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Abstract

This thesis presents a hybrid approach for day-ahead solar power forecasting that
integrates a deterministic physical model with a Gaussian process (GP) post-
processing component. We begin by reviewing physical forecasting models, fo-
cusing on deterministic and ensemble-based models. To improve predictive accu-
racy, GPs are employed to correct residual errors in the physical model outputs.
Two post-processing methods are explored: a time-series GP and an autoregres-
sive GP, each assessed using two hyperparameter inference strategies: maximum

likelihood estimation and the no-U-turn sampler.

The hybrid model is evaluated on three datasets: a household photovoltaic (PV)
system in Oxford, small to medium-scale PV sites in Hong Kong, and a range
of PV systems in various locations in the UK. The approach demonstrates con-
sistent performance across diverse climates and system configurations, effectively
capturing fluctuations in solar output and adapting predictions in the absence of

complete system metadata, such as shading or inverter characteristics.

The proposed model yields lower forecasting errors compared to a variety of
benchmark models. These include statistical methods such as ARIMA and Glu-
onTS, neural network-based approaches including long short-term memory and
transformer models, and tree-based ensemble methods such as random forest and
XGBoost. These benchmarks are evaluated in both post-processing and direct
forecasting settings. In addition, the performance of the model is compared with
Quartz, a commercial tool used for direct PV power forecasting. The results
highlight the potential of combining physical models with machine learning tech-
niques to improve the accuracy and generalisability of short-term solar power and

energy forecasting.
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1| Introduction

The global deployment of photovoltaic (PV) systems has accelerated dramatically
over the past decade, making solar energy one of the fastest-growing renewable
energy sources worldwide. The cumulative installed PV capacity increased from
just over 100 GW in 2012 to more than 1.6 TW in 2023 [Jiger-Waldau, 2023].
With continued policy support and declining technology costs, projections antic-
ipate global PV installations to exceed 2.8 TW by 2030 [Pourasl et al., 2023].
This growth spans all sectors of the market, from residential rooftop systems to
utility-scale solar farms. In particular, utility-scale installations have dominated
additions of PV capacity. In 2022, about 60% of global solar PV investment was
in utility-scale plants, compared to approximately 30% in residential and 11% in
commercial installations [Jager-Waldau, 2023]. Although large-scale PV systems
account for the majority of cumulative capacity, distributed PV systems, such as
rooftop systems, have also expanded significantly, positively contributing to na-

tional energy portfolios and decentralised energy systems.

The rapid rise of PV generation introduces substantial forecasting challenges. So-
lar power generation is highly variable, influenced by weather conditions such as
irradiance, cloud cover, and temperature, as well as site-specific factors. These
fluctuations complicate grid operations, especially as the PV penetration rate in-
creases. In large-scale systems, inaccurate forecasts can lead to suboptimal schedul-
ing, higher reserve margins, and increased operational costs [Leo et al., 2025]. In
household settings, forecast errors can result in inefficient battery usage, greater
dependence on the grid, and lower long-term financial returns [Mirletz and Gui-
ttet, 2023]. Therefore, accurate PV power forecasting is essential for optimising
energy usage in household applications and improving grid integration in both

commercial and utility-scale systems.
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Figure 1.1: Overview of PV power forecasting approaches, categorised by temporal hori-
zon, architecture, and selection criteria. Short-term horizons include d intra-day and day-
ahead forecasts with lead times of up to 24 hours, medium-term horizons cover multi-day
predictions up to weekly timescales, and long-term horizons extend from multiple weeks
to seasonal or even annual timescales.
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The overview in Figure 1.1 categorises PV forecasting models along three key
dimensions: temporal horizon, architecture, and selection criteria. In terms of
forecast horizon, solar forecasting can be categorised into three time types: short-
term, mid-term, and long-term forecasts [Leo et al., 2025]. Short-term forecasts,
including forecasts for the day and the day ahead, are the most widely used in op-
erational power system management. Intra-hour and intra-day forecasts provide
predictions of PV generation from a few minutes up to several hours in advance
and are essential for real-time grid balancing and dispatch decisions [Leo et al.,
2025]. Their main challenge lies in their high sensitivity to rapid weather fluc-
tuations, such as fast-moving clouds, which can cause sudden and unpredictable
changes in solar output. Day-ahead forecasts, which predict PV generation 24
hours in advance, are crucial for scheduling energy markets and unit commitment
[Leo et al., 2025]. These forecasts are heavily dependent on numerical weather
prediction (NWP) models and are commonly used due to their relevance to next-
day operational planning. However, their precision can be significantly affected by
meteorological uncertainties, particularly in regions with highly variable weather
conditions. Mid-term forecasts, covering several days to weeks, support asset
management and seasonal planning, but become less reliable as the accuracy of
the weather model decreases over time [Leo et al., 2025, Chen and Zhao, 2023].
Long-term forecasts, covering months to years, are used for long-term strategy
decisions such as capacity expansion and policy making, although their accuracy
is limited by climate variability and the extended time horizon [Leo et al., 2025,
Chen and Zhao, 2023]. Studies have found that under clear skies, day-ahead PV
forecasts can achieve a root mean square error (RMSE) as low as 6%, whereas
cloudy conditions can drive errors as high as 20-80% [Theocharides et al., 2024,
Glassley et al., 2011, Lorenz et al., 2012]. In contrast, even small improvements

in forecast accuracy yield substantial benefits. For example, a case study in Cali-
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fornia showed that a 35% improvement in intra-day ramp prediction could reduce
annual spinning reserve costs by approximately $5 million for a 4 GW solar port-
folio [of Energy, 2016]. Similarly, at the household scale, day-ahead PV predic-
tion errors on the order of only 3-14% have been shown to diminish the economic

performance of PV-battery systems [Mirletz and Guittet, 2023].

PV power predictions may be forecasted directly from a range of predictors [Ul-
bricht et al., 2013]. Alternatively, they can be calculated using irradiance fore-
cast data produced by NWP or sky and satellite imagery. PV power calculation
methods can be classified into physical, statistical, or hybrid approaches [Anto-
nanzas et al., 2017, Leo et al., 2025]. Physical methods use theoretical simula-
tion models, such as irradiance-to-power conversion models, electrical simulation
models, and transposition models, to calculate the output power of a PV system
based on its main design parameters. In contrast, statistical methods encompass
all data-driven approaches, including both classical statistical modelling and the
novel machine learning (ML) algorithms. Finally, hybrid approaches combine
the above approaches, consisting of two or more different methods [Antonanzas
et al., 2017]. Recent literature highlights the effectiveness of hybrid approaches,
which often reduce errors such as MAPE and nRMSE by approximately 7-26%

compared to single-method approaches [Leo et al., 2025].

Motivated by the growing importance of PV forecasting and the associated chal-
lenges, this thesis proposes a hybrid forecasting framework for day-ahead solar
power prediction that combines a deterministic physical model with Gaussian pro-
cess (GP) post-processing. The GP component aims to learn systematic discrep-
ancies in the physical model output, improving both point forecasts and uncer-
tainty quantification. The hybrid model is evaluated across three distinct datasets:
a household PV system in Oxford, small-to-medium scale systems in Hong Kong

(HK), and a diverse portfolio of PV sites across the UK. This multi-regional and
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multi-scale evaluation enables a thorough examination of forecasting challenges

under varying climatic and system conditions.

The following sections review the physical, statistical and hybrid forecasting meth-
ods (Section 1.1), provide an overview of available PV time-series datasets along
with their limitations (Section 1.2) and outline the main contributions of this thesis
(Section 1.3). The available PV time-series datasets often lack critical metadata
such as system orientation, tilt, or inverter capacity, which underscores the need

for adaptable forecasting methods.

1.1 PV Forecasting Methods

As previously introduced, the three architectures of solar forecasting are physical,
statistical, and hybrid. Physical models, often referred to as white-box models,
derive from the fundamental principles of PV energy conversion [Amiri et al.,
2024]. These models estimate PV output based on system-specific characteristics
and environmental conditions, requiring detailed inputs such as solar irradiance,
temperature, wind speed, panel orientation, and shading losses, without the neces-
sity of historical data [Al-Dahidi et al., 2024]. Their transparency allows for inter-
pretability and diagnostics, but this also means they are highly sensitive to errors
in input data and incomplete system metadata [Chicco et al., 2016]. The physical
models can be classified into three types: clear-sky models, transposition models
and semi-empirical models [Leo et al., 2025]. Clear-sky models estimate the theo-
retical maximum irradiance under cloudless conditions using astronomical and at-
mospheric data, providing a useful baseline for performance assessment. Transpo-
sition models convert direct and diffuse irradiance into plane-of-array irradiance
for tilted PV surfaces. These models often rely on decomposition models, which

divide total solar irradiance into its direct and diffuse components to better capture




University of Oxford St-Hilda’s College

PV system behaviour under varying sky conditions. Lastly, semi-empirical mod-
els combine physical equations with empirically derived coefficients to estimate
PV power output based on environmental factors. In practice, transposition and
semi-empirical models are often used in sequence with other physical components
as part of an integrated modelling pipeline. A widely adopted approach in phys-
ical PV power modelling involves converting global horizontal irradiance (GHI)
forecasts from NWP models into PV power forecasts through a ‘model chain’.
The term ‘model chain’ refers to a series of physical models that simulate various
stages that include solar positioning, the separation of beam and diffuse irradiance,
the transposition of horizontal irradiance to a tilted surface, PV cell temperature
and performance, shading loss, and other factors [Yang et al., 2019, Wang et al.,
2022, Lorenz et al., 2011]. Traditionally, the model chain is a deterministic pro-
cess, assigning a single value to each time step over the forecast horizon. Recently,
probabilistic forecasts have been proposed that use ensemble model chains [Mayer
and Grof, 2021, Mayer and Yang, 2022]. In an ensemble model chain setup, each
model chain with combinations of physical models is treated as a probable path
for irradiance-to-power conversion, enhancing forecast accuracy and helping to
quantify forecast uncertainty. Additionally, NWP models can operate in ensemble
mode by generating multiple simulations with varied initial conditions or model
physics. Mayer et al. [Mayer et al., 2024] previously discussed the improved per-
formance when combining ensemble NWP models with ensemble model chains.
The limitations of physical model chains include their high sensitivity to irradi-
ance and weather forecast errors. Moreover, the effectiveness of these models is
contingent on the physical models selected within the model chain, requiring de-
tailed knowledge about the PV system design parameters and site-specific factors
such as shading, reflection, and soiling. Furthermore, simpler physical models

often exhibit systematic bias and produce forecast ranges that are too narrow, in-
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dicating an underestimation of the true variability in PV generation [Mayer and

Grof, 2021].

Statistical models are also extensively used in PV power forecasting [ Antonan-
zas et al., 2016]. These black-box models are data-driven, relying on histori-
cal datasets of solar irradiance and power output without explicit knowledge of
the physical processes or the target system’s design parameters. Commonly used
statistical models include naive forecasting, similar-days models, stochastic time
series, and ML approaches [Ulbricht et al., 2013]. Naive forecasting and similar-
days models are straightforward, as they directly apply historical PV power data.
Stochastic time series models establish temporal dependencies in PV power gener-
ation data and can be divided into univariate and multivariate categories. Popular
univariate models include auto-regressive integrated moving average (ARIMA)
and exponential smoothing, and multivariate models include ARIMA with ex-
ogenous inputs (ARIMAX) and multivariate adaptive regression splines (MARS)
[Friedman, 1991]. By contrast, ML models exploit advanced algorithms to un-
cover complex patterns and relationships in data [Ogliari et al., 2017b]. Among
published work on forecasting PV power with ML, frequently used methods in-
clude artificial neural networks (ANNs) [Ogliari et al., 2017b, Theocharides et al.,
2020], support vector machines (SVMs), and random forests [Antonanzas et al.,
2017]. ANNSs are supervised learning models that consist of interconnected nodes
capable of learning non-linear relationships among input variables and PV power.
SVMs are also supervised learning models that identify an optimal hyperplane to
maximise the margin between classes in classification tasks, or to fit a function
within a specified margin in regression tasks such as PV power forecasting. Ran-
dom forests are an ensemble learning method that constructs multiple decision
trees and aggregates their outputs to improve predictive accuracy and robustness.

Deep learning methods, such as convolutional neural networks (CNNs), recurrent
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neural networks (RNNs), and long short-term memory networks (LSTMs) [Wang
et al., 2019], extend ANNs and have also been applied to day-ahead PV power
forecasting. These models use meteorological inputs to capture complex hierar-
chical and temporal patterns in PV power data. However, the performance of these
data-driven models is highly dependent on the amount and quality of training data
available, and their accuracy is limited when less than 1-3 years of historical data

are available [Wang et al., 2019].

As mentioned above, hybrid models combine the strengths of multiple models by
effectively capturing various data patterns. Combining linear and non-linear mod-
els has also been suggested to enhance forecast accuracy [Zhang, 2003]. Recent
proposals include hybrid models that merge CNNs and RNNs [Xiang et al., 2024],
as well as those that integrate physical and statistical approaches—e.g., incorpo-
rating physical calculations into neural networks [Schmelas et al., 2015, Ogliari
et al., 2017a], and employing ensemble model output statistics (EMOS) [Horat
et al., 2024].

1.2 Key Inputs for PV Forecasting

As shown in Figure 1.1, the selection criteria of PV forecast models include data
availability, accuracy requirements, application context, and computational effi-
ciency. In this section, we focus on the availability and quality of input data,
which directly influence the forecast accuracy of the chosen model and the suit-
ability of its modelling approach. We also discuss some common data-related

challenges in PV forecasting, along with mitigation methods.

In general, PV output is driven by both environmental factors and system-specific
characteristics. Table 1.1 summarises the typical datasets required for PV power

forecasting models.
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Table 1.1: Typical data inputs for PV forecasting models

Data Type Description Model Usage

Solar irradiance GHI, DHI, DNI derived from NWP  Physical / Statistical
or satellite.

Meteorological variables Temperature, wind, cloudiness de- Physical / Statistical
rived from NWP or satellite.

PV system metadata Location, tilt, azimuth, capacity, in- Physical
verter type.

Historical PV output Time-series of observed PV gener-  Statistical / Validation
ation.

The availability of these datasets often dictates which forecasting model is suit-
able. For example, a physics model typically requires detailed irradiance forecasts
and system parameters. If such granular data or metadata are unavailable, one
might opt for a direct data-driven model that predicts power output from historical
patterns without explicitly calculating irradiance. In other words, the choice be-
tween different model paradigms (physical, statistical, or hybrid) is closely related
to data availability. A traditional model that demands high-resolution weather
forecasts and complete site specifications may yield accurate results in theory, but
it is only practical if those inputs are available and reliable. Therefore, effective
forecasting models must be adaptable to the available dataset and robust to miss-

ing or uncertain input.

1.2.1 Challenges in PV Time Series Data

In this section, we give an overview of the challenges often present in PV forecast-
ing. Although often overlooked in literature, these issues are critical for real-world
applications, and are thus taken into account in the framework design of the pro-
posed method presented in this thesis. PV time-series input data presents several
key challenges that hinder accurate forecasting. These include missing values,
temporal resolution mismatches, and strong diurnal and seasonal patterns in both

input and output data.
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Missing Data and Incomplete Metadata: For the variables in Table 1.1, his-
torical PV output often contains missing values due to sensor malfunctions, com-
munication failures, or maintenance activities. These missing entries can occur
randomly or during specific periods, such as night-time when measurements are
typically absent. Incomplete metadata, such as location, panel orientation, sur-
face azimuth, nominal capacity, and inverter type, can further complicate the use
of physical models and normalisation processes. Such data deficiencies may lead
to inaccurate clipping estimates or errors in incidence angle calculations and ir-
radiance transposition models. In these cases, it is useful to apply data-driven

methods to correct for these offsets.

Irregular Sampling and Outliers: In real-world scenarios, PV data often ex-
hibit irregular sampling intervals due to logging inconsistencies or adjustments to
daylight saving time. Moreover, outliers, such as sudden spikes and dips caused
by sensor faults or shading events, can significantly bias model training, especially
for algorithms sensitive to extreme values. For example, [Osborne et al., 2010] ex-
plored ML methods for detecting sensor failures. If not addressed properly, these

issues can lead to over-fitting and poor generalisation.

Diurnal and Seasonal Cyclicality: Both PV modelling input (irradiance and
weather data) and output (PV power observations) may exhibit strong diurnal and
seasonal patterns. Daily production typically follows a bell-shaped curve, peak-
ing at solar noon and dropping to zero at night. Seasonal variations in hourly
irradiance affect the amplitude and duration of this curve, influenced by factors
such as day length and sun angle. These cyclic patterns introduce non-stationarity
into the time series, posing challenges for models that assume constant statistical

properties over time [Gayathry et al., 2024].

10
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Temporal Granularity Mismatch: A common issue in PV forecasting is the
discrepancy between the temporal resolution of weather inputs and PV output ob-
servations. NWP models, such as the Integrated Forecasting System used by the
European centre for medium-range weather forecasts (ECMWEF), typically pro-
duce forecasts at coarse temporal resolutions (e.g., hourly), whereas PV data may
be recorded at finer intervals (e.g., every few minutes). This mismatch can lead to
aliasing errors and challenges in capturing short-term fluctuations, such as those
caused by passing clouds. Upsampling or downsampling techniques are employed
to reconcile these differences, but they may smooth out critical variations neces-

sary for accurate forecasting [Inman et al., 2013].

1.2.2 Mitigation Approaches

To address the above challenges, two broad strategies are employed: (1) data pre-
processing techniques to clean and transform the input time-series, and (2) fore-
casting model architectures explicitly designed to be robust against data quality

issues. This section surveys established methods in each category.

1.2.2.1 Data Processing

Preprocessing is an essential first step to improve data quality and align the inputs

with model requirements. Key techniques include:

Missing Data Imputation: When PV measurements or meteorological inputs
are missing or incomplete, analysts either interpolate or use model-based imputa-
tion to fill gaps and ensure smooth, realistic fills. Simple approaches for handling
missing data include linear interpolation, forward-filling, and backward filling,
though these methods can easily introduce bias or reduce accuracy and may not

be suitable for modelling highly dynamic variables like irradiance.

11
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In contrast, more sophisticated methods use ML to infer missing values in a way
that is consistent with temporal patterns and any available exogenous data. For ex-
ample, WGAN-LSTM imputation can ensure smooth fills closely matching true
distributions. This is achieved by combining Wasserstein generative adversarial
networks (GANSs) that create realistic data predictions with LSTMs capable of en-
suring temporal consistency in data [Fang et al., 2023]. Through this, the method
aims to supply reasonable estimates for missing points that maintain continuity
and prevent losses in training accuracy. By imputing strategically, one can prevent
loss of valuable training segments and avoid bias that would occur from dropping
data entirely. Alternatively, fully probabilistic models (e.g. GPs) offer an elegant
and principled way to handle missing data by marginalising over the uncertainty

in missing inputs during inference [Rasmussen and Williams, 2006].

Resampling and Alignment: To reconcile differences in temporal granulari-
ties, data are often resampled to a common timeline. For example, high-frequency
PV series may be aggregated to match hourly weather forecasts, or NWP outputs
may be interpolated to finer intervals [Di Leo et al., 2021]. Aligning timestamps
ensures that input features like irradiance forecasts will correspond to the correct
PV output time. By carefully resampling data in this manner, models can learn the
correct temporal relationships at the intended forecast frequency without aliasing.
Additionally, coarse temporal resolutions in weather data that fail to capture rapid
fluctuations can be augmented using specialised downscaling or “temporal super-
resolution” methods. For instance, [Inman et al., 2013] suggest that hourly NWP
data can be interpolated or supplemented with high-resolution historical observa-

tions as training data to achieve highly augmented quasi-minute predictions.

Outlier Detection and Smoothing: Forecasting models are typically sensitive

to large errors in their training datasets [Liu et al., 2012]. To minimise their im-

12
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pact, data cleaning routines are often used to identify anomalous data points devi-
ating from the expected physical limits set manually or statistical patterns deter-
mined by previous data. They enable outliers (for example, a sudden spike beyond
the panel’s maximum capacity, or negative irradiance values) to be clipped, re-
moved, or replaced with interpolated values. Techniques such as z-score filtering,
or robust statistical methods like median-based filters, are frequently used to auto-
matically detect and flag outliers for data cleaning. For example, [L6pez Gomez
et al., 2020] automatically removed all rows in their dataset containing null or du-
plicate values, then referenced sunrise/sunset times to manually correct misalign-
ments in timestamps caused by this filtering. This realignment is often essential
in daily forecasting to ensure that measurements continue to align with expected
patterns driven by solar cycles. By ensuring that the training data are free from
obvious errors, models can focus on learning genuine PV behaviour without hav-
ing to account for the impact of noise that would otherwise reduce prediction

accuracy.

Handling cyclical variables: To handle diurnal and seasonal cyclicity, trans-
formations or features are often introduced into PV power data that make these
cycles easier to use for training of predictive models. Time-of-day and seasonal
indicators of time variables are commonly encoded as cyclical variables using
sine/cosine transforms, making data continuous so that a model can easily dif-
ferentiate patterns linked to differences between morning vs. afternoon, or winter
vs. summer [Siddiqui et al., 2019]. Another powerful technique is normalising
by clear-sky models. This process effectively removes the majority of predictable
variations in diurnal or seasonal trends through a multiplicative adjustment. In
practice, one can divide the observed PV power or irradiance by the expected

clear-sky value (the maximum theoretical irradiance at that moment), yielding a

13
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clear-sky or clearness index. This index represents the fraction of potential power
actually generated and ranges from zero to one, where one represents clear sky
conditions and lower values represent tconditions affected by cloud cover [Lauret
et al., 2022]. By transforming raw power from forecasting data into a clear-sky
index that remains approximately stationary and bounded during daylight hours,
seasonal drift is reduced and strong contributions of diurnal cycles are largely
factored out. This multiplicative de-seasoning is therefore commonly used in so-
lar forecasting preprocessing steps, as it allows models to focus on the effects of

weather-induced variability [Boland, 2015].

Similarly, additive de-seasoning can be achieved by simply subtracting a precom-
puted seasonal trend or long-term average from cyclical data. For example, the
mean daily profile of PV power datasets can be found by computing the average
value at each timepoint over multiple days, then fitting a Fourier series on this
data [Boland, 2020]. Subtracting the predicted daily curve from observed daily
data leaves only residual fluctuations driven by weather-based variation or other
stochastic components for the model to predict. In summary, features like clear-
sky index, sun elevation, or seasonal Fourier terms encoding a periodic structure
can help models to account for cyclical trends in data. Doing so improves general-
isation across different times and facilitates small adjustments based on additional

variables like weather.

Normalisation and Scaling: As previously mentioned when discussing the ap-
plication of a clear-sky index to data, normalising input and output variables to a
dimensionless or standardised range has many benefits. For example, dividing PV
power by the installed capacity yields a ratio which is easily comparable across
sites and easier for models to handle. Similarly, weather features like temperature

or irradiance may be normalised on a scale of zero to one, ensuring that no single

14
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feature dominates over others due to unfair weighting of units. Normalisation can
also involve de-trending long-term changes, like gradual PV degradation, so that

the model isn’t misled by non-stationary means.

Overall, the data preprocessing techniques mentioned can greatly enhance dataset
quality; [Leo et al., 2025] go as far as describing normalisation, interpolation and
outlier removal as vital preprocessing steps when building forecasting models.
However, the power of these techniques to heavily influence data and predictions

means that care must be taken to ensure they are applied appropriately.

1.2.2.2 Modelling Architectures

In parallel to preprocessing data, researchers commonly design forecasting mod-
els that are inherently better suited to cope with data imperfections and uncertain-

ties not removed by these corrective measures:

Probabilistic Models: Rather than a single deterministic output, probabilistic
models output a distribution of PV power predictions. This approach naturally
accounts for uncertainty caused by volatility in weather or data noise and reduces
the model’s sensitivity to outliers. A popular example is Gaussian process regres-
sion (GPR), a Bayesian non-parametric method particularly well suited for PV
training data due to its effective handling of non-linear relationships, uncertainty
estimation and probabilistic forecasts [Islam et al., 2024]. In addition, GPR mod-
els can seamlessly handle irregular time steps commonly found in PV datasets, as
predictions can be made for any arbitrary time input using the learned covariance
function. This also means that missing observations or gaps in data do not pose a

problem beyond informing the posterior distribution.

Other commonly used probabilistic approaches include quantile regression, which

predicts PV outputs in various distinct quantiles, and Bayesian neural networks.
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These forecasting models are typically more robust to data anomalies because they
identify and assign outlier values as low-probability events, limiting their ability

to skew future predictions.

Ensemble Learning: Ensemble methods improve robustness when handling
heterogeneous or imperfect datasets by combining multiple different models or
learners to limit the influence of individual errors. By using a diverse collection
of models, errors produced by a single model can more easily be identified and
removed, or their impact can be reduced after averaging with the outputs of other
models. The spread of predictions made by different models can also be used to
help quantify uncertainty. In the context of PV power prediction, many ensemble

techniques can be used to obtain a more stable forecast.

For example, boosting techniques sequentially train models on the same data and
give incorrectly predicted data points more weight in subsequent runs. By doing
so, models can put more weight on challenging predictions and correct previously

made mistakes in a continuous process of iterative refinement.

Unlike boosting, bagging methods involve training each model on different sub-
sets of the same dataset before combining predictions to reduce variance and
overfitting. These methods are commonly applied to decision trees like random
forests. Alternatively, stacked generalisation can be used to build meta-models on
the predictions of multiple other model predictions. Assembled models combine
the beneficial aspects of their constituent models to make more accurate predic-
tions than would be possible with each model individually. For example, [Lateko
et al., 2022] develop a stacked ensemble of several algorithms (eXtreme gradient
boosting (XGBoost), multilayer perceptron neural networks, etc.) for short-term
PV forecasting that achieved significantly higher accuracy than all single-model

comparisons.
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Models with Built-in Missing Data Handling: Rather than relying on com-
parisons with other models, some algorithms have been specially designed to in-
dependently handle missing data inputs. For example, recurrent neural networks
and state-space models can be adapted to continue their learning and predicting
processes when applied to datasets that have missing values, without additional
user input. This is typically achieved by either inferring the values of missing
data points, or skipping them entirely. [Xiang et al., 2024] recently introduced an
LSTM specifically designed for PV forecasting that is highly resilient and toler-
ant of missing data. In their approach, a recurrent neural network was trained to
impute missing PV values recursively as part of the sequence prediction. This en-
ables the model to substitute its own previous forecast in place of a missing value
at any time step and to continue the sequence. By using a negative log-likelihood
loss function to iteratively refine both the imputation and prediction during train-

ing, the model is able to both fill gaps and forecast simultaneously.

Beyond LSTMs, GPs can naturally handle missing data in inputs by marginalising
those dimensions, and state-space models like Kalman filters can simply omit the
update step when observations are missing. Architectures can therefore explicitly
account for missing data to prevent the catastrophic failure that might occur if a
standard model encounters a null input. This is achieved either by design, as seen
in GPs or Kalman filters [Li et al., 2022], or by training, as seen in the RecLSTM
imputation model [Liu et al., 2021]. Both ensure that forecasting can continue

gracefully even with incomplete data.

Hybrid models: Finally, hybrid models that combine physical modelling with
ML are becoming increasingly popular due to their ability to capitalise on domain
knowledge while remaining data-driven [Rudolph et al., 2024]. Hybrid models

may use physics-based components, such as a clear-sky PV power calculation

17



University of Oxford St-Hilda’s College

or an equivalent circuit PV model driven by NWP weather forecasts. Statistical
models are often then applied to correct any systematic errors made by the phys-
ical model. This can be done in an additive way, where error terms are learned
and then added or subtracted. For example, one could predict an additive residual
APy (t) such that:

P(t) = Pphys<t) + Apstat(t) (1.1)

As additive approaches rely on absolute error correction, they are only suitable

when the bias or error does not scale strongly with the magnitude of Fypys.

Alternatively, the output of a physical model Py () can be adjusted by a mul-
tiplicative ML factor Fy,(t) that accounts for clouds and other losses, forming a

multiplicative hybrid structure that yields the forecast:

~

P<t) = Pphys(t> : Fstat(t) (12)

In contrast to additive approaches, multiplicative approaches estimate a relative
correction based on physical prediction. This makes them better-suited to PV
forecasting, in which datasets often contain errors that scale proportionally with
the signal (such as errors caused by inverter clipping or shading). Despite be-
ing non-stationary, the underlying patterns of errors can be learned by adaptive
ML models over time. Moreover, multiplicative hybrid models ensure physical
consistency; using a clear-sky index or the output of the physical model as a base-
line can remove bulk seasonal effects and allow the machine learner to focus on

weather-induced variability [Gargalo et al., 2024].

Model training techniques: In addition to model architecture, the model train-
ing process itself can be made robust to outliers and noise. These training ap-

proaches can be implemented to complement robust model design and handle
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particularly challenging data scenarios. For example, using a Huber loss or quan-
tile loss instead of mean squared error can lessen the influence of large outliers
that would otherwise skew training data [Huber, 1964]. Some studies deliberately
employ data augmentation or noise injection during training to make the model
tolerant to irregularities [Chen et al., 2024]. When adapting models to new sites
with short historical records, transfer learning or meta-learning can be used to

handle the limited amount of data.

1.3 Contributions

In this thesis, we propose a novel multiplicative hybrid modelling approach that
integrates a simple deterministic physics-based PV model with a data-driven cor-
rection factor. Specifically, a GP serves as a residual post-processing compo-
nent to enhance the output of the deterministic model by taking into account site-
specific influences, system losses, uncertainties in weather forecast, and temporal
dependencies. The multiplicative combination of the physical model and ML cor-
rection enhances both forecast accuracy and robustness, compared to conventional
physical or purely data-driven models. Furthermore, GPs provide a principled
probabilistic framework capable of modelling non-linear relationships and uncer-
tainty through appropriate kernel functions. Thus, this framework offers an effec-
tive solution to the challenges outlined in the last section, especially the challenges
related to data limitations and model adaptability. The three key contributions of

this thesis are as follows:

1. Novel hybrid model for day-ahead solar forecasting combining a determin-
istic model with GPs. Two GP approaches are explored: an autoregressive

GP and a time-series GP.

2. GP performance optimised through kernel selection and hyperparameter
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tuning using both the no-U-turn sampler (NUTS) for Bayesian inference

and maximum likelihood estimation (MLE) for point estimates.

3. Comprehensive evaluation of the proposed hybrid model against fifteen
benchmark models, including eight statistical post-processing methods and
seven direct forecasting models. The benchmarks cover physical, statisti-
cal, and commercial approaches. The evaluation was performed using three

datasets from HK to the UK.
The remainder of this thesis is organised as follows:

* Chapter 2: Introduces the three datasets used to evaluate the proposed
model and benchmark methods, including a household PV system in Ox-
ford, small to medium-scale PV sites in HK, and a range of PV systems

across various locations in the UK.

* Chapter 3: Gives an overview of the hybrid approach and introduces the
deterministic physical model, comparing prediction performance before and

after clipping to a simpler clear-sky model.

» Chapter 4: Discusses the suitability of machine learning, statistical and
neural network-based approaches for predicting PV output, then evaluates

their performance across UK and HK sites.
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2| Data

2.1 Experimental Data

This chapter provides an overview of the datasets used to evaluate the proposed
model and benchmark methods. Three sets of PV output data are used in this
thesis: (1) a household PV system in Oxford, (2) small to medium-scale PV sites
in HK, and (3) a diverse range of household/small PV systems across multiple
locations in the UK. Each PV dataset is accompanied by corresponding irradi-
ance and weather data, sampled at the same temporal resolution. An overview of
these datasets is presented in Table 2.1. The datasets were obtained from different

sources, as specified in Table 2.2.

Irradiance and Weather Data: Typically, NWP models such as those provided
by ECMWF [European Centre for Medium-Range Weather Forecasts, 2023] and
the Global Forecast System [National Centers for Environmental Prediction (NCEP),
2020] serve as inputs to a model framework for predicting PV power output.
However, NWP forecasts are limited in spatial resolution and are not extensively
archived, as they are designed mainly for forward-looking use rather than long-
term historical analysis. Since the focus of this study is to develop a ML model to
enhance the PV power predictions generated by a physical model, we instead use

historical irradiance and weather data as inputs to the deterministic model.

Historical irradiance data are obtained from Solcast [Solcast, 2022] and are de-
rived from high-resolution imagery captured by various geostationary meteoro-
logical satellites. These data are processed using advanced cloud detection models
and retrieval algorithms. The corresponding historical weather data are sourced

from the ECMWF ERAS atmospheric reanalysis dataset [European Centre for

21



University of Oxford

St-Hilda’s College

Table 2.1: Overview of datasets used for model evaluation

Name Category’ Peak Capacity Tpnysica® Resolution Tw? Metadata
(kW)
Oxford! Small 3.96 109,585 10 min 761 Yes
HK Site A Small 2.04 19,994 1h 833 No
HK Site B Small 2.93 18,493 1h 770 No
HK Site C Small 5.00 9,052 1h 3717 No
HK Site D Medium 28.99 15,514 1h 646 No
HK Site E Medium 28.95 23,972 1h 999 No
HK Site F Medium 24.66 33,958 1h 1,415 No
UK Site 1 Small 2.81 34,368 30 min 716 Yes
UK Site 2 Small 2.85 34,223 30 min 713 Yes
UK Site 3 Small 2.98 34,777 30 min 724 Yes
UK Site 4 Small 3.36 33,503 30 min 698 Yes
UK Site 5 Small 2.97 34,223 30 min 713 Yes

! The Oxford site is used as a running example throughout the thesis.
2 Category is defined by peak capacity: Small (< 5kW), Medium (5-30kW). Note
that peak capacity (Ppeax) is the clipped maximum output, distinct from nominal ca-

pacity (Phominal), the site’s rated output.

3 Tphysical denotes the number of time steps in the PV power output time series. Al-
though irradiance and weather data are sampled at the same resolution, they are ex-
cluded from this count.
4 denotes the total number of time steps in the ML time series, evaluated at a daily
resolution. The ML time series represents all training and testing data points used at

that site (each of which make up half of the total ML time steps).

Table 2.2: Data sources for irradiance, weather, and PV power output time series.

Dataset Source URL

Irradiance and weather Solcast https://solcast.com

Oxford Internal Not publicly available

HK sites HKUST https://datadryad.org/dataset/
doi:10.5061/dryad.m37pvmd99

UK sites Open Climate Fix https://huggingface.co/

datasets/openclimatefix/uk_pv
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5 solar panels

e 10°surface tilt

e 220° surface azimuth

e  Potential shading near chimney

8 solar panels
e 45°surface tilt
e 220° surface azimuth

Figure 2.1: Schematic diagram of Oxford household PV site, which is used as a represen-
tative example throughout this thesis.

Medium-Range Weather Forecasts, 2017]. For each PV site, the irradiance and
weather time-series data are aligned with the PV output data and sampled at the
same temporal resolution. For example, if the PV power output is recorded at 10-
minute intervals, the corresponding irradiance and weather inputs are also sam-

pled at 10-minute resolution.

Oxford Household PV System Data: The PV power output data from the Ox-
ford site were collected from a residential rooftop PV installation (51.752° N,
1.258° W). A schematic diagram of the system is shown in Figure 2.1. The site
consists of 13 solar panels: five panels are installed with a tilt angle of 10° and
eight with a tilt of 45°, all oriented at a surface azimuth of 220°. Each panel has
a nominal capacity of 385 W, yielding a total nameplate capacity of 5.005 kW.
However, due to inverter clipping, the effective peak output is approximately

3.96kW. The PV power output was recorded in 5-minute intervals from 25th
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March 2023 to 24th April 2025. PV output data was converted to 10 minutes
by resampling and alignment to account for gaps in data, as well as to match
the highest resolution weather data provided by Solcast for use in the proposed

deterministic model.

Hong Kong PV System Data: The PV power output data from HK were ob-
tained from a dataset provided by the Hong Kong University of Science and Tech-
nology (HKUST). The dataset consists of 60 rooftop PV stations connected to
the grid located in the Sai Kung District, a rural coastal area of HK (22.336° N,
114.263° E) [Lin et al., 2024]. Acquired data span a three-year period from 2021
to 2023, with measurements recorded at an hourly resolution and ranging in peak
capacity from 2.04 kW to 28.99 kW. For this study, a subset of representative PV
sites was selected from this dataset to evaluate the proposed hybrid model and

benchmark methods.

UK PV System Data: All PV power output data from the United Kingdom was
sourced from the Open Climate Fix dataset [Open Climate Fix, 2022], which com-
piles generation records from over 30,000 distributed PV systems across Great
Britain. Of these systems, most are small-scale residential installations with max-
imum capacities between 0.47 kWp and 250 kWp. Energy output (measured in
Wh) sampled between 2010 and early 2025 was recorded in 30-minute intervals,
consistent with the UK electricity market’s settlement, and multiplied by 2 to
obtain average power in Watts. Each PV system entry contains metadata that
includes geographical location, maximum capacity, tilt angle, and azimuth. In
addition to the standard 30-minute resolution, roughly 1,300 systems also include
higher-frequency data sampled at 5-minute intervals that were multiplied by 12 to
calculate average power in Watts. For the purpose of this study, a subset of sys-

tems was selected from diverse geographical locations to assess the performance
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of the proposed hybrid forecasting framework compared to benchmarks.

2.2 Evaluation Metrics

In this section, we describe the metrics used to evaluate the performance of PV
power and energy forecasts. For the test set, we adopt the mean absolute error

(MAE), RMSE, and mean absolute percentage error (MAPE), defined as:

1 n

MAE - - Ai — Yil, 21
" ;:1 9; — vl (2.1)

] e— . )
RMSE = | — i — i), 2.2
- ;1 (Ui — i) (2.2)

100% Ui — Vi
MAPE = § 2.3
- - (2.3)

i=1
where ¢; is the predicted value, y; the observed value, and n the number of sam-
ples. While MAE and RMSE measure absolute and squared deviations, respec-
tively, MAPE provides a percentage error measurement that is useful when com-

paring across various PV sites.

Where system metadata are available, the normalised root mean squared error

(nRMSE) that scales RMSE by the system’s nominal capacity P, 1S reported:

RMSE

nom

nRMSE =

x 100%. (2.4)
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3| Overview of Modelling Approach

This section introduces the hybrid forecasting framework in full. The approach
begins with solar irradiance and weather inputs, together with any necessary as-
sumptions or approximations where data are missing. These inputs feed into a
deterministic physical model that converts irradiance into an initial estimate of

PV power output.

To capture variability not fully explained by the physical model, such as changes
in seasonality, weather, and site-specific conditions, machine learning models are
applied. In particular, GPs are trained to learn adjustment factors between ob-
served and predicted outputs. When combined multiplicatively with the physical
model, these adjustments yield improved prediction accuracy and are well-suited

to correcting PV-related errors such as inverter clipping and shading.

For context, the underlying physical principles are briefly summarised. PV cells
generate electricity by converting incident irradiance into direct current that is then
transformed into alternating current by the inverter. Efficiency is influenced by
material properties (e.g., semiconductor doping), environmental conditions (e.g.,
temperature, irradiance), and system-level factors (e.g., ageing and inverter de-
sign). Physical models attempt to capture these processes at varying levels of
complexity: advanced models can offer higher accuracy but require detailed in-

puts, while simpler models rely on generalised assumptions.

Our framework adopts a deterministic physical model as the baseline. This bal-
ances simplicity and data availability with predictive strength, while the integra-
tion of GPs provides the flexibility needed to outperform stand-alone physical or

machine learning models.
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3.1 Multiplicative Hybrid Approach

As introduced in Section 1.1, the general procedure for day-ahead solar fore-
casting involves converting irradiance and weather forecasts into PV power fore-
casts via a physical ‘model chain’. Traditionally, this approach is deterministic,
meaning it produces a single forecast outcome based on the input data. Prior to
irradiance-to-power conversion through the model chain, statistical models can be
applied to post-process the NWP-based irradiance forecasts to correct biases or
improve accuracy. Additionally, or alternatively, post-processing can be applied
to PV power forecasts after the irradiance-to-power conversion. In this thesis,
we focus on day-ahead power and energy predictions, where the energy forecast
refers to a single daily total (in kWh). These predictions are generated once per
day by applying ML techniques, such as GPs, to post-process the model chain’s

predictive power output.

In the proposed model, the deterministic model first forecasts the baseline PV
output for each site. For the Oxford installation, this involves predicting the output
of the two panel configurations (tilt 10° and 45°, azimuth 220°) then multiplying
by the number of panels (5 and 8, respectively) to obtain an initial forecast. For
HK sites lacking metadata we assume a standard tilt of 10° and azimuth of 180°.
We estimate the number of panels by dividing the system’s nominal capacity by
a typical panel rating of 330 W. The nominal capacity is inferred from the time-
series data by identifying the peak power output and dividing by a performance
ratio of 85% [Marion et al., 2005]. The model chain then uses these assumptions
along with irradiance, weather data, and panel information including location, tilt,

azimuth, and panel count to generate the initial deterministic forecast.

Next, GPs are applied to predict the ratio between the actual observed PV power
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and the predicted model chain output, forming the basis of the multiplicative hy-

brid model:
Pﬁnal@) = Pmodel chain(t> X 5GP(t) (31)

where dgp(t) is the time-series correction factor predicted by the GP. Other mod-
els, such as additive and mixed additive-multiplicative models, were also tested
but are not discussed further in this chapter due to their comparatively poor per-

formance.

The motivation for using GPs to model the observed-to-predicted adjustment ra-
tio is due to the significant variability and seasonal patterns observed in the time-
series data, as illustrated in Figure 3.1. For example, in the case of the Oxford
site, the adjustment factor is not consistently centred around 1, but instead ex-
hibits pronounced volatility, particularly during periods of cloud cover or rapid
weather transitions. This variability arises not only from weather impacts but also
from factors such as inverter clipping, shading, soiling, and other site-specific
influences that are not fully accounted for by the deterministic model. These un-
modelled effects introduce non-linear and time-varying interactions between envi-
ronmental inputs and PV output. Furthermore, the deterministic model is highly
sensitive to the selection of sub-models used for irradiance separation, transpo-
sition, and other intermediate steps. Simpler configurations, such as single-run
deterministic models, often exhibit higher bias and reduced forecast dispersion
compared to ensemble-based approaches [Mayer and Gréf, 2021]. In practice, the
observed PV power can deviate considerably from deterministic forecasts. Con-
ditioning the GP on the entire training set allows it to generalise over noisy fluctu-
ations while minimising the influence of short-term outliers. Therefore, GPs offer
a flexible approach to dynamically correct the physical model output by learning

from historical deviations and accounting for time dependencies.
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Figure 3.1: (Top) Comparison of physical model predictions and observed PV power out-
put. (Bottom) Corresponding adjustment factors computed as the ratio between observed
and predicted PV values. Red dashed line represents the mean adjustment factor value
across all data (mean=1.25). These figures are based on the Oxford dataset.
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Figure 3.2 presents a detailed flowchart of the proposed hybrid forecasting ap-
proach. The adjustment ratio is initially computed by dividing the observed PV
power output by the corresponding deterministic model prediction at each time
step, excluding all zero values and predicted values below 0.01 W. Although the
native resolution of the PV datasets varies: 10-minute intervals for the Oxford site,
1-hour intervals for HK sites, and 5- or 30-minute intervals for UK sites, all ad-
justment ratios dgp are aggregated to a single value per day by averaging the valid
ratios from 00:00 to 23:59 local time. These daily averaged ratios form the time
series used to train the GP models. The dataset is divided into training and test-
ing periods, where the GP is trained on the historical adjustment ratios to predict
the next day’s ratio at 00:00 local time. As described in Chapter 4, the predicted
ratio is then used to scale the deterministic model output, effectively refining the

day-ahead forecast by correcting for systemic and time-dependent biases.

3.2 Physical Models

This section outlines the operating principles and key characteristics of PV pan-
els, as well as the physical models used to forecast their output. To begin, the
PV conversion process is summarised, showing how solar cells generate electrical
current from incident irradiance and convert direct current (DC) into alternating
current (AC). Next, the main environmental and system-level factors affecting PV
efficiency are described, including temperature, shading, and inverter behaviour.
The section then introduces the modelling approaches used to simulate PV gen-
eration. Deterministic physical models are explained, followed by probabilistic
post-processing methods that refine predictions by accounting for uncertainties.
Finally, the performance of deterministic AC models is assessed across UK and

HK PV sites and compared against deterministic DC models and clear-sky base-
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Figure 3.2: Process flow of hybrid forecasting framework: (1) Solar irradiance and
weather data are collected; (2) A physical model generates baseline PV power predic-
tions; (3) A GP model learns a daily adjustment factor from observed-to-predicted ratios
to refine the final forecasts.
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lines. This analysis highlights the influence of inverter clipping, irradiance inputs,

and system losses on forecast accuracy.

3.2.1 PV Panel Characteristics

The cells of solar panels rely explicitly on the excitation of electrons by energy di-
rectly transferred from sunlight to create DC electricity. In insulators, the bandgap
is too large for solar photons to excite electrons across it, while in conductors the
absence of a bandgap prevents efficient generation and separation of charge car-
riers. Semiconductors such as monocrystalline or polycrystalline silicon have a
bandgap in the optimal range of 1-1.6 eV, allowing photons in the solar spectrum
to excite electrons from the valence to the conduction band, thereby generating us-
able charge carriers for photovoltaic conversion [Pastuszak and Wegierek, 2022].
Excitation of these electrons from light enables the photovoltaic effect to occur:
the energy packet transferred from a single photon releases an electron that it con-
tacts, creating an electron-hole pair and allowing a current to flow. By doping
semiconductor material with impurities that either provide excess mobile elec-
trons (“n-type” elements) or are electron-deficient “p-type” elements), p-n junc-
tions can be made that generate electric fields and promote the directional flow of
light-generated current towards an external circuit, overcoming any concentration
gradient in the process [Al-Ezzi and Ansari, 2022] (Figure 3.3). The consistent
uni-directional flow of excited charge carriers generates DC, which is collected
by a transparent conducting front electrode and a reflective back electrode, then
passed along a closed circuit. The DC generated by this process can be converted

to AC using solar inverters for later use.

Whereas the majority of AC electricity transferred to homes for use in appliances
is typically generated by alternators relying on rotating magnetic fields to reverse

current flow, DC electricity from solar panels is converted to AC using invert-
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p-doped

Figure 3.3: Schematic diagram of solar cell p-n junction. P-doped regions contain an ex-
cess of positively charged ‘holes’, while n-type regions contain excess electrons. Incident
light excites electrons sufficiently to exit the valence band and enter the conduction band,
leaving behind holes and generating a potential difference through charge separation. Ar-
rows along the conduction and valence bands show the directional flow of electrons and
holes in the electric field through drift, opposed by counteracting diffusional forces in the
opposite direction. Metal contacts complete the circuit and allow current to flow, with
electrons later returning to holes after completing work.

33



University of Oxford St-Hilda’s College

ers. These rapidly switch DC voltage on and off with transistors that flip polarity
to produce a current waveform. Waveforms can vary in profile, so are typically
filtered through capacitors or inductors to produce cleaner, ready-to-use AC sine
waveforms with sufficiently low total harmonic distortion for use [Abbas et al.,
2021]. Inverters are rated to a maximum AC output capacity; if the DC input
exceeds this capacity, for example due to favourable conditions causing spikes
in electricity production, this energy is wasted and efficiency is reduced [Micheli

et al., 2024].

In addition to limitations imposed by equipment, the efficiency of solar cells in
converting solar energy to electrical current is subject to many factors that may
vary with weather, location, or age. For example, temperature plays a critical role
in the voltage output of semiconductors. At higher temperatures, the increased
random motion of electrons leads to higher internal resistance that reduces voltage
for the same given current [Loper et al., 2012]. Electrons in hotter environments
may also be more likely to recombine with electron-deficient atoms before effec-
tively contributing to the current [Shaker et al., 2024]. The quantifiable effects of
thermal agitation on efficiency are relatively linear, with every 1 °C increase above
room temperature reportedly reducing the efficiency of crystalline cells by 0.25%
[Al Siyabi et al., 2019]. In contrast, the convective effect of wind can increase
PV efficiency by reducing the surface temperature of solar cells and removing
obstructive debris that would otherwise cause soiling [Csavina et al., 2014]. In
addition to environmental variables affecting temperature, the direct amount and
intensity of sunlight reaching solar panels is highly variable and may be reduced
in the short-term by obstructions causing shading throughout the day. Equally, ir-
radiance may decrease more permanently through the effects of soiling [Menoufi,
2017]. Shading and soiling also cause panels to be irradiated non-uniformly, fur-

ther impacting productivity.
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The listed factors represent only a subset of some of the most commonly discussed
influences impacting PV efficiency. For example, [Kazem and Chaichan, 2015]
reported that humidity negatively impacts efficiency more than all other parame-
ters measured, including temperature and soiling, through both temperature- and
irradiance-related effects. As the physical factors mentioned have the potential
to massively constrain PV energy conversion efficiency, forecasting models that

account for their influence can greatly improve power output predictions.

3.2.2 Physical Model Chain

As introduced in Section 1.1, physical model chains output PV power by sequen-
tially applying different physics-based models, with each stage adding an incre-
mental level of accuracy to the predicted output. This modelling approach typi-

cally includes the following steps:

1. Solar positioning: Calculate solar zenith and azimuth angles from time and

location using the Reda & Andreas algorithm [Reda and Andreas, 2004].

2. Clear-sky modelling: Compute idealised clear-sky GHI, DNI, and DHI
for example using the Ineichen model [Ineichen and Perez, 2002], used in
this thesis as a benchmark for maximum possible irradiance under cloudless

conditions.

3. Irradiance transposition:Convert GHI, DNI, and DHI (either from mea-
sured/forecasted data or from the clear-sky model) to plane-of-array (POA)
irradiance using a diffuse sky model such as Hay-Davies [Hay and Davies,

1980].

4. Module modelling: Estimate DC output from POA irradiance and cell
temperature using a PV module performance model (e.g., Sandia, CEC,

PVWatts), incorporating thermal and soiling losses.
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5. Inverter conversion: Convert DC to AC output by applying an inverter
model (e.g., Sandia, ADR, PVWatts) and accounting for balance-of-system

efficiency.

Several libraries implement physical PV model chains, among which pv1ib’s
ModelChain class provides a modular and standardised interface to compute PV
power from a weather time series [Holmgren et al., 2018]. A schematic diagram

of the deterministic model used in this study was presented in Figure 3.2.

The workflow for this model requires system-specific inputs, including GHI, wind
speed, air temperature, module and inverter parameters, tilt, and azimuth. Time
and location are also required to compute sun-position variables such as zenith

and incidence angles using the algorithm proposed by [Reda and Andreas, 2004].

In a typical pv1ib implementation, the clear-sky irradiance is first estimated us-
ing the Ineichen model [Ineichen and Perez, 2002], which calculates idealised

GHI, DNI, and DHI from site pressure, Linke turbidity, and solar geometry.

T Ma

DNl =TIy e 7 (3.2)
DHI,, = GHI., — DNI - cos(6,) (3.3)
GHI,; = DHI,, + DNI,, - cos(6,) (3.4)

where Iy, 7, ma, fp, and 0, are parameters describing extraterrestrial irradiance,
atmospheric transmission, and solar position. In this study, the clear-sky model
serves as a simple and idealised benchmark scenario, passed through the same
pv1ib model chain as the AC and DC forecasts to enable a like-for-like perfor-

mance comparison under maximum possible irradiance conditions.

In cases where DNI and DHI are not provided, separation models are used to
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derive these parameters from GHI. Since both the Solcast data and the clear-sky
irradiance from the Ineichen model used in this thesis already include these com-
ponents, no separation step was required. The Hay—Davies model is then used
for transposition to POA irradiance [Hay and Davies, 1980]. Cell temperature is
estimated using the Sandia module model [Marion et al., 2005], which accounts
for incident irradiance, ambient temperature, and wind speed. DC output is then
computed by applying one of several module performance models, such as the

single-diode, CEC, or PVWatts formulations, to the dependence:

Poc = f(Epon, Teen, 0) (3.5)

where f is the chosen performance model, Fpo, is the POA irradiance, T is the
cell temperature, and 6 is the incidence angle. AC output is obtained by applying

an inverter model (e.g., Sandia, ADR, or PVWatts) to the DC power:

Pyc = Tinv Ppc (3.6)

where 7);,, is the inverter efficiency. It is worth noting that inverter efficiency
is generally a non-linear function of input power, with performance degrading at
both very low and very high loads. In this study, inverter conversion was modelled
using the CEC inverter model available in pv1ib, which captures these non-
linear characteristics and provides a more realistic representation of partial-load

efficiency and clipping behaviour.

To evaluate the sensitivity of AC results to inverter modelling, AC outputs were
compared with the corresponding DC outputs prior to conversion. To isolate the
impact of irradiance and system losses, the clear-sky model, representing the theo-
retical maximum output, was processed through the same deterministic workflow,

providing a baseline benchmark for both AC and DC model comparisons.
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Figure 3.4: Schematic of ensemble PV power forecasting model [Mayer and Yang, 2023].

3.2.2.1 Deterministic and Ensemble Model Chains

Deterministic models typically generate a single best-guess output based on fixed
input parameters and model settings, which may not adequately represent the in-
herent uncertainties in weather predictions and PV system behaviours. In contrast,
ensemble model chains use multiple sets of conditions or parameter variations to
produce a range of potential outcomes, thus offering a probabilistic forecast that
accounts for various sources of uncertainty. For instance, an ensemble might con-
sist of forecasts from K different weather model members or from varying system
configuration assumptions. The resulting set of forecasts {f ()}, allows for
summary statistics and probabilistic post-processing. The setup of an ensemble of

model chains is shown in Figure 3.4.

Ensemble methods are motivated by the intrinsic uncertainties in meteorology

and PV modelling. Uncertainty in initial conditions, weather variability, and sys-
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tem characteristics makes any single forecast potentially biased [Chahboun and
Maaroufi, 2021]. Using ensembles improves accuracy and enables the forecast
to quantify uncertainty through prediction confidence intervals. In order to do
so, raw ensemble outputs are post-processed using statistical techniques. Com-
mon methods include ensemble model output statistics, quantile regression forests

(QRFs), and Bayesian model averaging (BMA).

Ensemble Model Output Statistics: The EMOS approach proposed by [Gneit-
ing et al., 2005] is one of the most widely used post-processing methods for en-
semble setups. EMOS assumes that the PV power output Fpy follows a parametric
probability distribution, typically a left-truncated normal distribution. In a left-
truncated normal distribution, the forecast distributions are truncated at zero, and
the probability mass of the negative values is redistributed to the positive values.
This is to ensure that the modelled power output remains non-negative. Let f
denote the ensemble mean and S? the ensemble variance, then the output power
is:

Pov ~ Nsg (a+bf, c+dS?) (3.7)

where a, b, c,d are coefficients estimated by minimising the continuous ranked
probability score (CRPS) over a historical training set. This calibration step ad-
justs the ensemble forecast for both bias and underdispersion. The closed-form
expression for the CRPS of a truncated normal distribution is provided in [Jordan

et al., 2019].

Quantile Regression Forests: Quantile regression forests (QRFs) are a non-
parametric extension of random forests that predict the full conditional distribu-
tion of a response variable. Let {(x;,y;)}", denote the training data, where x;

are input features and y; the corresponding PV power outputs. In the context of an
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ensemble model chain setup, each x; may include features such as individual PV
forecasts fi(t), their mean £, variance S? and etc. For a new input x, the predicted

cumulative distribution function (CDF) is given by:
Flylx) =Y wi(x) - 1{y; <y} (3.8)
i=1

In this case, w;(x) denotes the weight assigned to sample 7. The indicator function
1{y; < y} equals 1 when the condition holds, and 0 otherwise. This function
represents the estimated cumulative probability that the target PV power output

will be less than or equal to y, given the input conditions X.

To obtain the prediction intervals and the predictive mean, the estimated CDF can
be inverted. In PV forecasting, QRF is widely used to produce calibrated un-
certainty estimates, particularly under variable weather conditions [Meinshausen,

2006].

Bayesian Model Averaging: BMA is a probabilistic ensemble post-processing
method that treats each ensemble member forecast f; as a component in a weighted
mixture model. Specifically, it assumes each forecast fj is associated with a con-
ditional density function p(y | fx), which is typically a Gaussian or truncated
Gaussian centred around f;. The predictive distribution is then computed as a

weighted average of these densities:
K
py) = wi - p(y | fr) (3.9)
k=1

where w; > 0 and Zszl wr = 1. These weights represents the posterior distri-
butions of models and are estimated from historical data via MLE or expectation-

maximisation methods.
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For PV forecasting, studies such as [Gneiting et al., 2005] and [Raftery et al.,
2005] demonstrate that BMA can outperform simpler ensemble averaging meth-
ods, particularly when ensemble forecasts exhibit systematic differences in qual-
ity or dispersion. Unlike EMOS, which fits a single parametric distribution, BMA
forms a mixture of conditional distributions, allowing greater flexibility in captur-

ing forecast uncertainty.

3.2.3 Results

To evaluate the performance of deterministic physical models (AC, DC, and clear-
sky) in predicting power and energy outputs, datasets from multiple small PV sites
in the UK and small- to medium-scale sites in Hong Kong’s Sai Kung District
are analysed. The selected sites enable assessment of model robustness across

different climatic conditions, geographical contexts, and system configurations.

3.2.3.1 UK sites

Six small PV sites were selected in the UK, spanning latitudes 50° to 55° (see Ta-
ble 2.2). While all lie within the UK’s temperate maritime climate, the sites differ
slightly in elevation, cloud cover, and coastal proximity to capture environmental

variation [Benchimol et al., 2014].

Table 3.1 summarises power and energy prediction errors from AC, DC, and clear-
sky models. Across all sites, the AC deterministic model consistently yielded the
lowest MAE, RMSE, MAPE, and nRMSE values, with no clear influence from
geography. Instead, lower nominal capacity sites generally achieved predictions
closer to observed outputs, except at Oxford, where high-accuracy metadata likely

improved model performance.

At the Oxford site with nominal capacity 5.005 kW, (Figure 3.5), the clear-sky
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Table 3.1: Power and daily cumulative energy prediction performance across UK sites for
the deterministic model with (AC) and without inverter conversion (DC), as well as the
clear-sky model.

Model Power Day-ahead energy

MAE (W) RMSE (W) nRMSE (%) | MAE (kWh) RMSE (kWh) MAPE (%)
Oxford
MC (AC) | 286.30 652.93 11.32 3.82 5.15 52.07
MC (DC) | 317.33 751.85 16.29 4.38 5.70 70.90
Clear-sky | 1463.45 2033.71 50.83 17.191 18.240 544.93
Site 1
MC (AC) 127.13 278.68 8.29 2.13 3.06 56.18
MC (DC) 136.03 286.36 8.52 2.44 341 59.90
Clear-sky | 748.27 1315.56 39.15 18.02 19.54 502.93
Site 2
MC (AC) 144.02 304.85 9.07 2.13 293 48.13
MC (DC) 151.57 317.25 9.44 2.44 2.36 52.73
Clear-sky | 619.49 1110.74 33.06 16.24 17.94 401.33
Site 3
MC (AC) 131.12 301.90 8.99 2.51 3.31 55.24
MC (DC) 146.89 317.41 9.45 3.00 3.95 65.80
Clear-sky | 641.56 1127.71 33.56 16.76 18.18 802.72
Site 4
MC (AC) 147.66 327.24 9.74 3.36 4.85 184.28
MC (DC) | 220.50 457.85 13.63 4.22 5.72 224.63
Clear-sky | 569.68 1007.81 29.99 13.68 14.91 1307.10
Site 5
MC (AC) 174.31 390.15 11.61 3.07 4.79 195.24
MC (DC) | 323.23 677.51 20.16 3.31 5.11 142.29
Clear-sky | 657.62 1187.92 35.35 15.88 17.67 617.05
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model that assumes optimal irradiance produced the highest predictions year-
round, peaking in summer and dipping in winter. Both AC and DC models fol-
lowed similar seasonality in predictions, but with consistently lower output as the
AC model’s clipping constraint reduced the effect of consistent overestimation
by the DC model. Inverter clipping effects are also incorporated in the clear-sky
model, preventing its predictions from ever reaching the nominal capacity. These
trends are consistent across all UK sites (see Appendix A.1.1). While Oxford
saw summer underprediction for both chains, DC models at other sites typically
overpredicted. This may be due to differences in inverter size, panel setup, or the

lower time resolution of other UK sites (see Table 2.1).

3.2.3.2 Hong Kong sites

To test reproducibility across climates, PV data from the Sai Kung District in
HK (characterised by higher daytime irradiance and temperatures than the UK)
was analysed. Table 3.2 displays predicted error values from power and energy

calculations when using AC, DC and clear-sky models across all HK sites A-F.

Small sites A-C, with peak capacities ranging from 2.04 kW-5.00 kW, show com-
parable error for predicted power and energy to UK small sites with peak capac-
ities between 2.81 kW-3.36 kW. Medium sites D-F exhibited notably higher er-
rors, likely due their larger capacity amplifying effects caused by lower temporal

resolution.

At site A with nominal capacity 2.40kW (Figure 3.6), both AC and DC model
predictions closely align with observed values, following seasonal peaks in sum-
mer and troughs in winter. A similar trend is observed for all small and large PV
sites in HK (see A.1.2). As expected, the clear-sky model generated the highest

theoretical outputs, but its reliance on empirical data rather than direct irradiance
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Figure 3.5: UK Oxford Site: (Top) Comparison of observed PV power with a clear-sky
model, as well as with deterministic physical model predictions with and without inverter
clipping. (Bottom) Comparison of observed PV daily energy data alongside deterministic
model predictions with and without inverter clipping. The nominal capacity is 5.005 kW
while the peak capacity is approximately 3.96 kW. True observed values shown in blue,
clear-sky model in grey, AC model in orange, and DC model in green.
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Table 3.2: Power and daily cumulative energy prediction performance across HK sites for
the deterministic model with (AC) and without inverter conversion (DC), as well as the
clear-sky model.

Model Power Day-ahead energy

MAE (W) RMSE (W) nRMSE (%) | MAE (kWh) RMSE (kWh) MAPE (%)
Site A
MC (AC) 76.88 152.56 6.60 1.03 1.39 27.17
MC (DC) 80.10 158.01 6.84 1.18 1.56 32.27
Clear-sky | 276.85 524.02 22.68 6.21 7.43 206.15
Site B
MC (AC) 138.42 273.58 3.78 4.85 5.73 53.51
MC (DC) | 140.92 275.79 3.81 4.29 5.12 49.62
Clear-sky | 539.35 985.16 13.60 20.37 21.94 499.90
Site C
MC (AC) | 286.48 551.80 7.27 5.01 6.00 32.61
MC (DC) | 281.16 570.30 7.51 4.74 6.44 36.84
Clear-sky | 637.91 1250.83 16.48 21.59 26.13 205.32
Site D
MC (AC) | 1504.40 3268.28 8.25 25.80 39.00 355.72
MC (DC) | 1531.44 3531.16 8.92 27.33 4491 404.28
Clear-sky | 5597.42 10408.64 26.28 128.83 152.33 935.79
Site E
MC (AC) | 1043.96 2128.01 5.37 15.81 21.79 65.95
MC (DC) | 1231.67 2462.55 6.22 22.78 29.54 85.07
Clear-sky | 4179.35 7546.43 19.06 97.26 110.44 350.72
Site F
MC (AC) | 1101.88 2258.51 5.70 16.96 24.39 227.26
MC (DC) | 1293.69 2656.80 6.71 25.17 32.82 271.57
Clear-sky | 4759.20 8355.73 21.10 107.60 119.55 750.34
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Figure 3.6: HK Site A: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed daily cumulative PV energy data alongside de-
terministic model predictions with and without inverter clipping. The nominal capacity is
estimated to be 2.4 kW while the peak capacity is approximately 2.04 kW. Clear-sky PV
output predictions are shown in grey, the AC model is shown in orange, the DC model is
shown in green, and true values are shown in blue.
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inputs from Solcast is likely responsible for occasional underprediction on winter
days with unexpectedly high irradiance. The DC model always outputted lower
power and energy predictions than the clear-sky model in summer, reflecting the
incorporation of additional environmental effects into the model such as irradi-
ance, cell temperature, and wind speed. Incorporating inverter clipping, The AC
model achieved the closest match to observations at all small sites by incorpo-
rating inverter clipping effects to always generate lower predictions than the DC
model. Both models typically overpredicted outputs in most small sites similarly
to those in the UK, but consistently underestimated the highest observed power
outputs in medium sites, indicating a need for further refined inverter modelling

with greater flexibility.

3.2.3.3 Overall Performance

The figures below summarise the overall performance of the deterministic model
with and without inverter modelling and clear-sky model, comparing their nRMSE
and MAPE values across all combined sites. MAPE was chosen as the error met-
ric for energy because daily cumulative energy values are comparable across sites,
ensuring that percentage errors are meaningful and interpretable. By contrast, in-
stantaneous PV power values frequently approached zero (e.g., in early morning
and late evening times, or under heavy cloud cover). This causes the percentage
error to become extremely large and fluctuate wildly between sites, making it less
informative metric. Instead, nRMSE was used for power, as it remains well de-
fined even when actual values are near zero and provides a more stable comparison

across sites of different sizes.

Figure 3.7 shows how AC and DC output models achieve a lower nMRSE for
predicted power values than the clear-sky model, highlighting the improved pre-

dictive accuracy of the deterministic model. Although the model predictions be-
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Figure 3.7: (Top) Box-plot showing nRMSE and MAPE of power output predictions for
the three PV models tested across 12 PV sites. (Bottom) Box-plot showing MAPE for
day-ahead energy output predictions of all three PV models across 12 PV sites. AC model
shown in green, DC model shown in orange, and clear-sky shown in blue.
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fore and after the inverter modelling are comparable in median and distribution,
AC inverter modelling further reduced predicted nMRSE error at all sites (see
Table 3.2). A similar trend was observed for the MAPE of day-ahead energy
predictions; these results indicate that the AC model is the most robust of all 3
predictive models, followed closely by the DC model without inverter modelling,

and lastly the clear-sky model.

3.3 Conclusion

This section introduced our proposed hybrid model approach for day-ahead solar
power and energy forecasting, outlining the importance and contribution of the GP
post-processing method to enhance the initial PV estimates from the deterministic

physical model.

Multiplicative hybrid models are advantageous over additive ones for their abil-
ity to handle errors in highly non-linear relationships. Due to the capacity of
non-linear kernels, GPs are applied to the deterministic model to calculate adjust-
ment factors that account for additional sources of uncertainty. Multiple differ-
ent approaches can be used to handle PV data, including ensemble models with
statistical techniques that may confer additional flexibility and improve forecast
accuracy. However, a deterministic approach was selected for its simplicity and

the computational expense of GP post-processing.

The deterministic physical model (both with and without inverter clipping) consis-
tently outperformed simpler clear-sky model predictions in both the UK and HK
datasets. Prediction accuracy varied with PV site location and size, highlighting
the need for parameter tuning or improved flexibility to adapt to diverse conditions

and warranting further testing on PV sites in other climates.
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The prediction accuracy of deterministic models used may be improved by en-
semble methods that combine multiple predictions and assign them varying prob-
abilities to capture temporal dependencies, or by the incorporation of GPs into
predictions that leverage probabilistic relationships between inputs without the

computational cost of large ensembles.
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4| Machine Learning Models

Chapter 4 presents the machine learning components of the hybrid forecasting
framework introduced in Chapter 3. While the deterministic physical model pro-
vides an initial baseline forecast, its systematic discrepancies motivate the use of
statistical and machine learning post-processing methods. This chapter therefore
explores the suitability of GPs for post-processing, as well as a range of bench-
mark models spanning statistical, neural, and ensemble approaches. Doing so
enables assessment of how different architectures capture temporal dependencies

in PV data, as well as quantification of their predictive uncertainty.

We begin with GPs (Section 4.1.1), which form the core of the proposed hybrid
framework. Two formulations are studied: a time-series GP designed to capture
seasonal and short-term dependencies, and an auto-regressive GP that leverages
lagged residuals. For each, both maximum likelihood hyperparameter estimation
and fully Bayesian inference via the no-U-turn sampler are implemented, enabling
a comparison between point-estimated and marginalised hyperparameters. The

role of kernel selection and hyperparameter uncertainty is discussed in detail.

Next, we introduce several other benchmark machine learning models (Section 4.2).
These are grouped into three categories: statistical time-series models (ARIMA
and GluonTS), neural-network approaches (LSTM and transformer), and ensem-
ble tree-based methods (random forest and XGBoost). Each benchmark is evalu-
ated in both post-processing and direct forecasting settings, allowing for compar-
isons against the GP-based methods. Their inclusion also highlights the trade-offs
between different modelling approaches, computational efficiency, and robustness

to site-specific variability.

The evaluation methodology builds on the cross-validation framework introduced
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earlier, adapted here for machine learning models. Section 4.3 presents results for
12 sites across the UK and HK. Performance is assessed in terms of point accuracy
(MAE, RMSE, MAPE, nRMSE) and probabilistic calibration, providing a unified

basis for comparing diverse model classes.

Overall, this chapter demonstrates the effectiveness of GPs as Bayesian post-
processors of physical models by contextualising their performance within the

broader landscape of machine learning approaches for solar forecasting.

4.1 Gaussian Processes

GPs are non-parametric Bayesian models for regression and classification that de-
fine a distribution over functions. A GP is specified by a mean function m(z) and a
covariance (kernel) function k(x, z'), such that for any finite set of input points the
associated function values have a joint multivariate Gaussian distribution. [Ras-
mussen and Williams, 2006] formalised GPs in the ML context, emphasising their
role as infinite-dimensional generalisations of Gaussian priors in Bayesian linear
models. In practice, GPs offer flexible function fitting with principled uncertainty
estimates, making them powerful tools in time-series forecasting and spatial mod-
elling. In this thesis, GPs are used to post-process the PV power output generated

by the deterministic model.

4.1.1 Gaussian Process Regression

In GP Regression, we assume that observations ¥ are noisy evaluations of an un-

derlying latent function f at inputs x:

y=f(z)+e e~N(0,02), (4.1)
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Figure 4.1: GP as a multivariate distribution over functions

The latent function f is modelled using a GP prior:

f~GP(m(x), K(z,z")), 4.2)

where m(x) = E[f(x)] is the mean function and K (x,x’) = cov(f(x), f(x')) is
the covariance function, also known as the kernel. Typically, the mean function
can be taken as an explicit prior mean of the function or assumed to be zero for
simplicity (since the second-order statistics encode the observed data). The choice
of kernel encodes assumptions about smoothness, periodicity, linearity, and other
structural properties of the latent function. Commonly used kernels include the
squared-exponential Radial-Basis Fuction (RBF) kernel, Matérn kernels, and pe-
riodic kernels. A more detailed discussion on kernels and their hyperparameters

is presented in Section 4.1.2.

Given a training dataset { (z;, ;) }I;, the GP prior implies a joint Gaussian distri-
bution for the latent function values at the training and test points. Conditioning

on the observed data yields a posterior predictive distribution for new inputs. In
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particular, for test inputs X, € R™*? (where m is the number of test points and d

is the input dimension), we have:

y m K(X,X)+02] K(X, X,
Y x| (X, X) ( ) | 43)
f. m, K(X.,X) K(X.,X)

where K (X, X) is the n x n covariance matrix over the training inputs, K (X, X,)
is the n X m cross-covariance between the training and test inputs, and K (X, X,)
is the m X m covariance matrix over the test inputs. To model noisy observations
at the test points, Gaussian white noise can be added to K (X, X.) by including

the term o021,

Assuming the training observations are independent and identically distributed

(i.i.d.) with Gaussian noise, the predictive distribution for the latent function val-

ues at the test inputs, f. = f(X,), is Gaussian with the following mean and
covariance:
E(f.) = m, + K(X,, X) [K(X, X) +02I] " (y — my), (4.4)

1

Cov[f] = K(X., X,) — K(X,,X) [K(X,X)+0.1]  K(X,X.). (45)
The my and m, here denote the prior mean vectors m(X) and m(X,), respec-
tively. Equations (4.4) and (4.5) yield both a predictive mean function and a pre-
dictive variance that quantifies the uncertainty at each test point. This process in-
volves inverting the matrix K (X, X) +o21, which is typically done via Cholesky

decomposition for numerical stability and computational efficiency.

If we denote K, = K (X, X) 4 021, its Cholesky decomposition is

K,=LL", (4.6)
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where L is a lower triangular matrix. This decomposition enables us to avoid
explicitly computing the inverse of K, thereby improving numerical stability and

efficiency.

In practice, to solve Ky* 1(y — my ), we first solve the system

Lv =y —my, 4.7)

L'a=v, (4.8)

where v is the intermediate vector (L") and o = K v !(y — my). Using «, the

predictive mean at test inputs X, is given by
E[f.] = m, + K(X,, X) . 4.9)

Similarly, the predictive covariance can be expressed in terms of L without di-
rectly inverting [, which not only reduces computational complexity but also

mitigates numerical errors.

In time-series regression, which is the focus of this thesis, two common ap-
proaches are used: time-series GPs and auto-regressive GPs (ARGPs). Time-
series GPs place a joint GP prior over all time points, modelling time as a contin-
uous input. In contrast, ARGPs use past observations as inputs to predict future

values. More details are discussed in the following sections.

4.1.1.1 Time-series GP

GPs can be directly applied to model time-series data by treating the time index

t as the input and the observation ¥, as the output. In this formulation, the latent
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function f is placed under a GP prior, as shown in equations (4.4) and (4.5):

vy =ft)+e&, f~GPm,K), e~N(0,0%). (4.10)

By choosing appropriate kernels, time-series GPs can flexibly capture trends, pe-
riodicities, and other temporal structures. For example, the RBF and Matérn ker-
nels induce variably smooth functions, while the periodic kernel models season-
ality. Stationary kernels such as the RBF, Matérn and periodic kernels depend
only on time differences |t — |, implying time-invariant behaviour. In contrast,
non-stationary kernels like the linear or neural-network kernel allow for time-

dependent variation in signal characteristics [Remes et al., 2017].

In the application of PV adjustment factor forecasting, higher adjustment values
are typically observed in summer months due to underperformance of the de-
terministic model with inverter clipping, while lower adjustment values occur in
winter since the model aligns more closely with the actual generation. To model
this temporal behaviour, composite kernels consisting of both stationary and non-
stationary components can be considered. These allow simultaneous modelling of
long-term trends and seasonal effects, for example by combining stationary ker-
nels such as RBF or Matérn with non-stationary components like the linear kernel
[Roberts et al., 2013]. Although the seasonal PV power variation appears non-
stationary due to its changing mean and variance across time, it can be regarded
as stationary periodic behaviour since the summer—winter effect repeats annually
in theory. In practice, however, a pure periodic kernel did not provide a good
fit, largely because of power peak fluctuations and evolving seasonal amplitudes.
This motivated the use of a combination of stationary and non-stationary kernels

to capture both the fluctuating seasonal effects and long-term trends.

A key advantage of GPs is their ability to handle irregular sampling and provide
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full predictive distributions. However, exact GP inference scales cubically with
the number of observations, O(n3), due to the need to invert the covariance ma-
trix. In practice, this is performed via Cholesky factorisation, which is numerically
more stable and scalar-multiple more efficient than directly computing the inverse,
but still retains O(n?) complexity. If the time series is uniformly sampled and the
kernel is stationary, the covariance matrix becomes Toeplitz. In this case, efficient
algorithms such as the Yule-Walker equations can be used to compute predictions
in O(T?) time by exploiting this structure [Golub and Van Loan, 1996]. These
equations estimate the parameters of an equivalent autoregressive process using
autocovariance values and can be solved efficiently using the Levinson-Durbin
algorithm. Further improvements are possible with state-space GP formulations,
which recast the GP as a linear dynamical system. In this setting, recursive in-
ference using Kalman filtering enables O(T") time complexity [Hartikainen and
Sarkkd, 2010]. Alternatively, sparse GPs approximate the full covariance struc-
ture using a smaller set of inducing points, typically achieving O(nm?) complex-
ity with m < n, while preserving much of the expressiveness of the full GP

model.

4.1.1.2 Auto-regressive Gaussian Processes

An ARGP treats the time series as a regression problem on its own lagged outputs.

Define the lag-L vector X; = [y;_1,%;_2,---, Y1) . The GP becomes:
vy = f(x¢) + €&, f~GP(m,K), EtNN(O,O2>. 4.11)

This is analogous to a classical autoregressive model of order L, denoted AR(L),
where the current observation y; is modelled as a linear function of its L most

recent past values. More details on autoregressive statistical models, including
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ARMA, ARIMA, and DeepAR (via GluonTS), are discussed in Section 4.2.1.

L
=Y Gyt o~ N(O0,0°), (4.12)
=1

where ¢, are fixed autoregressive coefficients and ¢, is a Gaussian white noise
term. In contrast with AR models, the ARGP generalises this setup by replacing
the linear mapping > ¢;y;—; with a non-parametric function f(-) drawn from a

GP prior.

The input dimension is L, and the kernel K (x,x’) can capture non-linear depen-
dencies between past values and the future. The ARGP is typically trained on
historical data {y1,...,yr} to learn kernel hyperparameters. As suggested by
[Quinonero-Candela et al., 2003], iterative one-step-ahead forecasting generally
outperforms direct multi-step forecasting, especially in nonlinear and noisy sys-
tems. In direct multi-step forecasting, the model attempts to predict y,,  directly
from the current state x,. This approach requires learning a complex mapping and
integrating over intermediate uncertainty, which is computationally challenging
for GPs due to intractable future-step integrals. In contrast, one-step-ahead itera-
tive forecasting proceeds recursively: at each step t = Tiqin + 1, ..., Thrain + H,
the input x; is formed from the most recent L observations, the GP predictive
mean ¢, is computed, and this prediction is appended to the sequence for the next
input. However, since predicted values are used recursively as inputs, uncertainty

may accumulate over time.

In the context of PV adjustment factor predictions, we avoid this issue by using
the true observed y; at each step during forecasting. This is justified by the daily
availability of adjustment factors, as discussed in Chapter 2. The ARGP one-step-

ahead iterative forecasting procedure is outlined in Algorithm 1.
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Algorithm 1 Iterative ARGP Forecasting

1: Train GP on pairs ([y;—1,...,yi—r],y) fort = L+ 1,... Tiain

2: fort = Tiain + 1 to Tiin + H do

3: Xe = [Ye1, - Y1) > Lagged inputs
4: e, o = GP.predict(x;) > Posterior mean/variance
5: Ur = [y > One-step forecast
6: Append y; to series y > Observed value
7: end for

8: return Forecasts {7; }

The flexibility of kernels and Bayesian uncertainty quantification gives ARGP
an advantage in modelling nonlinear dynamics over classical AR models in real-
world time series. In this thesis, we also apply an analogous iterative one-step-
ahead forecasting approach to time-series GP models. Since time-series GPs pro-
duce a full joint posterior over multiple time points, direct multi-step forecasting
becomes computationally expensive for long horizons. Moreover, the PV adjust-
ment factor data (see Figure 3.1) exhibits substantial variability and complex tem-
poral dependencies. The iterative one-step-ahead forecasting approach allows the
model to adapt to these temporal patterns by updating predictions step-by-step.
The performance of both ARGP and time-series GP models using this iterative

approach is discussed in the results section of this chapter.

Algorithm 2 Iterative Time-Series GP Forecasting

1: Training GP on data {(t;, ;) } /="
2: fort = Tiain + 1 to Tiin + H do
3 e, o2 = GP.predict(t)

4: Ut = p
5
6
7

Append (¢, y;) to test set
: end for
. - Train+H
: return Forecasts {7}, """ |
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Figure 4.2: Sample function draws from GP priors (top row) and corresponding poste-
riors after observing data points (bottom row) using four different covariance kernels:
RBEF, Matérn (v = 1.5), periodic, and linear. This illustrates how different kernels encode
different prior assumptions about smoothness and structure, and how these affect the re-
sulting posterior fits to data.

4.1.2 Kernel and Hyperparameter Selection

As previously introduced, the kernel K (x, z’) fully characterises the properties of
a GP, determining how function values at different inputs co-vary and thereby con-
trolling smoothness, periodicity, or other structural assumptions. By specifying a
kernel function, we implicitly define a distribution over functions, describing how
we expect the function to vary before observing any data. Figure 4.2 illustrates
sample function draws from GP priors and the corresponding posteriors after ob-
serving data. This highlights how the choice of kernel profoundly shapes the GP’s
behaviour, allowing us to encode smoothness, roughness, or repeating patterns as
needed. In addition to the kernel, a GP may also include hyperparameters from the
prior mean function (e.g., slope and intercept if a linear mean is used) and from
the likelihood function (e.g., observation noise variance), which must likewise be

estimated or specified.
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As observed, the RBF kernel produces very smooth, infinitely differentiable func-
tions [Rasmussen and Williams, 2006], whereas Matérn kernels can generate
rougher functions depending on their smoothness parameter v. Kernels like the
rational quadratic can model functions with multiple length-scales by acting as a
scale mixture of RBFs. Periodic kernels induce strictly repeating patterns, making
them ideal for modelling seasonal or cyclic effects. Lastly, linear and affine linear

kernels are non-stationary and can capture global linear trends in the data.

Each kernel is parameterised by a set of hyperparameters, such as the length-scale
¢, signal variance aj%, periodicity parameter 1" and etc. (see Section 4.1.2.1), that
control the flexibility and shape of the resulting functions. These hyperparame-
ters play a crucial role in determining the GP’s fit to data and are typically esti-
mated from observations by maximising the marginal likelihood or via Bayesian
inference through posterior sampling. Further details regarding hyperparameter

selection are provided in Section 4.1.2.2.

4.1.2.1 Kernel Selection

In this section, we discuss typical choices of kernels for time-series GPs. We
briefly describe commonly used kernels, focusing on those relevant to modelling
PV adjustment factors. While this list is not exhaustive, it covers most covariance
functions suitable for time-series analysis. We note that valid kernels can be com-
bined via sums or products to form new valid covariance functions, thereby allow-
ing multiple explanatory hypotheses to be encoded flexibly. For further technical
details, readers are referred to [Rasmussen and Williams, 2006, Roberts et al.,

2013, Osborne, 2010].
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Affine linear kernel
kafine(2,2') = 0} + 02 (x — ¢) (2’ — ¢). (4.13)

The affine linear kernel models global linear trends in the data and is non-stationary.
Here, o controls the variance of the linear slope, o7 governs the bias term which
is also the vertical offset, and ¢ can act as a centring constant. When 0,3 =0and

¢ = 0, the affine kernel reduces to the standard linear kernel.
Squared-exponential

N2
u} . (4.14)

krpr (7, 2) = UJ% €xp [— e

The RBF kernel yields very smooth, infinitely differentiable functions with a char-
acteristic length-scale /. The parameter JJ% controls the output-scale (amplitude)
of the function. This kernel is widely used for modelling functions that are ex-

pected to vary smoothly across the input space.

Rational quadratic

, T — :L“/ 2\ —«
krq(z,2') = oF (1+%) : (4.15)

Here, « is known as the shape parameter or index, which determines how heav-
ily different length-scales are mixed. As discussed by [Rasmussen and Williams,
2006], the rational quadratic kernel can be interpreted as an infinite scale mix-
ture of RBF kernels with different length-scales, enabling it to model functions
with varying degrees of smoothness. As o — oo, the rational quadratic kernel

converges to the RBF kernel.
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Matérn A flexible family of kernels k, (x,z’) parameterised by a smoothness
parameter v, which controls the differentiability of sample paths. For example,
v = % and v = % produce functions that are once and twice differentiable, respec-
tively. As v — oo, the Matérn kernel converges to the RBF kernel. At v = %, it
reduces to the exponential (Laplace) kernel, leading to very rough and less smooth
functions:

3|z — o' 3lx —
kMatérn% (iL‘,:C/) = UJ2‘ (1 + W) eXp <_w> . (416)

Periodic and quasi-periodic

2sin’ (n(x — 2')/ T)] | (4.17)

Kper (2, 2") = cr]% exp [— 5
w

which enforces strict periodicity with period 7'. This kernel captures exactly re-
peating patterns and is typically used for modelling cyclic phenomena. When
multiplied with an RBF kernel, it forms a quasi-periodic kernel that allows peri-
odic patterns to vary smoothly over time, e.g. to model slowly changing seasonal

amplitudes.

Composite kernels Due to the positive semi-definite nature of kernels, they can
be combined through addition or multiplication to capture more complex func-
tional behaviours. Additive kernels, for example k(x, z") = ki (z, 2') + ko(z, 2'),
model superpositions of effects such as global trends combined with seasonal vari-
ations. Multiplicative kernels, for example k(z, ') = kgpr(z,2") X kper(2, 2'),
capture interactions where a periodic pattern has amplitude or smoothness modu-
lated by another kernel. Scalar-weighted combinations are also possible, such as
k(z,x") = aki(x,z") + Bks(x, 2"), where coefficients «v and [ control the relative

influence of each component.
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GPs can also be extended to handle structural breaks and richer data structures.
Change-point kernels allow for modelling sudden regime shifts by using differ-
ent covariance functions before and after a transition point z.. This is typically
achieved by multiplying stationary kernels with step or sigmoidal transition func-
tions, enabling the GP to apply one kernel before z. and another after, thus cap-

turing abrupt changes in trends or variances [Roberts et al., 2013].

Furthermore, GP kernels naturally generalise to multiple inputs and outputs. For

multi-dimensional inputs, a common approach is to define a product kernel across

©
J

input dimensions, for example k(x;,x;) = [], k@ (249 2!, allowing each in-
put feature to contribute flexibly to the overall covariance. In multi-output settings
(such as correlated time series from multiple sites, or spatial-temporal measure-
ments from a single sensor), one can incorporate output indices directly into the
kernel. For example, k([l,,,, t:], [ln, t;]) = ki(ti, t;) ki(Ln, 1), where [ denotes the
output label. These formulations enable shared learning across related outputs
and capture complex structured dependencies. Although these extensions offer
substantial modelling flexibility, they are not employed in this thesis since the fo-
cus remains on univariate PV adjustment factor time-series modelling. For further

technical details on these advanced constructions, readers are referred to Roberts

et al. [2013], Alvarez et al. [2012].

In this thesis, even though the PV sites at the same location may exhibit weather-
related correlations, we adopt a single-input, single-output GP framework for PV
adjustment factor prediction. This choice is motivated by model simplicity, com-
putational efficiency, and clearer interpretability of adjustment dynamics at each

individual site.

For the ARGP model, a combination of an affine linear kernel and a Matérn kernel

was used to capture both global linear trends and moderately smooth nonlinear
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deviations:

karap (2, 2') = Kafine (7, ") + Kypaerns (7, 7). (4.18)

3
For the time-series GP model, we employed a composite kernel that combines a

scaled RBF kernel and a Matérn kernel to simultaneously capture smooth seasonal

trends and local variations:

krsap(t,1)) = 7 krpr (£, 1) + ke (8 1), (4.19)
where 7 is a scaling coefficient controlling the magnitude of the RBF component.

4.1.2.2 Hyperparameter Marginalisation

GP hyperparameters are used to control model flexibility and are typically esti-
mated by maximising the marginal likelihood (also known as Type-II maximum

likelihood) or by performing Bayesian inference using priors.

In terms of MLE, we aim to minimise the negative log marginal likelihood, also

referred to as the loss function:

1 1
L(0) = 5" (Ko +02D) 7'y + S log | Ko + 21| + S log(2m).  (420)

This loss can be minimised using gradient-based optimisation methods such as
L-BFGS [Liu and Nocedal, 1989]. In practice, hyperparameters are often param-
eterised in log space (e.g., log ¢, log o) to enforce positivity constraints during
optimisation. Gradients of the loss with respect to each hyperparameter can be
derived analytically and are efficiently computed via closed-form expressions or
automatic differentiation frameworks. Although the Type-II MLE approach is
computationally efficient, it provides only a point estimate of the hyperparameters

and may underestimate posterior uncertainty, as it does not account for hyperpa-
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rameter variability.

Alternatively, maximum a posteriori (MAP) estimation introduces a prior p(6)
over the hyperparameters but seeks only the mode of the posterior p(¢ | y). In
practice, MAP is similar to MLE but with an added prior term that regularises
the optimisation, making it more robust to overfitting than pure MLE, while still

much cheaper than full Bayesian inference.

Furthermore, an entirely Bayesian approach is possible by placing a prior p(6) on
the hyperparameters and sampling from the posterior p(f | y) o p(y | 6)p(0)
using libraries like Pyro and GPyTorch.

Markov Chain Monte Carlo Markov Chain Monte Carlo (MCMC) methods
are commonly employed to approximate a posterior by generating samples from
it. In the Bayesian treatment of Gaussian processes, the predictive distribution

requires marginalization over the hyperparameters:

p(y«|y) = / p(y« |y, 0)p(0|y)do, (4.21)

where p(6 | y) o p(y | )p(0) is the posterior over hyperparameters. This inte-
gral is analytically intractable, motivating the use of sampling-based approaches.
MCMC constructs a Markov chain whose stationary distribution is the desired
posterior; after sufficient iterations, the samples approximate p(f | y). At each
iteration, MCMC algorithms propose a new state which in this case is a candidate
set of hyperparameters and decide whether to accept it, thus gradually explor-
ing the posterior distribution. A particularly effective class of MCMC methods
for continuous and high-dimensional parameter spaces is the Hamiltonian Monte
Carlo (HMC) method. HMC leverages gradient information of the log-posterior to

propose new states, which is more efficient than simple random-walk Metropolis-

66



University of Oxford St-Hilda’s College

Hastings methods. However, HMC requires careful tuning of parameters such as

the trajectory length and step size.

No-U-Turn Sampler The NUTS method [Hoffman and Gelman, 2014] extends
HMC by adaptively determining when to stop each trajectory to prevent it from
turning back on itself. This adaptivity makes NUTS robust and less sensitive
to manual tuning, providing efficient sampling performance for hyperparameter

inference.

In summary, hyperparameters can be estimated using a Type-II MLE approach.
Alternatively, fully Bayesian marginalisation can be employed to provide more
comprehensive uncertainty quantification, yet at a higher computational cost [Ras-
mussen and Williams, 2006, Turner, 2011, Roberts et al., 2013]. In this thesis, we
explore and compare GP model performance using both MLE and NUTS-based

fully Bayesian approaches.

4.1.3 Results

In this section, we fit the ARGP and time-series GP models to the adjustment
factor, defined as the ratio of observed to predicted power in Section 3.1, across
twelve sites in the UK and Hong Kong. Hyperparameters are inferred using both
MLE and NUTS to contrast point-estimate inference with full Bayesian marginal-
isation. The kernel functions for ARGP and the time-series GP correspond to

equations (4.18) and (4.19), respectively.

Model evaluation is based on point accuracy (MAE, RMSE) and probabilistic
reliability using calibration scores. The calibration score is defined as the pro-
portion of true observations that fall within a model’s predictive interval. A well-

calibrated model should yield calibration scores close to the nominal confidence
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Table 4.1: Point accuracy and empirical coverage of ARGP and time-series GP with dif-
ferent hyperparameter inference methods at Oxford site.

Model MAE RMSE Cal.68% Cal.95% Cal.99.7%
ARGP (MLE) 0.369  0.598 69.7 91.9 95.1
ARGP (NUTS) 0.368  0.613 72.0 92.4 95.3
Time series GP (MLE)  0.342  0.560 76.5 92.4 94.6
Time series GP (NUTS) 0.338  0.549 78.2 93.7 95.8

level. For a dataset of size n and nominal coverage p (e.g. 95%), the calibration

score is
n

1
Cal(p) = n Z 1{%‘ € [¢i,1-p)/2; qi,l—(l—p)/?]}v (4.22)

i=1
where y; is the true observation, and ¢; , denotes the a-quantile of the predictive
distribution. Table 4.1 reports the Oxford site results for both GP variants and

inference methods.

Both ARGP and time-series GP achieve competitive point accuracy, with the lat-
ter showing consistently lower MAE and RMSE at Oxford. The stronger perfor-
mance of the time-series GP could be due to kernel selection and the difference in
input structures. In terms of calibration, all models align reasonably with nomi-
nal confidence levels. At the 68% interval, coverage is slightly above target (e.g.
76-78% for TS-GP), indicating conservative uncertainty in narrow bands. At the
95% and 99.7% levels, coverage falls a few percentage points short of nominal,
suggesting mild overconfidence. Importantly, the NUTS variants reduce this gap
relative to MLE, yielding broader intervals and more reliable coverage. Overall,
the time-series GP with NUTS provides the best balance between accuracy and
calibrated uncertainty at Oxford. Similar patterns are observed across the other
UK and Hong Kong sites, with time-series GP outperforming ARGP in point ac-
curacy and NUTS consistently improving calibration. Only time series GPs were
used for subsequent modelling, as although ARGP models achieved comparable

error metrics to time series GP models, their predictions remained close to mean
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Figure 4.3: Time-series GP at the Oxford site: predictive mean (solid) with 95% confi-
dence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.

values and largely failed to capture the variability and temporal dynamics of PV
generation. By contrast, time series GPs explicitly encode seasonal, diurnal, and
trend structures in their kernels, producing forecasts that are not only statistically

accurate but also physically meaningful across changing conditions.

As shown in Figure 4.3, the NUTS variant produces visibly broader credible in-
tervals than MLE. This arises because NUTS integrates over hyperparameter un-

certainty, inflating predictive variance through the law of total variance:

Var(y* | D) = Egip[Var(y™ | 0,D)] + Vargp[E(y* | 0,D)].

69



University of Oxford St-Hilda’s College

The second term vanishes for MLE point estimates but is non-zero when hyper-
parameters are marginalised under NUTS, leading to wider and better-calibrated
credible bands. This trend is consistent across all other sites (see Appendix Fig-

ures A.21-A.31).

4.2 Benchmark Models

These benchmark models provide a diverse set of comparison points to assess the

performance and robustness of the proposed GP-based frameworks.

4.2.1 Statistical Methods

In this thesis, we further consider benchmark autoregressive models for compari-
son. Specifically, we include classical statistical models such as ARIMA, as well
as neural network-based autoregressive approaches such as DeepAR implemented
via GluonTS [Alexandrov et al., 2020]. DeepAR combines RNNs, specifically
LSTM networks (discussed in Section 4.2.2.1), with probabilistic forecasting by
modelling the conditional distribution p(y; | y1..—1). This allows for flexible han-
dling of complex temporal dependencies and uncertainty quantification through

sampling-based prediction rather than point estimates.

4.2.1.1 ARIMA

Similar to the AR models defined in Equation 4.12, ARIMA models incorporate
additional integration and moving average (MA) components to handle more com-
plex temporal patterns. The MA component accounts for past forecast errors by

incorporating them directly into the prediction equation.

q
y=ptet ) bie, (4.23)

j=1
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When combining AR and MA terms, we obtain an ARMA model, which can be

expressed as:

p q
ye=p+ Y Gt Y O +er, (4.24)
i=1 j=1

where p is the number of AR terms (L in Equation (4.12)), ¢ is the number of MA
terms, ¢; are the AR coefficients, 0; are the MA coefficients, and ¢, represents

white noise.

ARIMA models extend the ARMA framework by introducing an integration (I)
component to handle non-stationarity. On this transformed (differenced) dataset,
each predicted value is regressed on its past values (AR), while past forecast errors
are also incorporated via the MA component. This formulation allows ARIMA
to effectively model a wide range of time-series behaviours, including trends and
temporary shocks, making it a more versatile tool than ARMA [Box and Jenkins,

1970]:
p q
Vi =n+> Vit Y Oiaj+e. (4.25)
i=1 j=1

where d is the order of differencing required to achieve stationarity.

This class of autoregressive models has a formal connection to time-series GPs
through their equivalent state-space representations. In AR and ARMA models,
the one-step-ahead predictive distribution for y; given past observations can be

written as:

p(yt ‘ Y1:t—1) - N(A(t7 1 t_]-) Yiie—1, M(tu t)) ) (426)

where A(t, 1:t—1) represents the vector of autoregressive coefficients and M (¢, t)
denotes the one-step predictive variance. In the case of AR models, M (t,t) cor-
responds to the white noise variance ¢;. For ARMA models, it also includes the

MA components.
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For ARIMA models, this predictive distribution is applied to the differenced series
Viye = (1= B)ye:

p(V%; | Viyiao1) = N(A(t, 1:6=1) V11, M(t,1)). (4.27)

The predicted values of the original series y; can then be obtained by recursively

integrating the differenced forecasts.

ARIMA-style models provide a good basis for benchmarking GP models, espe-
cially for representing linear dynamics in autoregressive terms. For further details
on the equivalence between autoregressive state-space models and GP formula-

tions, see [Turner, 2011].

4.2.1.2 GluonTS

GluonTS is a probabilistic time-series modelling toolkit developed by [Alexan-
drov et al., 2020]. In this thesis, we adopt the DeepAR model, implemented via

GluonTs, as a benchmark for the GP-based post-processing components.

DeepAR belongs to the class of neural network-based autoregressive models.
It uses a RNN architecture, typically employing LSTM or gated recurrent unit
(GRU) cells, to model the sequential structure of time-series data. At each time
step t, DeepAR takes as input the past observations ;.;—; and any available co-

variates, and outputs the parameters of a predictive distribution for y;.

Specifically, DeepAR parameterises a parametric likelihood function, most com-
monly Gaussian for continuous-valued series. The RNN produces the mean i,

and standard deviation o, of this distribution at each time point:

p(yt | yl:tflyxlzt) = N(yt ’ M, 0152), (4.28)
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where x;.; denotes any optional covariates.

After obtaining these parameters, DeepAR draws a sample y; from the predicted

distribution:

yr ~ N (g, 7), (4.29)

and recursively uses this sampled value as input for predicting the next step ;1.
This recursive sampling defines an autoregressive generative process that models

the sequence of conditional distributions:

PWer1 | yie) = N (pes1,0741). (4.30)

By iteratively sampling from these conditional distributions, DeepAR can gener-
ate comprehensive probabilistic trajectories over the forecast horizon. The pre-
dictive mean for each future time step can be approximated by averaging over

multiple sampled paths:

5
1 s
Elyr] ~ g > uiih. (4.31)
s=1
where S denotes the number of generated samples.

This sampling-based approach provides both point forecasts and quantification
of forecast uncertainty through empirical quantiles. Compared to traditional AR
models, DeepAR leverages the flexibility of neural networks to capture complex
non-linear temporal dependencies and seasonality patterns, making it a strong

benchmark for probabilistic forecasting.

4.2.2 Neural Network-based Approaches

The ability of ML approaches to rapidly uncover complex nonlinear relationships

from datasets with high amounts of noise makes them a popular choice for fore-
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casting techniques. Neural networks are among the most powerful ML models,
as they automatically process complex information through a network of inter-
connected nodes to learn patterns with minimal information beyond the relatively
large training datasets provided. Some common types include feed-forward neu-
ral networks (FNNs), CNNs, RNNs, and GANs. RNNs are typically used for
sequential data handling, such as time series forecasts, because of their ability to
store recent input as a short-term memory through feedback connections. LSTM
RNNs are often chosen for PV forecasting due to their ability to recognise tempo-
rally distant patterns in data. Alternatively, transformer architectures are unique
in their absence of reliance solely on attention mechanisms (unlike RNNSs), typi-
cally achieving further improved long-range modelling and parallelism than other
architectures. In this section, we review the LSTM and transformer models, along

with their applications to PV forecasting tasks.

4.2.2.1 LSTM

RNNs are widely used for modelling sequential data due to their ability to main-
tain temporal dependencies. However, standard RNNs suffer from unstable error
gradients when trained using backpropagation through time. These gradients ei-
ther vanish, impeding long-term learning, or explode, leading to unstable predic-

tions.

The backpropagated error at unit j at time ¢ is given by:
0;(t) = f] (net;(£)) > wi; O(t + 1), (4.32)

where f7 (net;(t)) is the derivative of the activation function and w;; is the weight
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from unit j to unit ¢. If the product of activation derivatives and weights satisfies:
(net;( wa <1, (4.33)
then the gradient decays exponentially and vanishes. Conversely, if
(net; ( wa > 1, (4.34)

then the gradient can grow uncontrollably, leading to exploding gradients. To
avoid this, most RNNs operate with gradients constrained below 1, which limits

their ability to capture long-term dependencies.

To address this limitation, LSTM networks were proposed by Hochreiter and
Schmidhuber [1997]. LSTMs introduce a memory cell equipped with gating
mechanisms that regulate the flow of information and gradients over time. These

gates include:
* Input gate: controls how much new information enters the cell.
* Forget gate: decides which information is discarded from the cell state.
* Output gate: determines what part of the cell state contributes to the output.

These gates enable the LSTM to maintain a constant error flow across many time

steps, avoiding vanishing or exploding gradients.

This internal memory mechanism allows LSTMs to effectively capture both short-
and long-term dependencies in sequential data, making them well-suited for PV

energy forecasting [Zhong et al., 2024].

Extensions of LSTM, such as CNN-LSTM hybrids, enhance performance by com-

bining convolutional layers for spatial feature extraction with LSTM units for tem-
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Figure 4.4: Schematic of a simplified LSTM cell, with weighted inputs modulated by
input, output, and forget gates.

poral modelling. These models have demonstrated superior performance in PV
forecasting tasks compared to standalone CNN, FNN, and RNN models [Fung-

tammasan and Koprinska, 2023].
In this thesis, LSTM networks are used in two contexts:

1. As post-processing components in the multiplicative approach, where the
LSTM predicts the adjustment factor using recent observations in a one-
step-ahead forecasting approach, rather than estimating the parameters of a

probabilistic distribution as in DeepAR.
2. As direct predictors for next-day PV energy output, based on historical en-
ergy inputs.
4.2.2.2 Transformer

Despite the error gradient gating of LSTM, the sequential nature of RNNs limits
their ability to model longer-range temporal dependencies. In contrast, the trans-

former architecture first proposed by [Vaswani et al., 2017] addresses these issues
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Figure 4.5: Schematic of simplified transformer model architecture. Outputs from en-
coder layers (left) feed into decoder layers (right) along with previous output data to gen-
erate a probability distribution.

by using attention mechanisms in place of any recurrence.

As shown in the figure above, all transformer models rely on tokenisers to convert
text into discrete tokens. Since attention mechanisms are inherently permutation
invariant, positional encodings are added to preserve sequence order. These en-
coded tokens are passed through encoder layers to produce contextualised repre-
sentations. Decoder layers then transform these representations into probability
distributions over the output vocabulary. As each new token is generated, it is

appended to the sequence, and the process iterates autoregressively.

Transformers consist of multiple identical encoding layers, each containing a
multi-head self-attention sublayer that receives all keys, values and queries from

the previous layer. This allows each position in the encoder to attend to all posi-
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tions in the previous layer of the encoder. Within the multi-head attention sublayer
lies a scaled dot-product attention mechanism which generates a matrix of atten-
tion scores determined by the similarity between matrices of input keys K and
queries Q. This is scaled relative to key vectors before conversion into a probabil-

ity weight using a softmax function, then applied to value matrix V:

. OKT
Attention(Q, K, V') = softmax Vv (4.35)
Vi

Outputs from self-attention sublayers are each paired with an integrated FNN sub-
layer that further processes encoded tokens. At each sublayer, input values are
added back to the output of the previous sublayer to reduce the risk of gradient ex-
ploding or vanishing, then normalised across features at each position to stabilise
and accelerate learning. The final output from encoder layers act as sequence rep-
resentations that encode contextual information from the attention mechanism and

local transformations with positional context added by the FNN.

Multi-head self-attention mechanisms also exist in decoding layers, allowing each
position in the decoder to attend to input queries from the previous decoder layer,
as well as key-value pair outputs from the encoder. Consequently, every decoder

layer can calculate values that factor in all positions in the input sequence.

Decoding layers consist of the same self-attention and FNN sublayers as encoding
layers, with an additional multi-head cross-attention sublayer that leverages the
output of all encoder layers. Additionally, a masked multi-head layer in decoders
ensures that they only look at tokens in previous positions during time-series fore-

casting training, even when future data points would otherwise be available.

Transformer architectures have been adapted for use on various multivariate time-
series datasets including for PV power predictions, often outperforming other

RNN forecasting models such as LSTM and GRUs [Sherozbek et al., 2023]. How-
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ever, these models require large amounts of data and careful tuning of temporal
weighting; without these, they may be outperformed by simpler models [Su et al.,

2025].
In this thesis, transformers are used in two contexts:

1. As post-processing components in the multiplicative approach, where the
transformer predicts the adjustment factor using recent observations in a

one-step-ahead forecasting approach.

2. As direct predictors for next-day PV energy output, based on historical en-

ergy inputs.

4.2.3 Tree-based Ensemble Methods

Supervised ML methods such as neural networks remain popular choices for fore-
casting due to their strong predictive performance and ability to model complex
nonlinear relationships. However, they often suffer from challenges such as over-
fitting, high data requirements, and relatively limited generalisation outside the
training range. Ensemble methods, which train two or more ML algorithms on a
given dataset, address these limitations. By combining multiple supervised learn-
ing models with high bias and diversity, one can reduce overall variance and im-
prove prediction stability through averaging effects. Tree-based ensemble meth-
ods, in particular, offer a balance between accuracy and interpretability while still
being able to handle multidimensional data. This makes them attractive options
as time-series forecasting models, including next-day PV power forecasting. The
following section discusses the theoretical basis of two popular tree ensemble
methods, random forest and XGBoost, as well as their relative strengths or weak-

nesses and applications in forecasting.
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4.2.3.1 Random Forests

Random forests are ensembles of decision trees combined into a single, more flex-
ible model with improved accuracy while still significantly less computationally
expensive than neural network models [Heath et al., 1993]. For each tree, random
subsets of classification or regression training data are sampled and used to train
each weak base model. At each splitting node of trees, the training data subset
is further sampled and the process is repeated until final predictions are made for
voting or averaging. This sampling and training with high-variance models limits

the chances of overfitting and learning noise [Ho, 1998].

Although random forests are typically applied to regression and classification
data, they can be adapted to make sequential predictions as well. By using a
sliding window of earlier observations as input features to train the model and fu-
ture observations as the target variable, full decision trees using base models can
be made in parallel that grow according to defined parameters, then generate pre-
dictions for future values with high bias and variance. The final outputs of each
tree are then averaged to give a final prediction value. This averaging effect of

base models further improves error and accuracy with each tree included.

Random forests have been used in forecasting and are highly efficient on one-
step time series data with sufficient optimisation [Tyralis and Papacharalampous,
2017]. This extends to short-term PV forecasting, with [Singh et al., 2023] report-
ing improved performance over neural networks used on a rooftop PV dataset.
However, their parallel construction of trees limits their potential for learning or

further reduction of errors.
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4.2.3.2 XGBoost

In contrast to random forests, the XGBoost algorithm introduced by [Chen and
Guestrin, 2016] constructs trees sequentially and relies on the ML boost method
to sequentially correct the residual error from previous trees, iteratively improv-
ing the prediction accuracy. This approach greatly reduces underfitting, as each
subsequent tree acts to correct the inaccuracies of previous predictions. For each

tree iteration ¢, the predicted value y for sample ¢ can be calculated:

gt) =9t — 1) + nfilx;) (4.36)

where f;(x;) represents a newly generated tree at that iteration, trained to reduce
the residual error. A learning rate 7 is applied to prevent over-correction. The

partial first derivative

al(yi, 9 1)
gi = BTG (4.37)

represents the rate of change of the loss function {(y;, g)f*l)), which the model

aims to minimise using iterative adjustments with each subsequent model. The

partial second derivative
_ Py i)
o5 ")

)

h; (4.38)

represents the rate of change of the gradient. Through the second-order Taylor
approximation of loss, XGBoost can draw confidence values in adjustments made
by each model to accelerate convergence and minimise the number of trees that

need to be made.

Consequently, XGBoost offers improvements over other decision trees like ran-
dom forests in prediction accuracy by successively reducing bias and capturing

more subtle trends in data through its reliance on residuals for modelling rather
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Figure 4.6: Schematic of simplified random forest and XGBoost decision trees. Whereas
random forests (top) build complete decision trees in parallel to one another and average
their outputs to generate final predictions, XGBoost (bottom) iteratively trains decision
trees, using the error residuals of each previous model to fit the next model. The final pre-
diction is a weighted sum of all tree outputs, optimised via gradient descent to minimise
the loss function.
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than averaging effects. These differences are particularly applicable to time se-
ries forecasting when using noisy or incomplete datasets, with [Lari et al., 2025]
reporting XGBoost to display greater robustness and predictive performance than

other decision trees.

Commercial Model: Quartz Quartz is a solar power forecasting model devel-
oped by [Open Climate Fix, 2024]. It employs gradient-boosted decision trees
(via XGBoost) trained on over 25,000 PV sites and approximately five years of
historical data. The model integrates nine NWP variables (such as GHI, temper-
ature, wind, cloud cover, etc.) and generates forecasts up to 48 hours ahead at
15-minute intervals, making it adaptable for next-day (24-hour) prediction bench-
marks. In this thesis, Quartz is used as a direct predictive baseline: given a PV
site’s latitude, longitude, and capacity, it generates next-day PV power forecasts at

the corresponding resolution of the power output data, as described in Table 2.1.

4.3 Results

4.3.1 Cross-validation

Cross-validation in ML typically involves selecting a subset of data as a valida-
tion set to estimate model accuracy. For time-series data, specific methods like
forward chaining and sliding-window validation are commonly used to preserve
the sequential nature of the data. In the forward-chaining validation method, the
training set size is incrementally expanded by adding new data points from the
test set after each prediction. In contrast, the sliding-window validation method
shifts the training and testing datasets forward over time, maintaining a fixed size
for both windows. Therefore, sliding window validation is used when adapting

to recent trends is required, while forward chaining validation is typically used to
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Figure 4.7: Time-series cross-validation strategies. Forward chaining: the training set
expands over time by including new data after each step. Sliding-window: both training
and testing windows move forward in time with fixed lengths, discarding older data.

capture long-term dependencies. A schematic diagram of these methods is shown

in Figure 4.7.

The forward chaining validation method was used in this thesis to validate the
accuracy of post-processing models due to the long-term temporal dependencies
in the data. The initial training set consisted of the first 50% of the dataset. Testing
was then performed in a one-day-ahead forecasting setting across typically two
years of data (over 700 samples). This approach not only validates the one-step-
ahead GP method but also allows other benchmarking statistical models to be

evaluated using the same framework.

4.3.2 Benchmarking Results

In this section, we present the final power and energy results obtained using the
hybrid multiplicative modelling framework proposed in this thesis. Model per-

formance is evaluated using single-point error metrics including MAE, RMSE,
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MAPE, and nRMSE across 12 sites in the UK and Hong Kong.

Two categories of models are assessed: post-processing models and direct fore-
casters. In the post-processing setting, a deterministic physical model (‘model
chain (AC)’) is first applied. This chain accounts for weather data, transposition,
module characteristics, and clipping, and serves as a baseline or ‘first-try’ esti-
mate. The residual daily discrepancies are then post-processed using time-series
GPs and a range of machine-learning benchmarks. These benchmarks include sta-
tistical approaches such as ARIMA and GluonTS, neural-"network architectures
such as LSTM and transformer models, and ensemble-tree based methods such as

XGBoost and random forest.

In contrast, the direct forecasting setting bypasses residual correction altogether,
with models mapping historical observations directly to future energy values. In
this case, direct predictors including GluonTS, LSTM, and transformer networks
are implemented as machine learning forecasters in an autoregressive framework.
Finally, Quartz, a commercial forecasting model developed by Open Climate Fix,

is included as an external benchmark.

The following subsections report detailed results for UK sites, Hong Kong sites,

and an overall performance comparison across all locations.

4.3.2.1 UK sites

Table 4.2 shows the errors and computational times associated with each model

used for PV power and energy prediction at the Oxford site.

As observed, post-processing models consistently outperform direct forecasters,
confirming the value of correcting residuals from the deterministic AC ‘model
chain’. Within this category, the time-series GP achieves the lowest error, with

the NUTS variant marginally improving over MLE due to its broader uncertainty
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bands from hyperparameter marginalisation, though at higher computational cost.
GluonTS provides competitive accuracy but does not fully capture the heavy-
tailed residual distribution of PV adjustment factors, due to its reliance on para-
metric likelihood approximation. Although ARIMA is the lowest-performing of
the statistical post-processing models, its accuracy is broadly comparable to Glu-
onTS and only around 10-15% worse than the best-performing model. This sug-
gests that despite its linear autoregressive structure (Equation 4.25), ARIMA can
still capture some of the underlying dynamics of PV time series. Neural networks
(LSTM, transformer) deliver moderate accuracy on power predictions, but their
data requirements and sensitivity to training length limit gains at site level. En-
semble tree methods (random forest, XGBoost) perform weakest, likely reflecting
overfitting to the short sliding-window inputs and poor extrapolation on extreme

days.

For direct forecasters, the AC model underperforms relative to the post-processed
approaches. Neural network forecasters and GluonTS, when used in direct mode,
also perform weakly compared to their post-processing counterparts, likely due
to their limitations in a purely univariate setup and the relatively short historical
training sequences available at site level. The commercial Quartz model achieves
accuracy broadly comparable to the direct neural forecasters, though with slightly
higher error magnitudes at Oxford. Similar patterns are observed across the other

UK sites (see Table A.1 to Table A.5 in Appendix).

The error distribution plots (Figure 4.8) provide further insight. The relative
prediction error time series shows that GluonTS tends to overpredict on high-
irradiance days, while the AC model underpredicts during low-output periods.
Both GP variants (MLE and NUTS) display narrower fluctuations, with errors
more tightly centred around zero. These patterns highlight the advantage of GP

post-processing in correcting systematic biases from the physical model. Across
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Table 4.2: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the Oxford site. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model

Adjustment Factor

Power

Day-ahead energy
MAE RMSE Time [s]® | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 034 056 23.00 247.17 552.88 11.05 2.03 2.98 24.08
Time series GP (NUTS) 034 055 286.00 239.44 547.79 10.95 1.98 2.94 22.93
GluonTS 035 0.57 11.00 2717.55 581.19 11.61 2.136 3.11 26.20
ARIMA 035 0571 24.33 277.18 578.98 11.57 217 3.06 279
LSTM (concurrent)’ 036 0.58 168.30 268.75 575.13 11.49 2.83 3.70 31.99
LSTM (recurrent)' 035 0.8 190.30 290.79 586.70 11.72 3.53 4.29 38.05
Transformer 036  0.57 7.88 280.98 583.22 11.65 2.477 3.71 3421
Random Forest 039 0.60 44582 320.49 716.79 14.32 3.29 5.79 44.29
XGBoost 0461 0.72  473.202 323.30 779.44 15.57 3.39 6.94 46.95
Direct Predictors

Model Chain (AC)? - - - 312.50 682.42 13.64 3.88 5.42 41.49
GluonTS - - - - - - 4.63 5.96 48.77
LSTM (concurrent) - - - - - - 6.97 8.90 59.92
LSTM (recurrent) - — - - - - 7.03 9.18 67.23
Transformer - - - - - - 7.08 9.02 65.59
On-the-market Model

Quartz (OCF) - - - 349.94 701.45 14.01 5.45 6.82 54.68

I LSTM (recurrent) corresponds to the standard recurrent architecture with hidden states carried
forward (recurrent=True), whereas LSTM (feed-forward) corresponds to the non-recurrent

variant (recurrent=False) that processes autoregressive inputs in a single pass.

2 “Model Chain (AC)” refers to the deterministic physical model with clipping. It is evaluated
over the test set to provide an apples-to-apples comparison with machine learning benchmarks.
3 ‘Computational time’ here includes both training and inference time. For neural network
models, this metric therefore combines long training times with relatively short inference times,
whereas for Gaussian process models and other statistical approaches the distinction is less

relevant.
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the other UK sites, GP variants consistently concentrate most of their mass around
the low-error region, while GluonTS exhibits a wider spread and the AC model al-
ternates between under- and overprediction. The AC model behaviour is strongly
linked to clipping losses and site-specific inverter and module specifications (see
Figures A.1 to Figure A.5 in the Appendix). Across the 6 UK sites measured,
the Quartz model exhibits error values comparable to GLuonTS direct predictions

and consistently outperforms all other direct predictors.

4.3.2.2 HK sites

Table 4.3 shows the errors and computational times associated with each model

used for PV power and energy prediction at the HK site A.

For HK site A, statistical post-processing models out-perform both NN-based and
tree-based ensemble methods across error metrics for PV power predictions. Sim-
ilar to the UK sites, the time-series GP NUTS model has the lowest MAE and
RMSE for adjustment factor predictions, though greater cost of computational
time. Similar trends can be observed in both small and large HK sites (see Ap-
pendix A.1.2). Direct model predictions have comparable PV power prediction er-
ror values to statistical post-processing models and only slightly worse cumulative
PV energy prediction errors at HK site A. The AC model prediction performs sim-
ilarly well at another small HK site C (see Table A.7 in Appendix). For HK small
site B and large sites D-F, GP MLE and NUTS models display lower power and
energy prediction errors across metrics in comparison to the AC model and other
tested models at the same site (Tables A.6, A.8-A.10 in Appendix). The Quartz
model generally outperforms NN and ensemble-based direct predictor models but
is consistently worse than GluonTS direct energy predictions, possibly reflecting

the greater heterogeneity in HK site data.
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Figure 4.8: Oxford UK Site: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 5.005 kW
(DC) while the peak AC capacity is approximately 3.96kW. GluonTS predictions are
shown in pink, GP MLE in green, GP NUTS in orange, the AC model in grey, and true

values in blue.
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Table 4.3: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for HK site A. Statistical models are highlighted in green,
NN-based models in red and tree-based ensemble methods in blue.

Adjustment Factor Power Day-ahead energy

Model MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 0.11 0.24 27.46 76.34 156.68 6.53 0.97 1.16 22.97
Time series GP (NUTS) 0.10 0.15  299.00 76.22 151.63 6.32 1.02 1.22 24.00
GluonTS 0.11  0.17 5.11 79.48 159.53 6.65 1.09 1.48 30.12
ARIMA 0.11  0.15 27.73 514.69 722.77 32.78 1.40 2.09 59.10
LSTM (concurrent) 025 031 133.86 497.44 696.77 29.02 0.85 1.58 46.32
LSTM (recurrent) 040 0.66 145.62 497.17 696.41 29.01 0.85 1.58 46.32
Transformer 0.12  0.18 2.48 505.99 707.52 29.48 1.37 2.04 54.93
Random Forest 0.11 0.16 2710.14 | 518.16 728.56 30.35 1.48 2.17 59.97
XGBoost 0.11 0.16  557.23 492.81 693.56 28.90 1.30 1.90 53.03
Direct Predictors

Deterministic Model (AC) - - - 79.88 160.56 6.69 1.12 1.52 32.95
GluonTS - - - - - - 2.46 3.38 52.33
LSTM (concurrent) - - - - - - 2.85 3.70 75.13
LSTM (recurrent) - - - - - - 2.74 3.59 72.88
Transformer - - - - - - 2.65 3.40 70.42
On-the-market Model

Quartz (OCF) - - - 489.49 663.80 27.66 2.45 3.11 68.06

Figure 4.9 shows a comparison between the predicted energy outputs and errors
of the AC model, GluonTS model, and time-series GP MLE and NUTS models
for HK site A. All models closely align with observed PV energy output, with
few isolated instances of extreme over- and under-prediction. Time-series GP
cumulative PV energy error distributions are normally distributed around 0 with
slightly more under-prediction, whereas the AC model and GluonTS error values
are slightly left-skewed due to more consistent over-prediction. The same pat-
tern is observed for all other HK sites (as seen in Appendix A.1.2), where GP
model prediction errors are more normally distributed and closer to O relative to

the GluonTS model and AC model.

4.3.2.3 Overall Performance

Figure 4.10 shows the overall power and energy prediction errors of each model,
combining UK and HK (all sites) datasets. GP MLE and NUTS consistently out-
perform all other models in both power and energy prediction accuracy, high-

lighting their suitability for PV datasets. In general, statistical models exhibit the

90



University of Oxford St-Hilda’s College

—»— True Values

1 4
S Time-series GP with NUTS
—— Time-series GP with MLE
101 7 Model Chain AC

GluonTS

PV Energy Output [kWh]

-
= 101
X —— Time-series GP with NUTS
§ —— Time-series GP with MLE
0 ---= Model Chain AC
c GIuonTS
<)
F= ] ‘ s
L u il
: i \f m W% Ak
IS g
>
o
9]
(e
41]
2 S % o a o S
o Q Q Q Q N ~
= % & i i i
D D ~ s ) ~
Date
160
777 Time-series GP with NUTS
140+ ; BN Time-series GP with MLE
0 1201 71 Model Chain AC
s B e GluonTs
S 100 !
.“
© 801
o
£ 60
> 0
2 401
201
0 ; ; - ; h === ’ .
-10.0 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0

PV Energy Prediction Error [kWh]

Figure 4.9: HK Site A: (Top) Comparison of observed PV day-ahead energy values with
predictions made by the GluonTS, GP MLE and GP NUTS models, as well as the de-
terminsitic AC model. (Middle) Day-ahead PV energy prediction errors for GLuonTS,
GP MLE, GP NUTS, and the AC model. (Bottom) Distribution of the day-ahead relative
PV energy prediction errors for GluonTS, GP MLE, and GP NUTS models, as well as
the AC model. The nominal capacity is 2.40 kW while the peak capacity is approximately
2.04 kW. True observed values are shown in blue, GP NUTS in orange, GP MLE in green,
deterministic AC model chain in grey, and GluonTS in pink.
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Figure 4.10: Overall performance comparison: (Top) Whisker plots of predicted 10-min
horizon PV power nRMSE distribution across all sites for deterministic AC ‘model chain’,
GP models, and all benchmarking models. (Bottom) Whisker plots of combined MAPE
for day-ahead PV energy prediction at all sites, for deterministic AC ‘model chain’, GP
models, and all benchmarking models. MC = AC ‘model chain’. Statistical models shown
in green, NN models in red (LSTM-C = concurrent, LSTM-R = recurrent, transf = trans-
former), ensemble tree methods in blue (RF = random forest), and Quartz model in cyan.
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lowest medians and interquartile ranges, whereas LSTM and ensemble tree mod-
els have the largest spread in error. These high distributions represent the poor
predictive stability of these models, likely caused by factors such as over-fitting

or insufficient training at each site.

The OCF Quartz model achieves competitive power nRMSE relative to the post-
processing models and consistently outperforms ensemble trees, indicating strong
instantaneous prediction capability. However, its median energy MAPE is higher
than other models, likely reflecting systematic daily biases that accumulate over
time and are amplified by the shorter 15-minute prediction intervals. Quartz is
trained on an XGBoost backbone using 9 NWP variables across over 25,000 PV
sites, which strengthens its ability to generalise and adapt to different environ-
ments but limits fine-tuning at individual sites. As such, it appears optimised for
short-term accuracy, whereas statistical post-processing models more effectively

handle long-horizon bias corrections.

NN model prediction accuracy is commonly affected by irregularities in trends,
for example due to sudden changes in cloud shading or other factors. Accuracy
could be improved by combining a probabilistic NN that predicts distribution pa-
rameters at each time step with variable uncertainty, with an ensemble tree method
to reduce variance. Similarly, the high prediction error of ensemble trees is of-
ten caused by residual bias and limited extrapolation when covariate distributions
shift. These models could be combined with multivariate post-processing to learn

any residual patterns not initially picked up.

4.4 Conclusion

This chapter evaluated GPs as Bayesian post-processors within a hybrid PV-forecasting

pipeline and contrasted them with statistical, neural, and tree-based benchmarks in
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both post-processing and direct-forecasting modes. ARGPs are particularly strong
in capturing non-linear dynamics compared with classical AR models, owing to
Bayesian uncertainty quantification and flexible kernel composition. However,
time-series GPs outperformed ARGPs as the seasonal, long-term data was more
naturally modelled as a function of time with composite kernels, whereas ARGPs
tended to shrink toward the mean and under-represent variability given short site-
level histories. Comparison between kernels found a combination of affine linear

and Matern kernels was most effective for the PV datasets used.

Benchmarking GP performance against statistical, NN, and ensemble tree-based
baselines across UK/HK sites revealed a clear hierarchy for both power and en-
ergy prediction: statistical post-processors (especially GPs) achieved the lowest
errors, followed by neural networks, then ensemble trees. In particular, time-
series GPs were the most reliable post-processors, delivering the best point accu-
racy and well-calibrated uncertainty, while ARIMA and GluonTS formed strong
but inferior baselines and direct forecasts from the deterministic AC model were

consistently worse.

Between Bayesian GP variants, NUTS typically yielded slightly lower errors than
MLE, reflecting the benefits of full posterior exploration and hyperparameter un-
certainty marginalisation. However, MLE outperformed NUTS at some sites, pos-
sibly due to insufficient site-level data making lower-variance point estimates ad-

Vantageous 1n some cases.
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5| Conclusion

5.1 Summary of Findings

This thesis proposed and evaluated a multiplicative hybrid approach for next-day
PV power and energy forecasting that combines a deterministic physics-based
model with a GP post-processor that corrects residual site-specific errors using
probabilistic and kernel-based learning. Pairing mechanistic priors with data-
driven flexibility in this manner overcomes common challenges associated with
PV datasets outlined in Chapter 1, including seasonality, gaps in the datasets, and

sudden weather-induced irregularities.

The application of both time-series GPs and ARGPs to deterministic physical-
based model was explored, along with kernel composition and hyperparameter
choice. Across variants, the time-series GP more faithfully captured trends than
the ARGP, which tended to regress toward the mean in highly variable regimes.
Comprehensive benchmarking was then performed against multiple statistical,
NN-driven, and ensemble tree-based models on a total of 12 datasets varying
in size and location between HK and the UK. Diverse power and energy pre-
diction error metrics revealed GP post-processing to consistently outperform all
other post-processing models in addition to direct predictions by the determinis-
tic AC model, effectively adapting to site heterogeneity and outliers. Relative to
commercial baselines, Quartz showed strong instantaneous power predictive ac-
curacy but weaker day-ahead energy predictive accuracy, reinforcing the strength
of post-processing in correcting biases at daily aggregation steps. Additionally,
the NUTS model with full Bayesian inference generally yielded lower errors than
MLE at the cost of greater computational time due to hyperparameter uncertainty

marginalisation. However, MLE outperformed all other models, including NUTS,
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at sites with limited data or weak priors where lower-variance point estimates were

preferable.

Overall, the hybrid approach proposed shows promise for real-world applications
due to its interpretability, ease of implementation and modest data requirements
in addition to high performance. By combining physically grounded priors with
probabilistic residual learning in a multiplicative form, the proposed multiplica-
tive GP-augmented approach delivers state-of-the-art performance across diverse
sites while laying a clear path toward scalable, uncertainty-aware forecasting in

real-world operations.

5.2 Future Directions

5.2.1 Using Additional Weather Data

Ensemble NWP inputs, such as GHI, temperature, wind, or cloud cover, can be
incorporated into the hybrid model to improve conditioning. Ensembles provide
both a central tendency and a spread that reflect meteorological uncertainty; con-
ditioning on this information can reduce systematic bias and improve uncertainty

quantification.

This may be achieved by applying ensemble post-processing to NWP irradiance
upstream of the physical model for calibrated probabilistic irradiance, which can
be propagated through the model chain to generate an ensemble of PV power
trajectories. GPs may post-process each trajectory before aggregating the result-
ing distributions or post-processing ensemble summaries of trajectories. Alter-
natively, the summary features of the ensemble may be directly fed as covariates
into the GP for the multiplicative adjustment model to enable state-dependent cor-

rections. For example, a high ensemble spread or the presence of specific regime
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indicators would cause the GP to increase expected adjustment or predictive vari-

ance.

Conditioning models in this way reduces the impact of systematic NWP biases,
stabilising and shrinking residuals, thus increasing the stability of kernel hyperpa-
rameters. It may also yield better-calibrated forecasts by improving model flexi-
bility, as ensemble diagnostics may act as indicators of environmental factors such

as cloud cover.

5.2.2 Multivariate Residual Learning

Instead of modelling a single univariate adjustment factor solely as a function of
time, the residual model can be extended to incorporate multiple inputs and out-
puts. By introducing a feature vector into the GP, additional information such as
ensemble statistics, physical-model diagnostics, site metadata, calendar effects,
and recent residuals can be included. This enables the model to learn state-
dependent corrections — for example, applying larger multiplicative adjustments

on days with high ensemble spread or during periods of inverter clipping.

Conditioning the residual learner on a rich set of covariates helps stabilize and
shrink residuals, thus enhancing robustness to regime shifts such as seasonal am-
plitude changes or persistent clipping. Multi-task sharing across sites can further
reduce the data requirements for each location and improve imputation on days
with missing sensor data. Combined with sparse or variational multi-output GP
implementations, this approach remains computationally scalable while providing

more accurate and physically interpretable corrections.
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5.2.3 GP Approximations

Current Gaussian process (GP) inference scales as O(n?) with respect to the num-
ber of training points n, due to the Cholesky factorisation of the covariance ma-
trix. This cubic complexity increases both computational time and memory cost,

potentially leading to slower end-to-end predictions compared to lighter models.

Multiple principled approximations exist that can reduce complexity, including

but not limited to:

State-space GPs: For one-dimensional time series and kernels that admit a

L1353
202720

state-space (SDE) representation, such as the Matérn family with v € {
the GP can be expressed as a linear dynamical system and inferred using Kalman
filtering and smoothing [Svensson et al., 2015]. This reduces both time and mem-
ory complexity to O(n), supports online updates, and is particularly well-suited

to long histories or high-frequency (intra-day) data.

Sparse or variational GPs: By introducing a small set of m inducing points to
summarise the process, the full covariance structure can be approximated using
an inducing kernel and corresponding cross-covariances. The model parameters
are typically learned by maximising a variational evidence lower bound (ELBO)
in mini-batches, resulting in training complexity O(nm?) and prediction cost
O(m?). This approach is particularly suitable for day-ahead energy forecasting
with moderate amounts of historical data (hundreds to thousands of daily sam-
ples), preserving predictive accuracy while significantly reducing computational

and memory demands.

Structured kernel interpolation (SKI): Inducing points are placed on a regu-

lar grid and interpolated to true inputs using sparse weighted interpolation. This
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structure allows the use of iterative solvers with near-linear complexity between
O(n) and O(nm?), depending on grid density and input dimensionality. SKI per-

forms best for stationary kernels and low-dimensional input spaces.

Stochastic variational inference (SVI): Replacing or complementing MLE or
NUTS-based inference with SVI enables approximate posterior inference over
hyperparameters at greatly reduced cost. The variational posterior is optimised
using stochastic gradient updates over mini-batches, retaining meaningful uncer-

tainty estimates while enabling scalability to larger datasets.

The use of sparse or variational GP approximations tailored to time-series data
would substantially improve computational efficiency, reducing latency and en-
ergy consumption while maintaining accuracy. These methods enhance scalabil-
ity across larger datasets and enable the use of more complex models for improved
predictive performance. However, care must be taken, as aggressive approxima-

tion may lead to underestimation of predictive variance.
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PV Power and Energy Forecast Results
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A.1.1 UK sites deterministic model results
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Figure A.1: UK Site 1: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. The nominal capacity
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is 3.36 kW while the peak capacity is approximately 2.81 kW.
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Figure A.2: UK Site 2: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. The nominal capacity
is 3.36 kW while the peak capacity is approximately 2.85 kW.
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Figure A.3: UK Site 3: (Top) Comparison of observed PV power and energy with a
clear-sky model, as well as deterministic physical model predictions with and without in-
verter clipping. (Bottom) Comparison of observed PV energy data alongside deterministic
model predictions with and without inverter clipping. The nominal capacity is 3.76 kW
while the peak capacity is approximately 2.98 kW.
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Figure A.4: UK Site 4: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV energy data alongside model predictions with
and without inverter clipping. The nominal capacity is 3.99 kW while the peak capacity
is approximately 3.36 kW.
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Figure A.5: UK site 5: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. The nominal capacity
is 3.51 kW while the peak capacity is approximately 2.97 kW.
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Figure A.6: HK Site B: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data at HK site
B alongside deterministic model predictions with and without inverter clipping. Nominal

capacity is estimated to be 3.40 kW, while the peak capacity is approximately 2.93 kW.
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Figure A.7: HK site C: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. Nominal capacity is
estimated to be 5.88 kW, while the peak capacity is approximately 5.00 kW.
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Figure A.8: HK Site D: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. Nominal capacity is
estimated to be 34.10 kW, while the peak capacity is approximately 28.99 kW.

122



. . . R
University of Oxford St-Hilda’s College
30000 Clear-Sky Model
—»— Observed PV Power
——— Model Chain (DC)
25000 ~——— Model Chain (AC)
Z 20000
5
o
B
3
S 15000
-
[}
z
o
210000
>
o
5000
0
2021-05  2021-09  2022-01  2022-05  2022-09  2023-01  2023-05  2023-09  2024-01
Time
250
200 ; \ ) /
: |
= i
<
= 150
3
o
8
=)
1S
3100
S
[
C
w
z
50 i I A
---- Clear-Sky Model (scaled) ;l
—=— Observed PV Energy
—— Model Chain DC
04 —— Model Chain AC

2022-09  2023-01  2023-05  2023-09  2024-01

Date

202105  2021-09  2022-01  2022-05

Figure A.9: HK Site E: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. Nominal capacity is

estimated

to be 34.06 kW, while the peak capacity is approximately 28.95 kW.
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Figure A.10: HK Site F: (Top) Comparison of observed PV power with a clear-sky model,
as well as with deterministic physical model predictions with and without inverter clip-
ping. (Bottom) Comparison of observed PV day-ahead cumulative energy data alongside
deterministic model predictions with and without inverter clipping. Nominal capacity is
estimated to be 29.01 kW, while the peak capacity is approximately 24.66 kW.
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A.1.3 UK sites benchmarking results

Table A.1: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the UK site 1. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 045 036 36.2 97.59 231.29 6.88 1.11 1.39 24.05
Time series GP (NUTS) 046 037  371.00 107.87 250.36 745 1.33 1.67 24.49
GluonTS 046 041 4.89 121.33 272.19 8.10 2.09 2.86 38.38
ARIMA 046  0.62 19.62 137.28 313.52 9.33 2.94 4.61 47.45
LSTM (concurrent) 0.3890 0.4623 248.00 137.34 300.13 8.93 2.25 3.13 45.90
LSTM (recurrent) 039 04622 26.00 137.14 300.00 8.93 2.24 3.12 45.83
Transformer 049 043 2.75 170.76 282.04 8.39 3.31 5.93 47.05
Random forest 054 071 88573 151.25 364.27 10.84 2.74 4.51 45.70
XGBoost 052  0.69 139.30 156.30 363.57 10.82 293 4.54 46.95
Direct Predictors

Deterministic model (AC) - - - 127.13 278.68 8.29 2.14 2.94 54.20
GluonTS - - - - - - 3.71 4.90 61.06
LSTM (concurrent) - - - - - - 6.14 7.11 195.06
LSTM (recurrent) - - - - - - 5.82 6.91 195.00
Transformer - - - - - - 5.77 6.82 185.97
On-the-market Model

Quartz (OCF) - - - 163.50 333.56 9.93 5.51 6.50 81.62
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Figure A.11: UK Site 1: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 3.36 kW
while the peak capacity is approximately 2.81 kW.
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Table A.2: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the UK site 2. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Adjustment Factor Power Day-ahead energy

Model MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 045 034 41.02 117.44 297.36 8.85 1.19 1.39 19.78
Time series GP (NUTS) 044 035 392.11 123.14 302.73 9.01 1.28 1.49 20.66
GluonTS 046  0.37 4.74 137.36 293.62 8.74 2.26 3.18 36.31

ARIMA 046  0.60 20.03 166.44 375.06 11.16 2.79 4.18 39.27
LSTM (concurrent) 0.36 044  302.73 147.66 317.16 9.44 2.06 2.85 35.21

LSTM (recurrent) 036 044  318.07 148.35 318.67 9.48 2.08 2.88 35.43

Transformer 0.52  0.46 2.56 174.76 306.53 9.12 3.15 5.128 4342
Random forest 0.551 0.726  782.58 170.81 414.29 11.02 2.92 4.86 42.55

XGBoost 0.521 0.684 491.64 171.24 410.44 10.92 2.96 4.94 42.17
Direct Predictors

Deterministic model (AC) - - - 144.02 304.85 9.07 2.14 2.94 44.20
GluonTS - - - - - - 3.96 5.12 51.02
LSTM (concurrent) - - - - - - 5.67 6.84 168.55
LSTM (recurrent) - - - - - - 5.49 6.57 165.27
Transformer - - - - - - 5.33 6.50 160.89
On-the-market Model

Quartz (OCF) - - - 182.81 373.03 11.10 5.06 6.20 56.61
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Figure A.12: UK Site 2: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 3.36 kW
while the peak capacity is approximately 2.85 kW.
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Table A.3: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the UK site 3. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 031 0.16 34.22 112.49 286.82 7.15 1.39 1.83 24.54
Time series GP (NUTS) 032 017 287.64 112.31 287.52 7.65 1.39 1.76 23.55
GluonTS 033 0.17 4.42 116.68 289.05 7.69 1.86 2.64 33.90
ARIMA 0.31 041 22.38 125.79 299.55 797 1.88 2.63 33.59
LSTM (concurrent) 022 034 23210 123.80 289.57 7.70 2.26 3.03 39.55
LSTM (recurrent) 021 033 228.85 124.09 290.09 7.72 2.27 3.04 39.71

Transformer 0.34  0.17 2.76 128.346 270.33 7.18 221 3.29 36.65

Random forest 045 0.60 2061.37 | 143.30 406.86 10.82 2.62 528 38.94
XGBoost 0.386 0.483 1585.99 | 148.19 427.11 11.36 2.77 5.62 41.11

Direct Predictors

Deterministic model (AC) - - - 131.12 301.90 8.03 2.53 3.36 52.26
GluonTS - - - - - - 4.45 5.96 63.99
LSTM (concurrent) - - - - - - 6.85 8.66 190.12
LSTM (recurrent) - - - - - - 6.66 8.40 185.53
Transformer - - - - - - 6.53 8.29 181.31
On-the-market Model

Quartz (OCF) - - - 197.32 390.69 10.39 6.22 7.93 77
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Figure A.13: UK Site 3: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 3.76 kW
while the peak capacity is approximately 2.98 kW.
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Table A.4: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the UK site 4. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Adjustment Factor Power Day-ahead energy

Model MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 042 0.3l 36.27 131.24 324.95 8.14 1.85 2.49 24.00
Time series GP (NUTS) 042 033 35144 133.81 322.34 8.08 1.74 2.30 23.97
GluonTS 039 0.29 4.72 136.06 288.66 7.23 2.39 3.41 35.00
ARIMA 043 057 19.24 165.11 388.11 9.73 3.17 5.00 38.18
LSTM (concurrent) 033 042 297.88 210.70 461.12 11.56 3.02 4.23 42.98
LSTM (recurrent) 0.33 042  286.93 210.14 444.10 11.13 2.83 3.83 44.83
Transformer 049 0.39 2.80 182.50 445.50 11.17 3.51 5.85 43.90
Random forest 046 0.61 35533 170.12 440.40 11.14 3.34 5.87 38.94
XGBoost 046 0.61  482.65 161.37 411.76 10.32 3.11 542 36.76
Direct Predictors

Deterministic model (AC) - - - 147.66 327.24 8.20 3.36 4.85 43.68
GluonTS - - - - - - 4.14 5.56 69.24
LSTM (concurrent) - - - - - - 6.77 8.00 82.48
LSTM (recurrent) - - - - - - 6.57 8.22 79.32
Transformer - - - - - - 6.46 7.61 75.20
On-the-market Model

Quartz (OCF) - - - 169.75 349.75 8.77 6.12 7.31 70.50
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Figure A.14: UK Site 4: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 3.99 kW
while the peak capacity is approximately 3.36 kW.
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Table A.5: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the UK site 5. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 045 040 4431 165.86 375.58 10.70 2.61 3.76 121.23
Time series GP (NUTS) 046 040 373.28 170.67 387.03 11.02 3.03 4.31 126.16
GluonTS 047 042 4.87 162.62 378.76 10.79 3.21 522 132.73
ARIMA 048  0.65 18.35 180.85 412.57 11.75 3.32 5.79 176.07
LSTM (concurrent) 0.3980 0.4286 276.698 [ 202.42 449.12 12.80 3.55 5.56 194.64
LSTM (recurrent) 0.3981 0.4284 280.803 | 202.58 449.31 12.80 3.56 5.57 194.78
Transformer 0.527 0.523 291 221.81 430.79 12.27 4.39 6.77 169.69
Random forest 0.576  0.80  397.36 224.82 528.58 15.06 435 6.93 180.96
XGBoost 0.51 0.70 49451 232.38 549.34 15.65 4.52 7.25 188.47
Direct Predictors

Deterministic model (AC) - - - 180.02 401.40 11.43 3.09 4.87 167.15
GluonTS - - - - - - 5.78 7.72 178.39
LSTM (concurrent) - - - - - - 6.93 8.80 195.53
LSTM (recurrent) - - - - - - 6.75 8.59 190.22
Transformer - - - - - - 6.58 8.38 183.62
On-the-market Model

Quartz (OCF) - - - 210.16 420.32 11.98 6.22 7.93 177
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Figure A.15: UK Site 5: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 3.51 kW
while the peak capacity is approximately 2.97 kW.
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A.1.4 HK sites benchmarking results

Table A.6: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the HK site B. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 038 0.57 23.70 134.97 260.42 7.66 3.57 4.46 47.04
Time series GP (NUTS) 039 0.58  280.30 134.01 265.30 7.80 2.68 3.73 47.70
GluonTS 036 0.56 4.93 131.39 276.89 8.14 3.38 5.16 53.43
ARIMA 039  0.58 20.18 211.77 465.41 13.69 3.80 5.37 60.04
LSTM (concurrent) 043 0.70 14896 538.19 742.05 21.83 3.85 5.48 60.03
LSTM (recurrent) 058 4.06 141.32 549.17 763.12 22.44 3.38 5.57 60.06
Transformer 049  0.69 2.38 465.53 700.53 20.60 4.45 5.86 66.42
Random Forest 041 0.60 219.09 949.21 1579.50 46.46 7.60 13.18 94.71
XGBoost 042 0.63 537.87 894.18 1468.89 43.20 6.60 11.50 83.26
Direct Predictors

Deterministic model (AC) - - - 138.42 273.58 8.05 4.85 5.73 53.51
GluonTS - - - - - - 5.01 6.70 73.22
LSTM (concurrent) - - - - - - 5.44 6.32 66.20
LSTM (recurrent) - - - - - - 5.27 6.19 62.18
Transformer - - - - - - 5.13 5.99 57.34
On-the-market Model

Quartz (OCF) - - - 642.32 846.58 24.89 3.38 3.97 74.59
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Figure A.16: HK Site B: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle)
Day-ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC
model. (Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS,
GP MLE, and GP NUTS models, as well as the AC model. The nominal capacity is
34.10kW while the peak capacity is approximately 28.99 kW.
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Table A.7: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the HK site C. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 0.61  0.99 39.21 309.48 617.80 10.51 5.28 6.21 27.21
Time series GP (NUTS) 0.61 099  390.04 289.15 569.99 9.69 4.56 538 2491
GluonTS 0.65 1.06 4.27 311.46 626.60 10.66 5.24 5.87 26.29
ARIMA 0.666 1.03 6.40 359.95 923.68 15.71 6.73 8.83 52.64
LSTM (concurrent) 1.17  0.82  209.96 1898.96 2559.75 43.53 5.69 7.43 62.87
LSTM (recurrent) 1.37  0.86 128.30 1686.65 2287.58 38.90 7.66 9.01 63.92
Transformer 0.77  1.08 2.49 2260.90 2401.51 40.84 751 10.48 66.92
Random forest 0.74 1.11  426.31 | 2470.65 3893.24 66.21 18.09 32.08 78.32
XGBoost 0.88 137 207.67 | 2331.74 3617.41 61.52 15.62 27.94 68.27
Direct Predictors

Deterministic model (AC) - - - 286.48 551.80 9.38 4.99 5.88 28.72
GluonTS - - - - - - 6.72 9.25 59.15
LSTM (concurrent) - - - - - - 18.04 21.00 63.87
LSTM (recurrent) - - - - - - 17.65 20.79 61.95
Transformer - - - - - - 17.38 20.33 58.90
On-the-market Model

Quartz (OCF) - - - 1398.24 2018.05 34.32 16.97 19.42 56.50
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: HK Site C: (Top) Observed PV day-ahead energy values vs. predictions

from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle) Day-
ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC model.
(Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTS, GP
MLE, and GP NUTS models, as well as the AC model. The nominal capacity is 5.88 kW
while the peak capacity is approximately 5.00 kW.

138



University of Oxford St-Hilda’s College

Table A.8: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the HK site D. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy
MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 0.67 0.87 36.20 1421.64 3125.98 9.16 16.31 28.58 310.59
Time series GP (NUTS) 0.67 0.89 35690 | 1366.20 2748.38 8.06 15.86 20.11 317.08
GluonTS 0.65 0.87 4.54 1429.27 3204.12 9.40 35.04 43.15 335.52
ARIMA 0.68  0.90 14.95 2014.80 4728.73 13.87 43.40 49.79 383.09
LSTM (concurrent) 0.88 1.19 275.53 | 5847.09 9425.73 27.64 42.64 48.81 377.64
LSTM (recurrent) 149 095 128.62 | 5990.61 9495.84 27.85 40.57 46.51 376.06
Transformer 072 093 2.56 9887.68 8791.87 25.78 32.54 44.95 34742
Random forest 0.83 1.12 81845 | 10581.12  16323.85 47.87 78.25 121.34 414.61
XGBoost 0.84 1.10 42228 | 1001427 15291.54 44.84 70.39 106.76 445.09
Direct Predictors

Deterministic model (AC) - - - 1504.40 3268.28 10.64 24.66 34.25 348.63
GluonTS - - - - - - 39.99 50.04 352.82
LSTM (concurrent) - - - - - - 116.69 132.03 425.04
LSTM (recurrent) - - - - - - 114.24 129.35 415.32
Transformer - - - - - - 112.06 127.77 400.83
On-the-market Model

Quartz (OCF) - - - 5177.68 9285.13 27.23 107.99 122.79 387.34
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Figure A.18: HK Site D: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle)
Day-ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC
model. (Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTsS,
GP MLE, and GP NUTS models, as well as the AC model. The nominal capacity is
34.10kW while the peak capacity is approximately 28.99 kW.
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Table A.9: Performance comparison across post-processing models, direct predictors, and
the Quartz on-the-market model for the HK site E. Statistical models are highlighted in
green, NN models in red, and ensemble-based tree methods in blue.

Adjustment Factor Power Day-ahead energy

Model MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]

Post-processing Models

Time series GP (MLE) 0.58  0.79 28.89 851.48 1899.69 5.57 5.09 7.15 48.36
Time series GP (NUTS) 058 079 304.23 911.03 1973.52 5.79 7.72 9.20 57.15
GluonTS 0.58 0.81 493 131791 941.36 2.76 12.43 17.34 74.05
ARIMA 0.60 0.81 29.52 3097.77 5546.16 16.28 16.42 23.13 105.36
LSTM (concurrent) 0.86 0.84 212.15 | 6592.64 9342.52 2743 15.41 19.33 87.48
LSTM (recurrent) 0.77 085 228.78 | 7782.83 10904.06 32.01 19.71 23.46 122.15
Transformer 0.67 0.90 3.01 6914.64 10100.37 29.65 17.35 24.09 89.29
Random forest 0.72 093 3375.88 | 7293.64 10866.47 31.90 45.59 64.16 152.60
XGBoost 0.70 092 77471 | 691251 10231.44 30.04 40.40 55.70 136.99
Direct Predictors

Deterministic model (AC) - - - 1043.96 2128.01 6.25 15.51 21.45 70.95
GluonTS - - - - - - 25.43 33.95 135.25
LSTM (concurrent) - - - - - - 78.02 90.33 96.54
LSTM (recurrent) - - - - - - 76.56 86.59 89.54
Transformer - - - - - - 75.00 86.53 89.92
On-the-market Model

Quartz (OCF) - - - 3721.76 6628.36 19.46 72.71 83.08 84.00
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Figure A.19: (HK Site E: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle)
Day-ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC
model. (Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTsS,
GP MLE, and GP NUTS models, as well as the AC model. The nominal capacity is
34.06 kW while the peak capacity is approximately 28.95 kW.
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Table A.10: Performance comparison across post-processing models, direct predictors,
and the Quartz on-the-market model for the HK site F. Statistical models are highlighted
in green, NN models in red, and ensemble-based tree methods in blue.

Model Adjustment Factor Power Day-ahead energy

MAE RMSE Time [s] | MAE [W] RMSE [W] nRMSE [%] | MAE [kWh] RMSE [kWh] MAPE [%]
Post-processing Models
Time series GP (MLE) 0.69 098 32.10 849.15 1734.37 5.98 9.20 11.57 183.70
Time series GP (NUTS) 0.65 093 385.34 880.22 1835.75 6.32 12.34 17.37 173.65
GluonTS 0.16 023 521 965.29 2006.77 6.92 13.73 17.91 185.30
ARIMA 0.16 022 40.44 5263.37 13734.83 18.14 21.51 28.91 204.67
LSTM (concurrent) 0.06 044 147.82 5509.48 7655.76 26.39 14.01 16.95 248.68
LSTM (recurrent) 0.06 045 171.66 5444.05 7586.94 21.15 15.07 18.12 250.38
Transformer 0.18 0.24 275 5852.60 5562.96 19.18 10.58 15.78 249.30
Random forest 0.19 0.25 26548.81| 6133.90 8508.08 29.33 22.66 30.97 263.09
XGBoost 0.18 024  792.95 5854.67 8144.47 28.07 23.60 31.21 258.88
Direct Predictors
Deterministic model (AC) - - - 1101.69 2258.51 7.79 14.35 20.11 223.30
GluonTS - - - - - - 37.11 50.99 385.44
LSTM (concurrent) - - - - - - 45.02 62.10 430.98
LSTM (recurrent) - - - - - - - 58.04 410.33
Transformer - - - - - - 39.74 54.01 396.67
On-the-market Model
Quartz (OCF) - - - 3602.73 6316.08 21.77 18.02 21.95 282.23
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Figure A.20: (HK Site F: (Top) Observed PV day-ahead energy values vs. predictions
from GluonTS, GP MLE and GP NUTS models, as well as the AC model. (Middle)
Day-ahead PV energy prediction errors for GluonTS, GP MLE, GP NUTS, and the AC
model. (Bottom) Distribution of the day-ahead PV energy prediction errors for GluonTsS,
GP MLE, and GP NUTS models, as well as the AC model. The nominal capacity is
29.01 kW while the peak capacity is approximately 24.66 kW.
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A.2 Observed-to-predicted Adjustment Ratio Results

A.2.1 UK site adjustment factor results
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Figure A.21: Time-series GP at the UK Site 1: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.22: Time-series GP at the UK Site 2: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.23: Time-series GP at the UK Site 3: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.24: Time-series GP at the UK Site 4: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.25: Time-series GP at the UK Site 5: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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A.2.2 HK site adjustment factor results
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Figure A.26: Time-series GP at the HK Site A: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter

marginalisation on uncertainty.
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Figure A.27: Time-series GP at the HK Site B: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter

marginalisation on uncertainty.
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Figure A.28: Time-series GP at the HK Site C: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.29: Time-series GP at the HK Site D: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.30: Time-series GP at the HK Site E: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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Figure A.31: Time-series GP at the HK Site F: predictive mean (solid) with 95% con-
fidence intervals. MLE vs. NUTS are overlaid to illustrate the effect of hyperparameter
marginalisation on uncertainty.
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