

As mentioned at the beginning of this chapter, the one-year training dataset was divided into four
ramping (variability) regimes – persistent, slow ramping, moderate ramping, and fast ramping
– in order to train different ramp regime sub-models. The development of the ramp regime
sub-models is motivated by the hypothesis that each specialized sub-model will be better suited
for making predictions during periods of its specialty ramping regime compared with the more
generic all-sky models. The outputs of the specialized sub-models can then be combined in a
diverse and dynamic ensemble for use in all sky conditions; however, this step is beyond the
scope of this thesis. This section describes the ramp regime classification approach used to
divide the training dataset.

Since irradiance variability consists of a wide range of ramp rates, defining the ramping classes
is a non-trivial objective. Large, slow moving clouds create gradual but significant irradiance
ramps in the clear-sky index. In contrast, faster moving clouds create sudden and steep irradi-
ance ramps. An irradiance ramping regime classification method must therefore account for the
slow ramps, fast ramps, and everything in between. A persistent class must also be defined to
account for periods when sky conditions do not change (e.g., clear or overcast skies).
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To separate the training dataset into the four ramping regimes, with each regime corresponding
to a different range of ramp rates, we can first define the instantaneous clear-sky index slope
over a time step, τ , as:

m =
∆κ∗

∆t
=

κ∗(t + τ)−κ∗(t)
τ

=
∆κ∗

τ (t)
τ

(54)

where κ∗(t) and κ∗(t + τ) are two points in along the clear-sky index time series separated by
a time step, τ , and their difference is simply the clear-sky index increment. Since irradiance
ramps can have a wide range of slopes, different values of τ are needed to capture different
ramp rates. That is, smaller time steps (e.g., 1 second) will be more appropriate for extracting
fast ramps, while longer time steps (e.g., 10 minutes) will be better for identifying more gradual
ramps. Hence, the first challenge in defining ramping regimes is determining appropriate time
steps over which to evaluate the slope. For the 1 second resolution training dataset used in
this thesis, it was experimentally found that τ = 1s was effective for defining fast ramps, τ =

60s was effective for defining moderate ramps, and τ = 600s was effective for defining slow
ramps. Since definitions of each ramp regime are application dependent and largely qualitative,
the selected time steps may vary for other applications or datasets. However, it is generally
advisable to use the shortest time step possible given the data resolution to define the fastest
ramp regime. For instance, when using 30 second resolution data, τ = 30s should be used to
capture the fastest ramps. Using sub-second time steps, however, should be avoided since this
time scale mostly detects noise.

Once appropriate time steps have been selected for defining the different ramp regimes, a slope
threshold must be determined in order to extract the ramps. If the slope between two points
is sufficiently small (i.e., below the threshold), then those two points are not considered to be
within a ramp. In contrast, if the slope is sufficiently large (i.e., above the threshold) then it
is considered to be a ramp. While this approach to ramp identification is simple, determining
appropriate slope thresholds is non-trivial. Considering how the variability statistics change
depending on the time scale over which it is being evaluated (as revealed by the clear-sky index
increment distributions in Chapter 4), it becomes clear that this question must be answered for
each ramp regime’s τ individually. For instance, an appropriate threshold for identifying fast
ramps over τ = 1s will be too small for identifying moderate ramps over τ = 60s – it will not
be able to differentiate ramps from noise on this time scale. Thus, for defining the four ramp
regimes used in this thesis, three slope thresholds must be determined: one for identifying fast
ramps (τ = 1s), one for identifying moderate ramps (τ = 60s), and one for identifying slow
ramps (τ = 600s).
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The task of finding appropriate thresholds is further complicated by the fact that verifying
whether ramps with different slopes are properly identified is a subjective and visual task.
Testing different slope thresholds requires one to plot the classified time series and visually
validating whether the ramps were properly identified using color coding, for example. This
makes an exhaustive trial-and-error search for "optimal" thresholds at each τ impractical. In-
stead, in this thesis the analysis from the conference proceeding provided in the appendix is
used to help guide the threshold selection. When observing the evolution (broadening) of the
clear-sky index increment distributions across time scales, it is evident that the changes in irra-
diance are relatively small for short time scales and large for long time scales. Conveniently,
the increasing scale of variability across sub-hourly time scales is captured by the distributions’
full widths at half maximum (FWHM) (see appendix). With this in mind, it was experimentally
revealed that when used as the slope thresholds for each ramping regime, the FWHM values at
τ = 1s, τ = 60s, and τ = 600s result in excellent ramp identification. Therefore, as a heuristic
approach, the FWHM values at each τ are used as the ramp classification thresholds.

Using time steps of 1 second, 60 seconds, and 600 seconds, and the FWHM values from the
conference proceeding in the appendix as the slope thresholds, the clear-sky index time series
was be separated into the four ramping regimes as shown for the broadband irradiance in Figure
5.5. All pairs of points with slopes that do not exceed any of the thresholds are considered
to be from persistent conditions. Any points that are classified as more than one ramp regime
are assigned to the faster, more volatile ramping class. For instance, a point that meets the
conditions of both fast ramping and moderate ramping will be classified as fast ramping. To
handle datapoints which are misclassified (often due to regime transitions), points are compared
against neighbouring points to identify and correct outliers and noise. As evident in Figure 5.5,
this ramp regime classification method is simple yet highly effective.
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Figure 5.5: Result of implementing the proposed ramp classification method

5.4 Ramp Regime Sub-Models

This section presents the hyperparameter details, training times, and performances of the Ramp
Regime LSTM, XGBoost, and 1D-CNN nowcasting sub-models. Since it was found in Section
5.2 that the inclusion of spectral irradiance data yields better nowcasting performance, these
Ramp Regime sub-models take the broadband and nine spectral irradiance time series as inputs
and make predictions of the future broadband irradiance. The same sub-hourly forecast horizons
from Sections 5.1 and 5.2 are also used in this section.

The difference between the All-Sky (Broadband & Spectral) models and the Ramp Regime
sub-models is that the former are trained using data from all sky conditions, whereas the latter
are trained using only the individual ramp regime subsets of the training data. For instance,
the Fast Ramping LSTM sub-model is an LSTM trained using only the training data classified
as fast ramping. In a similar manner, the Moderate Ramping, Slow Ramping, and Persistent
LSTM sub-models are trained on the moderate ramping, slow ramping, and persistent ramp
regime subsets of the training data, respectively. The same process is done for the 1D-CNN
and XGBoost algorithms, resulting in a total of 12 Ramp Regime sub-models for each forecast
horizon (i.e., four sub-models for each of the three algorithms). Despite being trained with
less data than the All-Sky (Broadband & Spectral) models, the Ramp Regime sub-models are
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hypothesized to perform better within their specialty ramp regime. To test this hypothesis, the
LSTM, XGBoost, and 1D-CNN Ramp Regime sub-models are compared to each other and the
All-Sky (Broadband & Spectral) models using their respective ramp regime subsets of the nine
month testing dataset. For example, the Fast Ramping sub-models and the All-Sky (Broadband
& Spectral) models are tested and compared using the fast ramping subset of the testing data.

To facilitate a meaningful comparison, the Ramp Regime LSTM sub-models were designed
with the same hyperparameters as the All-Sky (Broadband & Spectral) LSTM models. Specif-
ically, the Ramp Regime LSTM sub-models contain a first hidden layer with 64 LSTM cells,
a second hidden layer with 16 LSTM cells, and a third hidden layer with 8 standard neurons.
These sub-models also use a lookback window of 10 seconds for all of the sub-hourly fore-
cast horizons investigated. This way, the only difference between the All-Sky (Broadband &
Spectral) LSTM models and the Ramp Regime LSTM sub-models is the training data used for
each.

The Ramp Regime XGBoost sub-models were also trained using the same hyperparameters as
the All-Sky (Broadband & Spectral) XGBoost models. Hence, the Ramp Regime XGBoost sub-
models were allowed a maximum tree depth of 6 and contained 200 estimators (XGBoost trees).
Like the LSTMs, the only difference between the All-Sky (Broadband & Spectral) XGBoost
models and the Ramp Regime XGBoost sub-models is the training data used.

Lastly, the Ramp Regime 1D-CNN sub-models were also trained with the same hyperparame-
ters as the All-Sky (Broadband & Spectral) 1D-CNN models. As such, each sub-model contains
64 convolutional neurons in the first hidden layer, 16 convolutional neurons in the second hid-
den layer, and 8 standard neurons in the third hidden layer. A 10 second lookback window was
again used by each of the 1D-CNN sub-models for making predictions across all of the forecast
horizons. Therefore, the only difference between the All-Sky (Broadband & Spectral) 1D-CNN
models and the Ramp Regime 1D-CNN sub-models is the training data used.

5.4.1 Ramp Regime Sub-Model Training and Testing Times

Similar to the different All-Sky models presented in Sections 5.1 and 5.2, the evaluation of
the Ramp Regime sub-models begins with an assessment of the training and testing times.
Naturally, each individual Ramp Regime sub-model will take less time to train than an All-
Sky model given that only a fraction of the entire training dataset will be used. However, the
ultimate goal of training specialized Ramp Regime sub-models is to combine them in a diverse
ensemble for use in all sky conditions. Each Ramp Regime sub-model should therefore be
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considered as part of a larger ensemble, where all four Ramp Regime sub-models are needed
to complete the ensemble for each algorithm. Hence, the total training time of all four Ramp
Regime sub-models should be compared against the All-Sky models’ training times. To this
end, Table 5 shows the total training times of all Ramp Regime sub-models for each algorithm.
The All-Sky (Broadband Only) and All-Sky (Broadband & Spectral) model training times from
Sections 5.1 and 5.2 are also included for comparative purposes.

Table 5: Average training times for the All-Sky (Broadband Only), All-Sky (Broadband &
Spectral), and Ramp Regime nowcasting models

Model Category
Model Training Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 5950 145 1150
All-Sky (Broadband & Spectral) 6030 180 1210
Ramp Regimes 4475 485 1130

Interestingly, the training times in Table 5 show mixed results. For the LSTM, the total training
time decreases by nearly 25% when the data is divided into the ramp regime subsets. In contrast,
the total XGBoost training time increases by roughly 270% and the total 1D-CNN training time
remains reasonably constant. These results reflect each algorithm’s efficiency when dealing
with large volumes of training data – XGBoost is most efficient with larger volumes of data,
LSTM is most efficient with smaller volumes of data, and 1D-CNN is relatively unaffected by
data volume. Hence, when considering training time as an indicator of computational demand,
training Ramp Regime sub-models instead of All-Sky models decreases demand for LSTM,
increases demand for XGBoost, and does not impact demand for 1D-CNN. While these results
can have practical implications in terms of cloud computing costs, the algorithm ranking does
not change between the All-Sky and Ramp Regime approaches. That is, despite the changes
in training times, XGBoost is still the fastest, LSTM is still the slowest, and 1D-CNN still lies
between.

Next, to assess whether the Ramp Regime sub-models are suitable for real-time operation, Table
6 presents their total testing times. The testing times for the All-Sky (Broadband Only) and All-
Sky (Broadband & Spectral) models are also included in this table for comparison. Each Ramp
Regime sub-model is tested using only data from its specialty ramp regime (e.g., a Fast Ramping
sub-model is testing using only the fast ramping portion of the test dataset). Therefore, to ensure
a fair comparison with the All-Sky models, Table 6 shows the total testing time for all Ramp
Regime sub-models, which is the same number of predictions made by the All-Sky models.
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Table 6: Average testing times for the All-Sky (Broadband Only), All-Sky (Broadband & Spec-
tral), and Ramp Regime nowcasting models

Model Category
Model Testing Time (s)

LSTM XGBoost 1D-CNN
All-Sky (Broadband Only) 540 4 190
All-Sky (Broadband & Spectral) 555 4 195
Ramp Regimes 425 4 180

The results in Table 6 are mostly expected, with the exception of LSTM. Since these test-
ing times reflect how long it takes to make approximately 9.8 million predictions using each
approach, it was expected that the results would not differ significantly. This is the case for
XGBoost and 1D-CNN, where the testing times are roughly the same. For LSTM, however, the
Ramp Regime sub-models are able to make the 9.8 million predictions nearly 25% faster than
the All-Sky LSTMs. Overall, Table 6 shows that the Ramp Regime sub-model approach is at
least equally viable for real-time operation compared to the more traditional All-Sky models.

As a final note on the Ramp Regime sub-model testing times, an additional consideration is the
extra time needed to combine the sub-models in an ensemble. Depending on the sophistication
of the ensembling method, this can range from a small increase (e.g., simply averaging the sub-
model predictions) to a more significant increase (e.g., dynamic ensembling). However, since
combining the sub-models in an ensemble is beyond the scope of this thesis, so, too, is this
consideration.

5.4.2 Ramp Regime Sub-Model Forecasting Performances

Having confirmed that the Ramp Regime sub-models are no more computationally (or econom-
ically) expensive than the All-Sky models, this section evaluates the Ramp Regime sub-model
forecasting performances within their respective specialty ramp regimes. The Ramp Regime
sub-models are compared against the All-Sky (Broadband & Spectral) models, since these were
found to outperform the original benchmark All-Sky (Broadband Only) models. To clarify,
if the Ramp Regime sub-models are able to outperform the All-Sky (Broadband & Spectral)
models, then they will also outperform the All-Sky (Broadband Only) models.

Beginning with the persistent regime, Figure 5.6 shows the RMSEs of the Persistent Ramp
Regime sub-models, All-Sky (Broadband & Spectral) models, and smart persistence model
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using the subset of testing data that is classified as persistent. These results show how well each
model performs within the persistent regime; all fast, moderate, and slow ramping periods are
filtered out of the testing dataset used here. While there are only minor differences between the
Persistent Ramp Regime sub-models and the All-Sky (Broadband & Spectral) models for each
machine learning algorithm, the former appear to show slight improvements.

Figure 5.6: RMSEs of the Persistent Ramp Regime sub-models, All-Sky (Broadband & Spec-
tral) models, and smart persistence model within the persistent regime

To better visualize how the two sets of models compare with each other and the smart per-
sistence model, the skill score is once again needed. Figure 5.7 shows the skill scores of the
Persistent Ramp Regime sub-models and the All-Sky (Broadband & Spectral) models when
evaluated on persistent test data. While there are some inconsistencies across the sub-hourly
forecast horizons, these results show several improvements with the Ramp Regime sub-models.
For instance, the LSTM and 1D-CNN Ramp Regime sub-models are able to achieve positive
skill scores at shorter forecast horizons that the All-Sky models. Though small in magnitude,
these positive skill scores at very short horizons are a significant result given that the reference
smart persistence model is especially well suited for short time scales and persistent conditions.
Next, comparing the machine learning algorithms to each other, there is again some inconsis-
tency across the selected forecast horizons which indicates that model selection may be appli-
cation dependent. For instance, neglecting computational demands, LSTM and 1D-CNN may
be best suited for forecasting on very short horizons (e.g., under 2 minutes), whereas XGBoost
is better for longer horizons. However, it should be noted that fine tuning each model’s hyper-
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parameters for each individual forecast horizon may affect these results and the consistency of
each algorithm.

Figure 5.7: Skill scores of the Persistent Ramp Regime sub-models and All-Sky (Broadband
& Spectral) models within the persistent regime

While the Persistent Ramp Regime sub-model performances are good compared to the All-Sky
(Broadband & Spectral) models, the persistent regime is the least interesting in the context of
PV nowcasting. When the sky conditions are stable (persistent), there is little threat posed to
PV power stability. In contrast, more variable conditions like slow, moderate, and fast ramping
can have detrimental impacts on PV power. With this in mind, Figures 5.8 and 5.9 show the
RMSEs and skill scores, respectively, for the Slow Ramping Ramp Regime sub-models and
All-Sky (Broadband & Spectral) models when evaluated using slow ramping test data.

Although some inconsistencies can be found in Figures 5.8 and 5.9, the Slow Ramping Ramp
Regime sub-models generally outperform the All-Sky models in slow ramping conditions. The
different machine learning algorithms perform similarly with each other, though XGBoost has
a slight advantage on average. The higher skill scores in Figure 5.9 (slow ramping conditions)
compared to Figure 5.7 (persistent conditions) are, in part, due to how the smart persistence
model is better suited for persistent conditions. Nonetheless, these higher skill scores are mean-
ingful as they represent how significant of an improvement the Slow Ramping Ramp Regime
sub-models make compared to the smart persistence model. Moreover, the Ramp Regime sub-
models show a clear improvement when compared with the All-Sky models for slow ramping
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Figure 5.8: RMSEs of the Slow Ramping Ramp Regime sub-models, All-Sky (Broadband &
Spectral) models, and smart persistence model within the slow ramping regime

Figure 5.9: Skill scores of the Slow Ramping Ramp Regime sub-models and All-Sky (Broad-
band & Spectral) models within the slow ramping regime

conditions, unlike for persistent conditions where the results were mixed. This implies that the
more variable the ramp regime, the more important it is to have specialized models.
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Continuing the analysis, Figures 5.10 and 5.11 present the RMSEs and skill scores, respectively,
for the Moderate Ramping Ramp Regime sub-models and All-Sky models in moderate ramping
conditions. Similar to the persistent and slow ramping cases, these plots show the performances
of each model in only the moderate ramping portion of the testing dataset.

Figure 5.10: RMSEs of the Moderate Ramping Ramp Regime sub-models, All-Sky (Broad-
band & Spectral) models, and smart persistence model within the moderate ramping ramp
regime

The moderate ramping RMSEs and skill scores support the trends seen by comparing the per-
sistent and slow ramping cases. Specifically, the smart persistence model RMSEs are generally
higher for moderate ramping than both persistent and slow ramping, resulting from the smart
persistence model’s struggle with higher variability. This leads to greater separation between the
smart persistence RMSEs and both the All-Sky and Ramp Regime sub-models’ RMSEs. This
increased RMSE separation corresponds to generally higher skill scores, which can be seen in
Figure 5.11. Comparing the All-Sky and Moderate Ramping Ramp Regime sub-models, there
are a few inconsistencies but the specialized Ramp Regime sub-models again outperform the
All-Sky models. The individual machine learning algorithms have similar performances, though
the advantage belongs to XGBoost at shorter forecast horizons. Considering how computation-
ally lightweight XGBoost is compared to LSTM and 1D-CNN, XGBoost is an attractive option
for making very short term forecasts in variable conditions. However, it should again be noted
that fine tuning the hyperparameters of each model for every forecast horizon may affect these
results.
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Figure 5.11: Skill scores of the Moderate Ramping Ramp Regime sub-models and All-Sky
(Broadband & Spectral) models within the moderate ramping ramp regime

Finally, as arguably the most interesting case for PV nowcasting, Figures 5.12 and 5.13 present
the RMSEs and skill scores, respectively, for the Fast Ramping Ramp Regime sub-models and
All-Sky models in fast ramping conditions. The fast ramping regime can be considered the most
interesting as it is the most volatile, threatening to PV power stability, and difficult to predict
according to the smart persistence model. However, the challenge of making accurate forecasts
in fast ramping conditions also offers a greater room for improvement. This is illustrated by
Figure 5.12, in which the smart persistence model RMSEs are higher than in any of the previous
ramping regimes. These high RMSEs for the smart persistence model allow for higher skill
scores to be achieved by the All-Sky and Ramp Regime models, as shown in Figure 5.13.

Again, with only a few exceptions, the Fast Ramping Ramp Regime sub-models outperform the
All-Sky models across the sub-hourly forecast horizons. The performance difference between
the Ramp Regime and All-Sky models is especially evident at longer time horizons, with the
specialized Fast Ramping Ramp Regime sub-models achieving up to almost 28% skill scores. In
agreement with the other ramp regime test cases, the machine learning algorithms show similar
performances to each other, though XGBoost is superior on average. While it should again
be noted that the model hyperparameters are not optimized for each forecast horizon, XGBoost
does appear to dominate in terms of both forecasting performance and computational efficiency.
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Figure 5.12: RMSEs of the Fast Ramping Ramp Regime sub-models, All-Sky (Broadband &
Spectral) models, and smart persistence model within the fast ramping ramp regime

Figure 5.13: Skill scores of the Fast Ramping Ramp Regime sub-models and All-Sky (Broad-
band & Spectral) models within the fast ramping ramp regime

Overall, the Ramp Regime sub-models show performance improvements over the All-Sky
(Broadband & Spectral) models within their specialty ramp regimes, which confirms the hy-
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pothesis stated at the beginning of this section. While the Ramp Regime sub-models only
slightly outperformed the All-Sky models in the persistent regime, the differences are more
pronounced as the variability increases to slow, moderate, and fast ramping conditions. Conve-
niently, this trend correlates with the significance level of each ramp regime in the context of
PV nowcasting – the more volatile the ramp regime is, the more of a threat to PV stability it
poses. Hence, the large performance improvements over the All-Sky models in fast, moderate,
and slow ramping conditions are of greater significance.

As a final note in this section, the test cases for the Ramp Regime sub-models only considered
test data corresponding to each sub-model’s specialty. However, in practice it is not likely that
such ramp regime isolation will occur for more than a few seconds or minutes at a time. In
contrast, real-world solar irradiance data contains many transitions from one ramp regime to
another, which is not accounted for in this study. Therefore, for fully operational nowcasting,
a sophisticated Ramp Regime Ensemble would be needed to navigate regime transitions while
fully harnessing the potential of each sub-model.
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Chapter 6: Conclusions

6.1 Future Work

This section provides suggestions for future extensions of this project, with particular emphasis
further developing the nowcasting models for real-world deployment.

Although machine learning algorithms are praised for their ability to learn complex data patterns
without explicit instructions from programmers, they do require their hyperparameters to be
defined. Hyperparameters include, but are not limited to, the number of nodes in a layer, the
number of hidden layers in a network, lookback window size, and learning rates. Given the wide
range of hyperparameters that can be defined for a model – and the many possible values for
each – hyperparameter tuning requires investigating a vast search space. Moreover, it was found
from an early attempt at optimizing the LSTM, XGBoost, and 1D-CNN hyperparameters that
different forecast horizons require different hyperparameters, which further expands the search
space. As such, extensive hyperparamter tuning for each of the nowcasting models presented in
this thesis is left as a possible future work.

In accordance with the ROPES guideline, solar forecasting models should be reproducible,
operational, probabilistic and/or physically-based, an ensemble, and evaluated using the skill
score. The nowcasting models presented in Chapter 5 of this thesis meet several of these re-
quirements, but not all. For instance, the nowcasting models in this work are deterministic
rather than probabilistic, since they produce single point forecasts rather than probability dis-
tributions. Additionally, the Ramp Regime sub-models presented in Chapter 5 provide the
building blocks for a sophisticated ensemble; however, the creation of a dynamic ramp regime
ensemble is beyond the scope of this thesis. Therefore, it is left as future work to both com-
bine the Ramp Regime sub-models in ensembles and to convert the deterministic forecasts to
probabilistic ones.

Finally, the Ramp Regime sub-models presented in this thesis yield promising results with the
1 second resolution irradiance data. However, high temporal resolution pyranometers are costly
and not widely available at different locations. While the use of pyranometers may be practical
for large PV plants where their costs are easily absorbed, they are far less practical for use in
distributed (e.g., rooftop) PV at the grid edge. As a more widely applicable alternative, it is
left as a future work to investigate how the ramp regime approach to solar forecasting would
perform if PV power data is used instead of solar irradiance measurements.
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6.1.1 Conclusion

Overall, this thesis provides a detailed investigation of spectral and broadband solar irradiance
variability statistics on all time scales relevant to PV generation and forecasting. The variability
induced by cloud dynamics was found to be spectrally dependent, with some regions of the solar
spectrum being more highly variable than others. Additionally, the solar variability was found
to be temporally dependent, with variability increasing as the time step gets longer. Significant
differences were found between the clear-sky index increment distributions across sub-hourly
time scales in particular. This short term variability was found to be limited by the different
speeds at which clouds can move and sky conditions can change. The temporal dependence
of the clear-sky index increment distributions shows evidence of power law scaling, which is
indicative of chaotic processes.

The irradiance variability statistical analysis results were leveraged to develop a new irradi-
ance ramp regime classification method. The temporal dependence of the variability statistics
(namely, the FWHM) enabled a heuristic approach to be developed for tuning a slope threshold
parameter used for deciding whether points an the irradiance time series belonged to a given
ramping regime. Since faster, more volatile irradiance ramps pose a greater threat to PV power
stability than slower ramps, the fastest ramp regimes are prioritized when points are assigned to
multiple regimes.

Three sets of solar nowcasting models were developed and evaluated under a variety of test
conditions. Within each set, the LSTM, XGBoost, and 1D-CNN machine learning algorithms
were used as the base prediction algorithms and compared in terms of computational demand
and forecasting performance. The first set of models, referred to as the All-Sky (Broadband
Only) models, were used as benchmarks. The second set of models, referred to as the All-Sky
(Broadband & Spectral) models, improved upon the performance of the All-Sky (Broadband
Only) models by incorporating nine spectral irradiance inputs. Demonstrating that the inclusion
of spectral irradiance can improve forecasts of the broadband irradiance is the first contribution
to the field of solar forecasting from this thesis. Finally, the third set of models, referred to as
the Ramp Regime sub-models, were trained and tested using data that was divided into four
different ramp regimes by the ramp regime classification method proposed in this work. The
resulting Ramp Regime sub-models outperformed the All-Sky (Broadband & Spectral) models
within their respective specialty ramping regimes, which is the second contribution to the field
of solar forecasting from this thesis.

The nowcasting models presented in this thesis were developed under the guidance of the
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ROPES principles. While not meeting all of the criteria, the presented nowcasting models aim
to lay the foundations for full ROPES adherence. In terms of reproducibility, it is the intention
to make the dataset used in this work – or some partial and/or synthetic version of it – publi-
cally available. Typical operational requirements for nowcasting models have been accounted
for through an investigation and discussion of computational demand and prediction times. The
models inherently account for the physical processes (scattering and absorption) driving irra-
diance variability, though their exact origins need to be resolved. It remains as future work to
convert the nowcasting model outputs from deterministic to probabilistic predictions, though
there are existing techniques for this [42]. The building blocks for a diverse nowcasting en-
semble have been created with the Ramp Regime sub-models, though it also remains as future
work to realized a highly effective, dynamic Ramp Regime Ensemble. Finally, all model per-
formances in this thesis have been evaluated using the skill score with smart persistence as the
reference model. With the completion of the few remaining future works identified above, the
models presented in this thesis show great potential for advancing the field of solar nowcasting
and our understanding of the solar resource.
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Chapter 7: Appendix

7.0.1 Scope and Impact

The following publication investigates the fluctuations in spectral and broadband irradiance
cause by clouds from a statistical perspective. A high resolution spectral and broadband ir-
radiance database from a Spectrafy SolarSIM-G containing 6 months of high resolution (250
ms) ground-based measurements taken in Ottawa, Canada is described used for the analysis in
this work. The known diurnal and orbital irradiance trends are removed from the data using
clear-sky normalization (i.e., the clear-sky index), thus isolating the variability due strictly to
cloud motion. The database is parsed into 7 different sky conditions based on the ultraviolet
and infrared spectral irradiance measurements, and the clear-sky index distributions of each sky
condition are investigated. This article then assesses the spectral and broadband irradiance vari-
ability through the clear-sky index increment distributions across sub-hourly time scales. This
assessment revealed a spectral dependence of the variability, indicating that the clouds impact
the various spectral irradiance components in notably different ways. It was also found that the
variability is temporally dependent, following power law scaling behaviour at the sub-hourly
time scales that were probed.

7.0.2 Author Contributions

Nick Anderson: All data analysis included in this article and lead-writing was performed by
me, but was guided and supported by my co-authors.

Viktar Tatsiankou: As a collaborator from Spectrafy, Viktar has set up the instrumentation at the
Ottawa site and provided me with the database used in this work. His previous research contri-
butions have provided the foundations for this work, including the sky condition classification
approach. He also assisted in the manuscript review process.

Karin Hinzer: As the director of the University of Ottawa’s SUNLAB, Karin oversaw and
guided my research. She also assisted in preparing and reviewing the final manuscript.

Richard Beal: As a collaborator from Spectrafy, Richard has set up the instrumentation at the
Ottawa site and provided me with the database used in this work. He also assisted in the
manuscript review process.
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Henry Schriemer: As my supervisor and the associate director of the University of Ottawa’s
SUNLAB, Henry guided my research and assisted with interpreting results and preparing the
final manuscript.

7.0.3 Publication - Photonics West 2022

Nick Anderson, Viktar Tatsiankou, Karin Hinzer, Richard Beal, and Henry Schriemer, "Prob-
abilistic description of short-term cloud dynamics from rapid sampling of the solar spectral
irradiance", Proc. SPIE 11996, Physics, Simulation, and Photonic Engineering of Photovoltaic
Devices XI, 119960B (4 March 2022); doi: 10.1117/12.2616231.
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Probabilistic Description of Short-Term Cloud Dynamics from Rapid 

Sampling of the Solar Spectral Irradiance 
Nick Andersona, Viktar Tatsiankoua,b, Karin Hinzera, Richard Bealb, Henry Schriemer*a 

aSUNLAB, University of Ottawa, 800 King Edward Ave, Ottawa, ON, CAN, K1N 6N5 
bSpectrafy, 4 Florence St, #204, Ottawa, ON, CAN, K2P 0W7 

ABSTRACT  

Solar irradiance variability due to stochastic cloud dynamics can cause unwanted fluctuations in the output voltage of 

photovoltaic (PV) modules. These dynamics must in particular be understood at very-short and short time scales if grid 

interconnection and generation/load balance requirements are to be maintained for PV distributed across the grid edge. 

Using a recently-created database for Ottawa, Canada, a 6-month longitudinal study was conducted with a specific focus 

on cloud dynamics. A spectral pyranometer was used to derive full-range spectral and broadband global horizontal 

irradiance under all sky conditions every 250 ms. Exploiting the infrared (IR) measurement channel of this software-

augmented multi-filter radiometer allowed the cloud dynamics to be probed across time scales ranging from the sub-

second to ~30 minutes. Seven distinct sky conditions were self-consistently determined without sky imaging. Probability 

distributions, established via kernel density estimates (KDE), allowed the statistical dependence of these conditions on 

the spectral clear-sky index to be found. The stochastic nature of the spectral irradiance variability was probed using 

spectral clear-sky index increments, over time steps that were found to span three distinct variability regimes. 

Keywords: Solar irradiance variability, cloud dynamics, spectral pyranometer, probability density, index increments 

 

1. INTRODUCTION  

Photovoltaics (PV) is a key enabler of the global energy transformation.1, 2 Within the emerging smart grid context,3 this 

sustainable generation technology may be regionally capable of supporting the entire electrical load with a high 

penetration of distributed PV fleets if one follows a firm forecast overbuild/curtail/storage strategy to address the 

intermittent nature of the solar resource.4 In this strategy, the short-term forecast uncertainty associated with weather-

driven solar irradiance fluctuations is reduced by exploiting geographic dispersion to realize firm power generation. 

However, for PV systems as distributed energy resources (DER) at the edge of the distribution grid, the interconnection 

constraints5 require “nodal approaches for the computation of power grid congestion constraints and power flow 

solutions”.6 To facilitate the energy transition, effective DER participation in local energy markets must be addressed as 

a fully transactive energy system under uncertainty.7 For many grid services, in both settlement and control, this requires 

intra-hour forecasting (also known as “nowcasting”), which ranges from a few seconds to an hour and encompasses 

very-short-term and short-term categories.8 A recent review has focused on the often neglected temporal and spatial 

resolution aspects of solar irradiance and power forecasting methods,9 but it is safe to say that probabilistic solar 

forecasting capabilities are still immature.10  

 

Maturation of probabilistic solar forecasting is a process that requires advances in instrumentation, accessibility to data, 

application, and assessment. A definitive approach to solar forecasting research practice “intended to facilitate 

comparison, comprehension, and communication within the solar forecasting field, and [to] speed up its development”,11 

is the “ROPES” guideline (which stands for reproducible, operational, probabilistic/physical, ensemble, and skill) 

proposed by Dazhi Yang. We take this formalism as our goal for an operational implementation of PV generation 

nowcasting at the grid edge. Here we address its enabling requirements with an instrumentation and data analysis focus, 

employing a new spectral irradiation database for Ottawa, Canada. This database provides an ongoing comprehensive 

meteorological and solar spectral irradiance record, with measurements every 250 ms, beginning 1 June 2021 and here 

ending 30 November 2021. We describe the novel spectral pyranometer that acquired this data, and which enables the 
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Figure 1. Spectral irradiance at 1:03 pm on 3 August 2021; the wavelength range from 2500 to 4000 nm is not shown. The 

measurement channel locations are as indicated. The precise locations of channels 1, 8 and 9 are not given for proprietary 

reasons. 

 

ongoing self-consistent determination of sky conditions. Our preliminary data analysis first addresses the distribution of 

sky conditions over this 6-month period, and then statistically describes cloud dynamics as a function of clear-sky index 

increments for time scales less than 10 minutes. 

 

2. INSTRUMENTATION AND SKY CLASSIFICATION 

The spectral pyranometer employed in this work is a customized version of Spectrafy’s SolarSIM-G, whose general 

properties have been described elsewhere.12 It is a software-augmented multi-filter radiometer that measures the spectral 

global horizontal irradiance (GHI) using narrow bandpass filters paired with calibrated photodetectors. A multiplexer 

sequentially selects the voltage signal from each spectral channel and feeds it to an analog-to-digital converter sampling 

at 60 Hz, which is sufficient to accurately capture the fastest of transients.13 The nine wavelength channels are illustrated 

in Figure 1 with respect to the spectral GHI for Ottawa at 1:03 pm on 3 August 2021; for proprietary reasons, the 

locations of the ultraviolet (UV) and infrared (IR) channels cannot be precisely disclosed. In combination with 

measurements of ambient pressure, relative humidity, and air temperature, this information is employed by a radiative 

transfer model to self-consistently derive atmospheric optical parameters for the reconstruction in real-time of spectral 

GHI from 280 nm to 4000 nm. The basic design principles have been previously described.14 Measurements from the 

infrared channels are used to classify the clouds by their water morphology, with a uniform cloud model employed to 

estimate cloud optical depth and to subsequently compute cloud transmittance in the 1000-4000 nm range. The efficacy 

of this approach has been validated against reference instruments under a full range of sky conditions.15 

 

3. RESULTS AND ANALYSES 

3.1 The clear-sky index 

Denoting the spectral GHI time series measured at wavelength channel λ by ( );E t , the clear-sky spectrum ( );clrE t  

is determined as part of the spectral reconstruction process and derives from the same set of underlying atmospheric 

optical parameters as the actual spectrum, but without the correction for clouds. This self-consistent determination 

allows the sky condition to be accurately modeled by a spectral clear-sky index  
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Figure 2. The GHI observed on 1 June 2021 in Ottawa, Canada, color coded for sky condition; the smooth black curve is the 

GHI that would be observed under clear sky conditions. 

 

 ( ) ( ) ( ); ; ;clrt E t E t    =  (1) 

because seasonal and diurnal effect are now removed. We have elsewhere described the self-consistent classification of 

sky conditions based on this clear-sky index as part of the decomposition algorithm for deriving the broadband direct 

normal (DNI) and diffuse horizontal (DHI) irradiances from the spectral GHI.15 Seven distinct sky conditions are then 

identified via clear-sky index ranges for measurement channels 1 and 9, as noted in Table 1. Figure 2 presents the 

broadband GHI observed on 1 June 2021, color coded for sky condition; the smooth black curve is the GHI that would 

be observed under equivalent clear sky conditions. Note that the clear-sky index is ( ) ( ) ( )GHI GHIclrk t t t = , which is 

the broadband version of equation (1). Our focus, however, will be on the spectral clear-sky index. 

 
Table 1. Classification of sky conditions based on channels 1 and 9.15 

Sky condition κ*(λ1) κ*(λ9) 

 Min Max Min Max 

Lensing – – 1.05 – 

Very clear 1.0 – 0.75 1.05 

Clear 0.8 1.0 0.75 1.05 

Hazy – 0.8 0.75 1.05 

Thin clouds   0.5 0.75 

Thick clouds   0.25 0.5 

Overcast   – 0.25 

 

3.2 Distribution of sky conditions 

The probability distributions for all sky conditions were determined by kernel density estimation (KDE); the data of 

channel 9 were used as this channel is the primary metric for sky classification. The results are shown in Figure 3 as a 

plot of probability densities versus clear-sky indices. The black curve shows the density for the sum total of all sky 

conditions, while the colored curves show those for the individual sky conditions. This enables us to visualize the 
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Figure 3. Statistical dependence of sky condition on spectral (channel 9) clear-sky index; the black curve gives the 

probability density for all sky conditions while the colored curves show those for the individual sky conditions, as labeled. 

 

relative time spent in each cloud state. As described in Table 1, the thin, thick, and overcast distributions are independent 

of one another, while hazy, clear and very clear distributions overlap but with distinctly different dependencies on 

spectral clear-sky index.  

 

3.3 Irradiance variability 

We quantify irradiance variability using increments in the spectral clear sky index as 

 ( ) ( ) ( ); ; ;t t t         = + − , (2) 

where τ refers to the increment time step. The probability distribution of these increments describes the likelihood that 

sky conditions will persist for the given increment. Thus, for any increment, the probability distribution peaks in the 

limit as 0
 → ; that is, relatively small changes in the clear-sky index have the highest probability, with greater 

changes tailing off with decreasing probability. Figure 4 shows the dependence of the probability density, determined via 

kernel density estimates, on index increment for the different measurement channels; Figure 4(a) is for an increment 

time step of 600 s, while Figure 4(b) is for an increment time step of 1 s; both figures span the same range of densities. 

For the long time step, which spans the entire range of variability, spectral sensitivity is observed, which is easiest seen 

at large index increments (note the log scale). However, for the short time step, the spectral sensitivity is about twice as 

strong, as the variation in peak heights reveal, although only small index increments can be probed. Collectively, these 

demonstrate the spectral dependence of the probability density, with the IR channel (channel 9 – purple curve) typically 

spanning the greatest irradiance variability at all time steps.  

 

The probability density is known to narrow as the increment time step is reduced, with the tails becoming more 

pronounced as the time step is increased.16 This behavior is illustrated using the channel 9 (IR) spectral clear-sky index 

for increment time steps ranging from 1 s to 600 s. Channel 9 is chosen so as to be consistent with the sky classification 

procedure, as it is the channel most sensitive to cloud absorption and scattering.15 Figure 5(a) shows the monotonic 

increase of the peak density, and the concomitant narrowing of the distribution, as the time step is decreased. This 

behavior is quantified in Figure 5(b), where the peak densities and their corresponding full widths at half maximum 

(FWHM) are plotted as a function of the increment time step; the former is shown on the right axis (blue squares) as a 

log-log plot, while the latter is shown on the left axis (red circles) as a lin-log plot.  
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Figure 4. Channel dependence of the probability densities vs spectral clear-sky index increments for (a) a 600-s time step, 

and (b) a 1-s time step. 

 

The kernel density estimation used to accurately describe the probability densities is a nonparametric method. Given the 

fat-tailed behavior of these distributions, the FWHM is therefore not expected to provide a definitive signature of the 

variability.16 The peak density, however, is well-defined and is a highly sensitive metric. The peak density in Figure 5(b) 

is seen to increase monotonically with decreasing time step, but clear evidence of power law scaling is shown across 

three distinct temporal regimes within the ~30-minute variability period studied. Atmospheric variability is known to be 

dominated by scaling processes17, and power law scaling has been shown to describe cumulus cloud size distribution.18 

The slope is therefore characteristic of the underlying variability. The short-time high-slope regime is very likely a sign 

of ramping behavior (i.e., when the sun’s disk becomes occluded). A distinct transition happens at ~7 s to a state with 

reduced variability, which may indicate evolving intra-cloud dynamics. This is followed by a more abrupt transition at 

about 3 minutes to an intermediate variability state (with a slope between that of the other two), which may be indicative 

of a long-time regime dominated by transitions from one cloud type to another. The interruption in the monotonic 

increase in FWHM with increasing time step at this latter transition is consistent with this interpretation.  

 

 
 

Figure 5. (a) Probability densities vs channel 9 spectral clear-sky index increments for the indicated increment time steps; 

and (b) their corresponding peak densities and full widths at half maximum (FWHM). 
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4. CONCLUSIONS 

A novel spectral pyranometer was used in the creation of a spectral irradiance database for Ottawa, Canada. A 

preliminary analysis of the first six months of data, beginning 1 June 2021, from this software-augmented multi-filter 

radiometer allowed the cloud dynamics to be probed across time scales ranging from the sub-second to ~30 minutes. Sky 

conditions were self-consistently determined for each time interval without sky imaging. Exploiting the pyranometer’s 

IR measurement channel, the statistical dependence on spectral clear-sky index of these seven distinct sky conditions 

were established via kernel density estimates of their probability densities. The irradiance variability was quantified 

using increments in the spectral clear-sky index. The resulting probability densities for a range of time steps spanning 

sub-second to ~30 minutes were quantified by their peak positions and FWHM. Power law scaling was found across 

three distinct temporal regimes within this range. They were speculatively associated with ramping behavior, intra-cloud 

dynamics, and transitions between cloud types. Since the identification of these time scales has implications for the 

nowcasting of distributed PV resources, further investigation is clearly warranted. 
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