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Abstract

Modern power systems are being fundamentally reshaped by the increasing integration of
renewable energy sources (RESs) [48], such as solar and wind power generation. Their inherent
variability poses significant challenges for real-time grid control. In particular, advanced
control strategies, including model predictive control, require multi-step forecasts at temporal
resolutions relevant to the specific control application, which in this work is of the order of
seconds. However, commonly available meteorological datasets are often temporally sparse,
creating a pronounced mismatch between data availability and control requirements. To
address this challenge, this thesis investigates the use of physics-informed neural networks
(PINNSs) to forecast photovoltaic (PV) power generation in spatially distributed PV systems
at temporal resolutions on the order of seconds under temporal data sparsity.

The PINN developed incorporates partial physical knowledge of atmospheric processes through
a spatiotemporal cloud motion equation, enabling physically plausible generalization to un-
seen time steps and conditions. To generate multi-step forecasts at temporal resolutions on
the order of seconds, a recursive forecasting framework is developed. In addition, an im-
proved training strategy is proposed in which the model is trained using its own recursively
generated forecasts, thereby reducing the mismatch between training and inference. Finally,
a novel correlation-based collocation point sampling strategy is developed to generate physi-
cally plausible and statistically representative collocation points, thereby supporting effective
physics-based regularization.

The proposed methods are evaluated through two complementary case studies. In a case
study based on a selected region in France, the PINN with the improved training strategy
demonstrates a clear advantage under challenging atmospheric conditions compared to a
persistence model, which assumes constant behavior over the forecast horizon. It also achieves
superior data efficiency relative to purely data-driven neural networks (NNs) and improved
computational efficiency over a physics-only model during inference. The proposed collocation
point sampling strategy also consistently outperforms uniform sampling.

In addition, a real-world case study based on a measurement site in Hawaii validates the
forecasting framework under a realistic PV deployment scenario in which available data are
not only temporally sparse but also satellite-derived. Because such data provide only an
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approximate, temporally and spatially smoothed representation of the true atmospheric con-
ditions affecting the PV system, this setting introduces an additional data-reality mismatch.
Nevertheless, the framework remains capable of producing meaningful forecasts at temporal
resolutions on the order of seconds, establishing its practical applicability for PV systems
worldwide without local measurement infrastructure.
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Chapter 1

Introduction

1-1 General introduction

The global transition from centralized, dispatchable fossil-fueled power generation to de-
centralized, weather-dependent renewable energy sources (RESs) is fundamentally reshaping
modern power systems [48, 61]. This transition is driven by the urgency to mitigate climate
change and meet international decarbonization goals, and promises a more sustainable and
environmentally responsible energy future [28]. At the same time, it introduces new challenges
for the reliable operation of power systems, mainly due to the inherent variability, limited
controllability, and decentralized nature of RESs [39, 77].

In Europe, the share of renewable energy in total energy consumption reached a historical
high of 24.5% in 2023 [28], as shown in Figure 1-1, driven mainly by a substantial growth
of solar and wind power generation. However, reaching the newly adopted European Union
target of at least 42.5% by 2030 will require more than doubling the current rate of RESs
deployment, further increasing the influence of weather-dependent power generation on power
system operation.

Reliable electricity supply is a cornerstone of modern society, supporting a wide range of
critical services and economic activities in sectors such as healthcare, transportation, com-
munication, and industry [57]. Power systems must therefore balance electricity generation
and consumption to maintain a stable grid frequency close to its nominal value. Imbalances
can cause frequency deviations that disrupt industrial processes, damage equipment, and in
severe cases trigger cascading failures that lead to large-scale blackouts [36]. Recent events,
such as the April 2025 blackout in the Iberian Peninsula, have highlighted the challenges of
maintaining frequency stability in power systems with a high share of RESs [16].

Historically, frequency stability has been maintained through the real-time control of large,
centralized, dispatchable generators [48], typically referred to as load frequency control (LFC).
As these generators are increasingly displaced or complemented by non-dispatchable RES,
traditional control paradigms face growing challenges [4]. In this context, accurate and reliable
forecasting of renewable power generation has become increasingly important in modern power
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2 Introduction

Progress towards renewable energy targets in Europe
100%

90%
80%
70%
60%

50% Target for 2030
42.5%

40%

Renewable energy share

30% 25% .

20%
10.2%
10%
2005 2010 2015 2020 2023 2025 2030 2050

Figure 1-1: Share of renewable energy in Europe's total energy mix from 2005 to 2023 [28].

system operation, as it allows anticipating power imbalances and supports proactive control
[25, 55].

A wide range of forecasting approaches have been developed to support power system opera-
tion. Broadly, these approaches can be categorized into physics-based models, which rely on
physical laws describing the process of interest, and data-driven machine learning (ML) mod-
els, which can learn complex nonlinear relationships directly from historical data [9, 79]. More
recently, physics-informed machine learning (PIML) approaches have emerged as a promising
research direction. They combine physical knowledge with data-driven techniques, aiming
to leverage the physical plausibility of physics-based models and the universal approxima-
tion capabilities of ML methods [42]. The effectiveness of both forecasting approaches in
power system operation depends on several factors, including data availability, the complex-
ity of the underlying physical processes, and the temporal and spatial resolution required by
control applications.

1-2 Problem description

Although renewable power generation forecasting is widely recognized as a key enabler of
reliable operation of modern power systems [55, 61], significant challenges remain in aligning
the capabilities of existing forecasting methods with the requirements of real-time control
applications [22]. Advanced control strategies such as model predictive control (MPC) [27,
72], which are increasingly considered for tasks such as LFC [5], require multi-step forecasts
at temporal resolutions relevant to the specific control application. In this thesis, the term
control-relevant is used to denote multi-step forecasts at temporal resolutions on the order of
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1-3 Research questions 3

seconds, corresponding to the time scales of the control layers under consideration. Meeting
these requirements remains challenging.

Physics-based forecasting models can provide physically plausible forecasts, but typically
require detailed knowledge of the underlying physical laws and system-specific parameters,
and are computationally expensive due to the repeated numerical evaluation of the physical
model [50]. However, due to the complexity of the atmospheric processes governing renewable
power generation, complete physical descriptions are often unavailable or impractical [10].

On the other hand, data-driven ML models can learn complex nonlinear relationships di-
rectly from data, but require large volumes of training data at a temporal resolution that is
sufficiently high for the intended forecasting task [14, 50]. However, in practice, commonly
available meteorological datasets, including globally available satellite-derived services such
as Solcast [80], typically provide data at 5-minute resolution. This creates a pronounced
mismatch between temporally sparse observational data and the higher temporal resolution
required by power system control applications. Such a mismatch is especially relevant for
renewable power generation systems that lack local sensors and must rely exclusively on
temporally sparse satellite-based data.

The limitations of physics-based and data-driven forecasting approaches at temporal resolu-
tions on the order of seconds motivate the exploration of PIML frameworks [42]. Such frame-
works can potentially exploit partial physical knowledge to support data-driven learning under
temporal data sparsity. Within this framework, physics-informed neural networks (PINNS)
have received significant attention, as they allow physical knowledge to be incorporated into
the training of neural networks (NNs) through the enforcement of governing equations [68].
In principle, this enables PINNs to generate physically plausible forecasts at higher temporal
resolution than that available in the data, by generalizing between temporally sparse obser-
vations. However, the practical effectiveness of PINNs in generating multi-step renewable
power generation forecasts at temporal resolutions on the order of seconds under temporal
data sparsity and partial physical knowledge remains an open research question.

1-3 Research questions

The problem description in Section 1-2 highlights a fundamental gap between the requirements
of real-time power system control applications and the capabilities of existing renewable power
generation forecasting approaches. On the one hand, advanced control strategies such as MPC
require multi-step forecasts at temporal resolutions on the order of seconds. On the other
hand, both physics-based and data-driven forecasting methods face intrinsic limitations in
such settings, arising from partial physical knowledge of relevant atmospheric processes and
temporal data sparsity, respectively. This motivates the exploration of PIML approaches as
a potential means to bridge this gap.

Although these challenges apply broadly to weather-dependent RESs, this thesis focuses
specifically on photovoltaic (PV) power generation. PV systems are sensitive to atmospheric
conditions, where variations in power generation are primarily driven by spatiotemporal cloud
motion that can induce rapid fluctuations in solar irradiance over time and space [22]. In ad-
dition, PV installations are often deployed in spatially distributed configurations with limited
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4 Introduction

local sensing, which motivates the use of temporally sparse satellite-derived data for fore-
casting. These characteristics make PV power generation in spatially distributed systems a
representative case for investigating control-relevant forecasting under partial physical knowl-
edge of relevant atmospheric processes and temporal data sparsity.

Against this background, the central research question of this thesis is formulated as follows:

How can physics-informed neural networks be used to forecast PV
power generation in spatially distributed PV systems under temporal
data sparsity and real-time power system control requirements?

To address this overarching question in a structured and systematic way, several more specific
research questions are considered. First, the effectiveness of PINNs depends on the suitabil-
ity and formulation of the physical knowledge incorporated into the training process. This
motivates the following research question:

« RQ1: What partial physical knowledge of atmospheric processes, expressed through
governing equations, is suitable for PV power generation forecasting in spatially dis-
tributed PV systems, and how can it be incorporated into a physics-informed neural
network?

Second, real-time power system control requires forecasts not only at relatively high temporal
resolution but also over multiple future time steps. Such multi-step forecasts are typically
generated recursively and are therefore susceptible to error accumulation, a challenge that
becomes even more pronounced under temporal data sparsity. This motivates the following
research question:

« RQ2: How can physics-informed neural networks be used within a recursive forecasting
framework to generate physically plausible multi-step PV power generation forecasts at
temporal resolutions on the order of seconds under temporal data sparsity?

Finally, the practical performance of PINNs depends on how they are designed and trained,
particularly under recursive use and temporal data sparsity. This motivates an investigation
into methodological adaptations that improve the forecast performance in such settings:

« RQ3: How can the design and training of physics-informed neural networks be adapted
to improve PV power generation forecasting performance under recursive use and tem-
poral data sparsity?

Together, these research questions define the scope of this thesis. Rather than directly ad-
dressing power system control itself, the focus is on the forecasting problem that underlies
control performance. This enables a detailed and critical investigation of PINNs for PV power
generation forecasting under the combined constraints of control-relevant forecasting require-
ments, temporal data sparsity, and partial physical knowledge. The resulting insights provide
a basis for assessing the suitability of PINNs as forecasting models for real-time power system
control applications operating under such practical conditions.
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1-4 Outline of the thesis 5

1-4 Qutline of the thesis

This thesis is structured as follows. Chapter 2 reviews the relevant literature on PV power
generation forecasting, PINNs, cloud motion modeling, and recursive multi-step forecasting,
thereby positioning the present work within the existing body of research. Chapter 3 presents
the methodological framework of this thesis. It describes the design of the PINN for PV power
generation forecasting, the developed correlation-based collocation point sampling strategy,
the developed recursive forecasting framework, and the proposed improved training strategy
in which the model is trained using its own recursively generated forecasts. The chapter
also introduces the comparison models and the validation design. Chapter 4 evaluates the
proposed methods through two complementary case studies. The France case study provides
an experimental setting for systematic evaluation and comparison of forecasting performance,
including sensitivity analyses. The Hawaii case study offers an end-to-end validation for real
PV systems under a realistic deployment scenario. The chapter concludes with a comprehen-
sive discussion and summary of the experimental results. Chapter 5 summarizes the main
contributions of the thesis, presents the conclusions with respect to the research questions,
and outlines directions for future research.
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Chapter 2

Background and related literature

This chapter reviews the background and relevant literature on photovoltaic (PV) power
generation forecasting for real-time power system control. It establishes the theoretical and
methodological context of the present work and highlights the key challenges that motivate
the proposed approach.

The remainder of this chapter is structured as follows. Section 2-1 reviews PV power genera-
tion forecasting, including power system control requirements, common forecast targets, and
the main classes of existing forecasting methods. Section 2-2 introduces physics-informed neu-
ral networks (PINNs), covering the formal formulation of the PINN framework and current
approaches for collocation point sampling. Finally, Section 2-3 discusses recursive forecasting
and highlights the fundamental challenges that motivate the research addressed in this thesis.

2-1 Photovoltaic power generation forecasting

This section outlines the main considerations in forecasting PV power generation, including
the requirements of power system control, key design choices in defining the forecast target,
and the main modeling approaches used in the literature.

2-1-1 Power system control requirements

The weather-dependent nature of PV systems introduces significant variability and uncer-
tainty in modern power systems [77]. These disturbances occur across a wide range of time
scales and must be controlled to maintain stable operation. Accordingly, power system con-
trol is organized into multiple layers that operate at different time scales. Fast control layers
act on the order of seconds (e.g., LFC), while slower layers act on minutes (e.g., tertiary
control) and hours or more (e.g., scheduling and dispatch) [61]. This thesis focuses on control
layers that act on the order of seconds, where PV power generation is strongly influenced by
rapid and complex atmospheric dynamics, particularly spatiotemporal cloud motion and the
resulting modulation of solar irradiance [22].
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8 Background and related literature

In these fast control layers, traditional control strategies typically react to real-time deviations
in system states such as frequency and voltage. In contrast, more advanced approaches,
particularly predictive strategies such as MPC, explicitly incorporate multi-step forecasts
of future deviations in PV power generation [27], enabling proactive control. As a result,
accurate PV power generation forecasting has become an important component of modern
power system operation [2].

The effectiveness of predictive control depends on the quality of the forecasts [64]. Forecast
errors can translate directly into degraded control performance, including delayed frequency
restoration, increased oscillations, and higher actuator usage. In addition, the physical plausi-
bility of multi-step forecasts is also important, as physically implausible forecasts can mislead
the controller and potentially compromise system stability or operational safety [25].

Forecasting PV power generation can be formulated in different ways, depending on the in-
tended application. The first important distinction concerns the temporal resolution of the
forecasts. Forecasting over horizons ranging from seconds to minutes has been addressed
only in a limited number of studies (see [22] for a comprehensive review). Most of these
approaches rely on local measurements available at these relatively short time scales, such as
ground-based irradiance sensors [90], PV power output measurements [63], or sky imagers [3].
Another distinction concerns the choice of the forecast quantity. Common approaches include
direct forecasting of PV power generation [67], forecasting solar irradiance [87], and forecast-
ing proxy variables such as the cloud index [8, 35, 84]. Forecasting approaches also differ in
whether and how spatial information is incorporated. Many studies consider each PV instal-
lation independently and formulate the problem as a purely temporal forecast task. However,
irradiance fluctuations induced by cloud motion often exhibit strong spatial coherence and
propagate across spatially distributed PV systems [1, 19, 76]. Finally, forecasting approaches
differ in whether they predict only the next time step or multiple future time steps. In par-
ticular, predictive control requires multi-step forecasts in order to enable proactive control.
Multi-step forecasting has therefore received increasing attention in the PV power generation
forecasting literature [37, 49, 54].

2-1-2 Classification of forecasting methods

Methods for forecasting PV power generation are commonly classified by their modeling ap-
proach [71] into purely physical models, data-driven methods, and mixed approaches. Among
purely physical models, numerical weather prediction (NWP) systems provide high-fidelity
descriptions of the atmospheric processes that govern solar irradiance. However, in practical
operation, the relatively low temporal resolution of NWP outputs and the associated com-
putational effort limit their use for very short term solar forecasting [2, 22]. Consequently,
physical models applied at these time scales typically rely on simplified formulations that
balance physical detail with computational efficiency [7]. These formulations focus on the
dominant physical mechanisms that influence PV power generation, including cloud motion
[10, 40], as well as the electrical and thermal behavior of PV panels [6, 26].

In contrast, data-driven methods are constructed from historical data [23]. This class includes
time-series models [33] as well as machine learning (ML) models [53]. Such ML models can
learn complex nonlinear relationships directly from data and are particularly useful when the
underlying physical processes are not fully understood or are expensive to simulate [50]. At
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2-2 Physics-informed neural networks (PINNs) 9

the same time, their performance depends on the availability of large amounts of data at a
temporal resolution that is sufficiently high for the intended forecast task [14, 50].

Mixed methods combine elements from different modeling paradigms to exploit their comple-
mentary strengths [50]. A particularly promising class of such approaches is physics-informed
machine learning (PIML) [42]. For example, [67] incorporates physics-informed features de-
rived from PV performance models into multiple ML architectures. Within the PIML class,
PINNs have attracted substantial attention because they incorporate physical equations di-
rectly into the training of neural networks (NNs) [68]. Examples include the incorporation
of cloud motion dynamics for spatiotemporal forecasting [76], and the modeling of PV panel
behavior [88]. The following section reviews the core concepts, recent developments, and key
limitations of PINNSs.

2-2 Physics-informed neural networks (PINNs)

The class of PIML methods refers to a modeling approach that integrates physical principles
with data-driven ML models [42]. Compared to purely data-driven ML models, PIML im-
proves the physical plausibility and interpretability of the resulting forecasts and therefore
generalizes better to unseen conditions, such as new spatial locations, forecast horizons, or in-
put configurations. These properties make PIML particularly well suited to settings in which
data are sparse, noisy, or limited, where conventional ML models frequently struggle [21].
At the same time, PIML provides advantages over purely physical models when the under-
lying physical processes are only partially understood or when classical numerical methods
face practical limitations. Such limitations may arise from incomplete initial or boundary
conditions, uncertain model parameters, or high computational costs [34].

Given these advantages, PIML has been successfully applied in a wide range of scientific
and engineering domains, including fluid mechanics [30, 75], materials science [92], climate
modeling [43], and power systems [38, 46]. Comprehensive reviews of PIML architectures and
applications are available in [24, 42].

Due to the universal function approximation capability of NNs, PINNs have become one of the
most studied approaches within the PIML framework. PINNs incorporate physical equations
directly into the training of NNs [68]. This enables the model to approximate underlying
physical states that not only fit observational data but also adhere to the underlying physical
laws. The remainder of this section presents the formal formulation of the PINN framework
and discusses existing approaches for collocation point sampling during training.

2-2-1 Formulation of the PINN framework

At their core, PINNs rely on standard feedforward NNs, which consists of an input layer,
multiple hidden layers with nonlinear activation functions, and an output layer. Each layer
applies a weight matrix and a bias vector to its inputs and maps the result through an
activation function. The network parameters, namely the weights and biases, are optimized
during training. Following the formulation introduced in one of the foundational works on
PINNs [68], the system of interest is commonly described by a nonlinear differential equation
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10 Background and related literature

of the form

ou(t,x)

o

where u(t,x) denotes the unknown state function to be approximated, x is the input vector

that may include spatial coordinates and additional variables influencing the state, and -

represents known or unknown system parameters. The operator ./\/'7[] is a nonlinear operator

derived from the governing physical laws and may involve partial derivatives with respect to

x or t, as well as higher-order derivatives. Q and [0,7] define the input domain and time
interval, respectively.

N, [u(t,x)], xe€Q, te]l0,T], (2-1)

The state function u(¢,x) is approximated by the output of a NN, denoted by ug(t, x), where
0 represents the network parameters. To incorporate the governing differential equation into
the training process of the PINN, a physics-based residual Ry(t,x) is defined as

Ro(t,x) = 26 x)

+N’Y[u9(tax)]7 (2_2)
which evaluates to zero when the NN output exactly satisfies the differential equation. The
network parameters 6 are then optimized by minimizing the overall loss function £, which is
defined as the mean squared error (mean squared error (MSE)):

1 al 2 1 l col _ col 2
=% ; (g (t1,i) = ulti, x))* + 7 ; (Ro(t!,x5)" (2-3)
cdata ‘C’Ph.\’s

Here, Lgata penalizes the discrepancy between the model predictions and the observational
data, while Lp,ys penalizes violations of the governing differential equation at a set of collo-
cation points. N and M denote the number of observed data points and collocation points,
respectively. The collocation points {(tfj"l, X,fOl) = are sampled throughout the input domain,
while the training data {(¢;, x;, u(t;,%;))}}*, typically correspond to initial or boundary con-
ditions. Together, these two loss terms guide the network toward solutions that both fit the
observational data and adhere to the underlying physical laws.

Despite advantages such as improved physical plausibility and generalization compared to
purely data-driven NNs, PINNs face several practical challenges. These include optimization
difficulties caused by complex and competing loss terms, limited performance for multiscale
problems or systems with fast dynamics (e.g., stiff equations), and high sensitivity to the
choice of network architecture and training hyperparameters [45, 91].

2-2-2 Collocation point sampling

The training of PINN includes a physics-based loss that is evaluated at a set of collocation
points sampled from the input domain. The placement of these collocation points influences
the convergence behavior and computational cost of the training process, as well as the
performance of the resulting forecasts. Early work on PINNs commonly used uniform or
random sampling strategies, such as Latin hypercube sampling [68, 89]. Although these
strategies are straightforward to implement and provide broad coverage of the domain, they
do not account for the varying difficulty of adhering to the governing physical constraints
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2-3 Multi-step and recursive forecasting 11

across different regions of the domain. As a result, they can lead to suboptimal forecast
performance and inefficient use of computational resources during training [58]. This has
motivated the development of adaptive sampling strategies that aim to place collocation
points where they are most beneficial for learning.

Residual-based adaptive sampling methods address this limitation by concentrating colloca-
tion points in regions where the physics residual is large, indicating that the model adheres
poorly to the governing physical constraints in these regions [89]. More advanced adaptive
strategies further refine the placement of collocation points using derivatives of the resid-
ual [18, 31]. Closely related importance sampling approaches bias the sampling distribution
toward regions that contribute most to the loss function [58].

Despite the wide range of adaptive sampling strategies, approaches that account for the
statistical structure of the input space remain largely unexplored. Ignoring dependencies
between input variables can produce physically implausible collocation points and degrade
both training efficiency and overall model performance.

2-3 Multi-step and recursive forecasting

Multi-step forecasting is a fundamental problem in time-series analysis and refers to the
forecasting of a sequence of future values from a given reference time [52]. The difficulty
arises from the increasing uncertainty of forecasts over the forecast horizon and from the
propagation of forecast errors over successive forecast steps [12, 82].

Several strategies have been developed for multi-step forecasting. Fach strategy involves
trade-offs in terms of model complexity and computational cost. The recursive strategy [82]
trains a single model to forecast one step into the future. During inference, this model is
applied iteratively to generate multi-step forecasts, with previously generated forecasts fed
back as inputs. Although this approach is computationally efficient, it is susceptible to error
accumulation since errors introduced at early steps propagate and amplify over the forecast
horizon [12, 85].

In contrast, the direct strategy [44] trains a separate model for each forecast step of interest.
This approach avoids the iterative propagation of errors inherent in recursive forecasting, as
each step is forecast independently. However, it requires training and maintaining multiple
models, which increases both the training complexity and computational burden, particularly
for long forecast horizons with fine temporal resolution. Furthermore, the direct strategy does
not explicitly model the dependencies between successive steps, which may limit the temporal
coherence of multi-step forecasts [82].

Hybrid strategies that combine elements of both recursive and direct forecasting have also
been proposed. These include strategies that combine direct and recursive forecasting, in
which separate models are used for different segments of the forecast horizon and recursive
forecasting is applied within each segment [81]. In addition, approaches with multiple outputs
train a single model to forecast several future steps simultaneously [15].

The choice of multi-step forecasting strategy is influenced by factors including the forecast
horizon, the temporal resolution of available data and the resolution required by the intended
application, computational constraints, and the characteristics of the underlying system being
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12 Background and related literature

modeled. Despite its susceptibility to error accumulation, the recursive strategy remains
widely used because of its simplicity and computational efficiency.

Recurrent NNs and related sequential architectures are the dominant modeling framework
for recursive inference, as they are specifically designed to capture temporal dependencies
in sequential data. However, in standard practice these models are typically trained using
one-step-ahead prediction with teacher forcing, creating a mismatch between training and
recursive inference. To mitigate error accumulation under recursive inference, multi-step
training objectives have been introduced in which the models are trained to minimize their
own recursive multi-step forecast errors, such as scheduled sampling [13].

In addition, recent research has explored the incorporation of physical knowledge into data-
driven methods to improve multi-step forecasting under recursive inference. For example, the
work in [65] introduces physical constraints into neural time-series models, while the work
in [59] reformulates PINNs within an autoregressive framework. These approaches illustrate
the growing interest in leveraging physical principles to enhance the stability of multi-step
inference.

Despite these advances, most existing work on recursive forecasting relies on dense temporal
supervision during training. In many practical applications, however, multi-step forecasts are
required at a higher temporal resolution than is available in the training data. Consequently,
recursive forecasting under temporal data sparsity remains an open research problem.

2-4 Summary

This chapter reviewed the background and literature on PV power generation forecasting for
real-time power system control. It first discussed the operational requirements of modern
power systems and the key design choices involved in defining the forecasting task. The main
classes of existing forecasting methods were presented, including physical, data-driven, and
mixed approaches. Next, the chapter introduced PINNs and discussed existing approaches
for collocation point sampling. Finally, it reviewed the main strategies for multi-step fore-
casting and highlighted the fundamental challenges of recursive forecasting, including error
accumulation and the reliance of existing methods on dense temporal supervision. These
limitations motivate the development of improved recursive forecasting frameworks that can
operate under temporal data sparsity, which is the central focus of this thesis.
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Chapter 3

Methodology of the PINN-based
forecasting framework

This chapter presents the methodological framework developed to investigate the use of
physics-informed neural networks (PINNs) to forecast photovoltaic (PV) power generation
in spatially distributed PV systems under temporal data sparsity and real-time power system
control requirements. Specifically, the forecasting task is formulated as a recursive multi-step
high-resolution prediction problem that bridges this temporal resolution mismatch.

The remainder of this chapter is structured as follows. Section 3-1 introduces the PINN
formulation, including the governing equation used to encode partial physical knowledge of
atmospheric processes relevant to PV power generation, specifically spatiotemporal cloud mo-
tion. Section 3-2 presents a correlation-based collocation point sampling strategy developed
in this work. Section 3-3 describes the normalization of input variables and the scaling of
the governing cloud motion equation. Section 3-4 proposes a recursive forecasting framework
to bridge temporal data sparsity, while Section 3-5 proposes an improved training strategy
to align training with recursive inference. Section 3-6 describes the baseline models used for
comparison, and Section 3-7 details the validation setup.

3-1 PINN design

This section describes the formulation of the PINN used for PV power generation forecasting
in spatially distributed PV systems. The design focuses on three aspects: the definition of
the forecast target and model inputs, the incorporation of a governing spatiotemporal cloud
motion equation, and the construction of a composite training loss function that balances
agreement with observational data and physics-based regularization.
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14 Methodology of the PINN-based forecasting framework

3-1-1 Forecast target and model inputs

At intra-hour temporal scales, variability in PV power generation is largely driven by spa-
tiotemporal cloud motion and the resulting modulation of solar irradiance [22]. Therefore,
the PINN is designed to predict the cloud index, which provides a physically meaningful
representation of irradiance variability and remains directly applicable for downstream PV
power generation estimation.

The cloud index ¢ is defined as
I

)
I clearsky

c= (3-1)
where I denotes the global horizontal irradiance (GHI) and I¢jearsky denotes the corresponding
clear-sky GHI. GHI is chosen as the basis for the cloud index formulation because it quantifies
the total solar irradiance incident on a horizontal surface, combining both direct and diffuse
components, and is therefore directly relevant to PV power generation. Normalization by
the clear-sky irradiance removes diurnal and seasonal effects associated with solar geometry,
thereby isolating irradiance variability attributable to cloud cover [8, 35, 84].

The cloud index is bounded, with ¢ € [0,1], where values close to one indicate clear-sky
conditions and lower values indicate increased cloud attenuation. After forecasting, irradiance
can be reconstructed by multiplying the predicted cloud index with Icjearsky, which can be
computed from solar geometry based on time and location [41].

The PINN represents a neural network parameterized by 8 whose output defines the function
cg: Q— R, (3-2)

which approximates the underlying cloud index function ¢, where Q denotes the domain of
the input variables. The input vector g is defined as

q= |:ZL‘, Y, ta Taira Z> u, v, {Cl}lL:J ) (3'3)

where (z,y) denote the spatial coordinates of the target location and t denotes the forecast
horizon (i.e., the forecast lead time). The air temperature Ty;, provides contextual information
on atmospheric conditions and has been shown to be a relevant auxiliary input variable for
PV power generation forecasting [32]. The solar zenith angle Z encodes the position of
the sun relative to the horizon and captures systematic diurnal and seasonal variations in
irradiance geometry. The wind velocity components (u,v) govern cloud motion and enter
directly into the cloud motion equation described in Section 3-1-2. The set {¢;}~, denotes
cloud index observations at L fixed measurement locations within the spatial domain under
consideration. Together, these observations characterize the spatial distribution of cloud cover
at the reference time and provide information on upstream cloud patterns that are relevant
for forecasting the cloud index at the target location.

All input variables are observed at the reference time tg, while the model output, correspond-
ing to the target cloud index c,, is defined at the target time t, = tg + t. An overview of
all variables, including their temporal and spatial interpretation and units, is provided in
Table 3-1.
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3-1 PINN design 15

Table 3-1: Overview of input and output variables. The column “Time” indicates whether a
variable is observed at the reference time ty or corresponds to the target time t,. The column
“Location” indicates the spatial position at which the variable is defined, either the target location
(x,y) or the L measurement locations.

Description Time Location Unit
Inputs
(z,9) Target location - - m
Tair Air temperature to (z,9) °C
Z Solar zenith angle to (z,9) ©
(u,v)  Wind components to (x,y) m/s
{e;}E,  Cloud index observations tg L sites -
t Forecast horizon - - S
Output
Cx Target cloud index Ty (z,9) -

3-1-2 Physical model: cloud motion

Partial physical knowledge of the atmospheric processes governing irradiance variability is
incorporated through a spatiotemporal cloud motion model. Specifically, the cloud index c is
assumed to satisfy a cloud advection partial differential equation of the form [56, 69]:

oc oc oc
a5t + L + va—y = 0. (3-4)

This equation describes the transport of the cloud index through space and time driven by
the wind velocity components (u,v) and captures advection-dominated cloud motion. This
assumption is appropriate for the temporal scales considered in this thesis, which are on the
order of minutes, because internal cloud evolution processes are comparatively slow over such
horizons [22]. Within the PINN framework, the cloud motion equation is incorporated during
training as a physics-based regularization term that penalizes violations of this equation.

3-1-3 Training loss function

Training the PINN consists of minimizing a composite loss function that balances agreement
with observational data and adherence to the governing cloud motion equation. The total
training loss is defined as

L = Lgata + Aphys Ephys, (3‘5)

where Appys > 0 is a weighting parameter that controls the strength of the physics-based
regularization.

The data loss penalizes discrepancies between the network predictions cyg(q) and the cor-
responding observed target values ¢, using the mean squared error (MSE) and is defined

as
1 Y 5
Laata = N > (colai) — ex) (3-6)

i=1
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Figure 3-1: Overview of the PINN training framework. A neural network (NN) learns an approx-
imate solution of the cloud index function ¢y by minimizing a composite loss £. The loss consists
of a data term Lyara computed from labeled training samples {(q;, c.;)}¥.;, and a physics term
Lohys computed from collocation points {q;?c’l}j:1 through the residual Ry of the governing cloud
motion equation.

where {(q;, c+;)}Y, denotes the set of N labeled training samples.

The physics loss penalizes violations of the cloud motion equation at a set of collocation
points by using the mean squared residual of the governing equation evaluated on the network
predictions, and is defined as

1

37 (Rotas)) (3-7)

B

cphys =
1

where {q;?Ol ]-]Vil denotes the set of M collocation points. These points are synthetically gener-

ated input samples that span the input domain. Unlike labeled training samples, collocation
points do not require corresponding target values and are used only to enforce adherence to
the governing equation during training. The developed procedure for generating collocation
points is described in detail in Section 3-2.

The residual of the governing cloud motion equation, based on Equation 3-4, is defined as

_ 8c9(qC°1) N uace(qcol) N vace(qc"l) .

col
Ro(a™) ot Ox oy

(3-8)

The explicit form of the residual depends on the normalization of the input variables, which is

addressed in Section 3-3. All partial derivatives are computed using automatic differentiation
[11].

An overview of the PINN training framework, including the flow of labeled training samples
and collocation points through the network and the computation of the total loss, is illustrated
in Figure 3-1.
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3-2 Collocation point sampling strategy 17

3-2 Collocation point sampling strategy

Collocation points play a central role in PINNs, as they determine the locations in the input
space at which the governing equations are enforced. In this thesis, collocation points are
used to regularize the learned cloud index dynamics by enforcing the cloud motion equation
described in Section 3-1-2 during training. Their construction is therefore an important design
choice that directly influences both the physical plausibility of the resulting forecasts and the
generalization performance of the PINN.

Existing methods often rely on independent sampling of each variable [89]. However, a fun-
damental challenge in generating collocation points arises when the input space comprises
multiple variables that are both statistically dependent and physically coupled through the
underlying atmospheric processes, as in PV power generation forecasting. In such settings,
independent sampling can produce combinations that are physically implausible and do not
occur in reality. In contrast, fully joint sampling based on data is often poorly representative
of the true underlying distribution in regimes with relatively little data, particularly as dimen-
sionality increases [73]. Both limitations can lead to misleading physics-based regularization
and inefficient use of model capacity. These considerations motivate the development of inter-
mediate sampling strategies that simultaneously promote physical plausibility and statistical
representativeness.

To address this trade-off, this thesis proposes a novel collocation point sampling strategy that
exploits statistical correlations among the input variables. The approach preserves the main
dependency structures by grouping variables into coherent clusters based on their statistical
dependence. Collocation points are then generated by sampling variables jointly within each
cluster, while sampling different clusters independently. This reduces the effective dimen-
sionality of the joint sampling problem, thereby mitigating both the generation of physically
implausible input combinations and the poor statistical representativeness associated with
high-dimensional joint sampling. More broadly, the proposed sampling strategy is applicable
to PINN formulations with statistically dependent inputs, independent of the specific physical
system or governing equations under consideration.

The developed sampling procedure consists of four steps: correlation analysis, input variable
clustering, cluster-wise joint sampling, and temporal and spatial sampling. Each step is
described in detail below.

3-2-1 Correlation analysis

The sampling procedure begins with an analysis of statistical dependencies among the input
variables. Dependencies are quantified using a Pearson correlation matrix [47] computed from
the observed training data. Pearson correlation is chosen for its simplicity and its ability to
capture dominant linear relationships among the input variables.

Let Q € R™ ¢ denote the data matrix constructed from the training data, where n is the
number of training samples and d is the number of input variables included in the correlation
analysis. In the context of this thesis, the analysis includes meteorological variables, whereas
spatial coordinates (x,y) and the forecast horizon ¢ are sampled independently. Each column
q’ € R™ corresponds to one input variable, j € {1,...,d}.
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18 Methodology of the PINN-based forecasting framework

The Pearson correlation coefficient between variables j and m is defined as [47]

cov(q’,q™
pim = AL AT), (3-9)

qu qu

where cov(-,-) denotes the sample covariance and o4, is the sample standard deviation of
variable j. The resulting correlation matrix provides a basis for identifying groups of related
variables.

3-2-2 Correlation-based input variable clustering

To transform the correlation matrix into a form suitable for clustering, it is converted into a
dissimilarity matrix
Djm =1 = [pjml, (3-10)

where strongly correlated variables (either positively or negatively) have low dissimilarity.
This transformation reflects the objective of grouping variables based on the strength of their
statistical dependence, regardless of the sign of the correlation.

Hierarchical agglomerative clustering [51, 60] is then applied to the dissimilarity matrix. This
bottom-up procedure initially treats each variable as a separate cluster and iteratively merges
clusters based on their average pairwise dissimilarity. This produces a hierarchical clustering
structure represented by a dendrogram, which visualizes the pairwise similarities among the
input variables. The average linkage criterion used to merge clusters A and B is defined as
[60]

L(A,B) = |A|1‘B| > > Djm. (3-11)

JEAmMEB
where |A| and |B| denote the number of variables in each cluster.

A dendrogram can be cut at different levels to obtain the desired number of clusters k. In this
work, the dendrogram is cut at an empirically chosen level to obtain clusters that correspond
to distinct and physically interpretable processes relevant to PV power generation forecasting.
These processes include cloud-related variability, atmospheric thermodynamic effects, wind-
driven transport, and solar geometry.

3-2-3 Cluster-wise joint sampling

Once the input variable clusters have been identified, collocation points are generated by
sampling each cluster independently, while sampling all variables within a cluster jointly.
This design reflects the assumption that strong dependencies exist within clusters, while
dependencies between clusters are weaker and can be neglected for the purpose of collocation
point sampling.

Sampling is performed separately for each calendar month to account for seasonal variability
and to reduce the occurrence of unrealistic combinations of variables arising from indepen-
dently sampled clusters. Within each month, joint samples for each cluster are drawn using
multivariate kernel density estimation (KDE).
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3-2 Collocation point sampling strategy 19

Given training samples {q;}" ; C R% for a cluster of dimension d., the multivariate KDE is
defined as [20]

fla= e 28 (15%). (312

where q € R% denotes a generic evaluation point, h > 0 is a bandwidth parameter that
controls the smoothness of the estimated density, and K (-) is a kernel function. In this work,
a multivariate Gaussian kernel is used:

K(@) = (2m) " exp (5 o] ) (313)

where z € R,

A KDE provides a flexible, nonparametric approximation of the joint probability density
function, implicitly capturing the empirical marginal distributions of the variables as well as
their joint dependency structure. Although the performance of KDE degrades with increasing
dimensionality due to the curse of dimensionality [73], empirical results in this work indicate
that KDE-based sampling remains sufficiently accurate for the cluster sizes considered. More
complex dependence modeling approaches were also evaluated, but did not yield consistent
performance improvements and are therefore omitted for clarity.

After cluster-wise sampling, the sampled variables are concatenated to form complete syn-
thetic meteorological input vectors. Samples drawn from the tails of the KDE that violate
basic physical constraints are discarded. In the context of this thesis, this includes restricting
the solar zenith angle to daylight conditions,

0° < Z <90°,
and enforcing physically meaningful bounds on the cloud index,

0<g<1 Vie{l,...,L}.

3-2-4 Temporal and spatial sampling

Finally, each synthetic meteorological input sample is augmented with spatial coordinates
(z,y) and a forecast horizon t. These quantities are sampled independently of the meteoro-
logical variables.

Forecast horizons are drawn from a uniform distribution
t ~ U0, tmax + 6¢), (3-14)

where tax corresponds to the maximum forecast horizon of interest, and d; denotes the small
additional margin to extend the temporal domain over which the governing equations are
enforced.

Spatial coordinates are sampled uniformly over a two-dimensional region defined by the convex
hull of the L measurement locations, expanded by a spatial margin d:

($,y) ~ U(H5s)7 (3-15)
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20 Methodology of the PINN-based forecasting framework

where Hs, denotes the buffered convex hull. Sampling over this buffered region allows the
governing equations to be enforced slightly beyond the spatial extent of the observed training
samples, supporting spatial generalization of the PINN.

Overall, the developed sampling procedure provides a broadly applicable, correlation-based
approach for generating collocation points. It generates physically plausible and statistically
representative collocation points, thereby supporting effective physics-based regularization
during PINN training.

3-3 Normalization and scaling of inputs and governing equation

Normalization of input variables plays a critical role in training and numerical stability of
PINNs [17], serving three closely related purposes. First, it improves numerical conditioning
and optimization stability by preventing input variables with large numerical scales from
dominating gradient magnitudes during training. Second, it promotes a balanced contribution
of the different terms in the residual of the governing cloud motion equation, which involves
partial derivatives with respect to multiple input variables. Third, it aligns the numerical
scale of the physics loss with that of the data loss, enabling interpretable and stable tuning
of the physics-loss weighting parameter Appys.

As a consequence, normalization of the input variables directly affects the scale of the associ-
ated partial derivatives. The governing cloud motion equation must therefore be reformulated
consistently in the normalized input space to ensure a numerically well-conditioned residual
that remains consistent with the underlying physical model.

3-3-1 Input normalization

All input variables, except the cloud index observations {¢;}£ ,, which are already dimen-
sionless and bounded in [0, 1], are normalized to the unit interval prior to model training
using min-max scaling (i.e., each variable is rescaled by its observed range). The normaliza-
tion bounds are determined from the available training data for the spatiotemporal domain
under consideration. This normalization is applied because the input variables differ in phys-
ical units and numerical ranges, and min-max scaling maps these heterogeneous inputs to a
common bounded interval without imposing assumptions on their underlying distributions.
The model output is not normalized because the cloud index is already expressed in the unit
interval.

For a generic input variable ¢ with bounds g, and ¢uayx, the normalized variable ¢’ is defined
as
/ 4 — Qmin

= -1

where A¢ = @¢max — Gmin- Both the observed training samples and the collocation points
are normalized using this transformation, resulting in scaled inputs q’ and qCOl/7 respectively.
The same normalization parameters are applied during inference, ensuring that all inputs are
mapped to the same normalized space as during training.
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3-3-2 Governing equation scaling

Accordingly, the governing cloud motion equation described in Section 3-1-2 is reformulated
in the normalized input space. Applying the chain rule, partial derivatives with respect to
the original spatial and temporal variables transform as

o 1 0 g 1 0 g 10 (3-17)
ox  Azxox’ 0y Aydy’ Ot Atot’

The physical wind components are recovered from their normalized counterparts via the
inverse min-max transformation

U= Unpin + U Au, V= Umin + V" Av. (3-18)

Substituting the transformed partial derivatives and recovered wind components into the
original cloud motion equation yields the following scaled formulation:

1 Oc , 1 Oc 1 Oc

— i Ay) —— i "Av) ——— =0. 3-19

AL ot + (Umln +u U) N + (Umln +v 'U) Ay 0y ( )
To obtain a nondimensional form consistent with the data loss, the equation is rescaled by

multiplying by At, yielding
oc oc Oc
I 4+ 7— =10 3-20
o " ow oy T (8-20)
where the dimensionless velocity coefficients are defined as

u At v At

E, v = Ty (3—21)

’l’l p—
This transformation yields a numerically balanced residual that is more suitable for gradient-

based optimization and operates on a scale comparable to the data loss. The final residual
used in the loss function is therefore given by

B 809(qcol’) ~866)((:1@1’) ~ace(qcol’)
~ T YTaw ey

Ro(a*") (3-22)

3-4 Recursive forecasting framework

This section proposes a recursive forecasting framework designed to address the mismatch
between the temporally sparse available data and the higher-resolution multi-step forecasts
required in power system control applications.

3-4-1 Forecasting procedure during inference

Consider a PINN that is trained on temporally sparse observations with temporal resolution
tirain and has output cg. With a slight abuse of notation, the information available about the
system at a reference time tg is represented by a set of L input vectors

{ae(to)}iz, € RTTE,
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22 Methodology of the PINN-based forecasting framework

corresponding to the L measurement locations in the spatial domain under consideration.
Each vector contains a set of d local auxiliary variables my(tp), which include spatial coor-
dinates, the forecast horizon, and meteorological variables. These variables are assumed to
remain constant or exogenous over the forecast horizon. In addition, each vector includes the
cloud index observations from all L locations {c;(o) JL:1 that evolve over the forecast horizon
and together form a spatial cloud index field

c(to) = {c;(to) i

Each input vector is then given by

qg(to) = [mg(to), C(to)], ! = 1, ey L.

Importantly, the cloud index field c¢(¢y) is identical across all input vectors and therefore
constitutes a shared set of state variables. Updating this shared state requires the simultane-
ous generation of cloud index forecasts at all locations, and recursive forecasting is therefore
performed jointly across all input vectors.

To generate multi-step forecasts at a temporal resolution higher than that of the training
data, the trained PINN is applied recursively over a forecast horizon ¢,, corresponding to the
desired inference-time temporal resolution. In the first recursive step, the model is evaluated
on all input vectors to generate a set of cloud index forecasts, which collectively form an
updated estimate of the cloud index field:

&(to +t,) = {co(ac(to)) iy (3-23)

This is fed back into all input vectors to replace the state variables and construct new inputs
ae(to +tr) = [my(to), €(to +¢,)], £=1,...,L.
This recursive update procedure is repeated for a desired number of steps k € {1,..., N, }:

&(to + kt,) = {co(au(to + (k — 1))}y (3-24)

thereby producing a multi-step forecast of length NV, at a temporal resolution ¢,.

Throughout this process, no new observations are assumed to be available beyond the input at
the reference time ¢, due to temporal data sparsity. As a result of recursive updating without
intermediate supervision, forecast errors can accumulate over successive steps, making multi-
step forecast performance sensitive to the model’s ability to generate temporally coherent
forecasts under recursive use.

This recursive forecasting procedure can, in principle, be applied to a wide range of learning-
based forecasting models. However, because PINNs incorporate governing equations in the
training loss, they can generalize between sparse observations and produce physically plausible
multi-step forecasts under recursive deployment. This makes PINNs particularly well suited
for use within the developed recursive forecasting framework.
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3-4-2 Forecasting procedure for validation

Validating multi-step forecasts at a temporal resolution higher than that of the available
data is an inherent limitation in practical applications, as forecast errors cannot be evalu-
ated at intermediate recursive steps. To address this limitation, validation is performed by
executing the recursive forecasting procedure over the coarse interval ti iy supported by the
available data, corresponding to N, = tyain/t, recursive steps, and comparing the terminal
state forecast

é(t() + ttrain)7

with the corresponding observed target at time tg + firain

C(tO + ttrain)y
which is available in the labeled dataset.

This terminal forecast comparison assesses error accumulation over the coarse interval of the
available data and provides a measure of the model’s performance under recursive deployment
at higher temporal resolution. This approach implicitly assumes that producing an accurate
terminal forecast is a meaningful proxy for the quality of the underlying recursively generated
forecast trajectory. In the absence of intermediate labeled observations, this assumption is
not only reasonable but practically one of the few methods to evaluate the model.

3-5 Improved training strategy using recursive forecasting

To address the mismatch between the temporally sparse available data and the higher-
resolution multi-step forecasts required in control applications, models trained on temporally
sparse data are commonly deployed recursively at higher temporal resolution during inference,
as exemplified by the recursive forecasting framework developed in Section 3-4.

This discrepancy between different temporal resolutions introduces a training-inference mis-
match: while the model is optimized for single-pass prediction accuracy at the temporal
resolution of the available data, its inference-time higher-resolution multi-step performance
depends on its behavior under repeated recursive application. This section addresses this
mismatch by proposing an improved training strategy that explicitly incorporates the recur-
sive forecasting framework into the training process, thereby aligning training with recursive
inference.

3-5-1 Training procedure

Consider again a PINN with output ¢y and training data consisting of N labeled samples
available at a temporally sparse resolution ti;.in,. Each labeled sample i corresponds to a
reference time ¢; and consists of a set of L input vectors

{aieh iy = {fma(ti), e(ti)] iy,

where my and c are defined in Section 3-4, together with the corresponding observed target
cloud index field
C*J‘ = C(ti + ttrain)-
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During training, the PINN is applied recursively to each training sample over N, = tiain/tr
steps, following the recursive forecasting procedure described in Section 3-4. Cloud index
forecasts are generated jointly across all input vectors, which defines an N,-step joint recursive
rollout operator

CN ) (i} iy) = &t + Not,),

mapping a set of input vectors to the terminal forecast of the cloud index field, where ¢ is
defined in Equation 3-23.

The recursive data loss is defined by the MSE between the terminal recursive forecasts and
the corresponding observed cloud index fields:

2
- (3-25)

N
data = ﬁ Z HC(gNT) <{Qi,z}1zL:1) — Cuyi
i=1

By comparing only the terminal forecasts, this loss implicitly captures the accumulation of
errors across recursive steps. As a result, the training objective is aligned with inference-
time deployment, encouraging stable and accurate performance under recursive use at higher
temporal resolution. The physics loss remains unchanged and is computed independently
using collocation points, as described in Section 3-1-3.

3-5-2 Discussion

The improved training strategy proposed in this section is applicable to a broad class of
learning-based forecasting models. It enables training to be aligned with recursive inference in
settings where available data are temporally sparse and higher-resolution multi-step forecasts
are required.

A practical limitation of this training strategy is the increased computational cost associated
with backpropagation through multiple recursive steps. Consequently, the choice of the re-
cursive forecast horizon ¢, used during training introduces a trade-off between computational
cost and alignment with inference-time deployment. Increasing ¢, reduces the number of
recursive steps N, = tirain/tr and therefore reduces computational training cost. However,
this may insufficiently expose the model to the higher-resolution rollouts required during in-
ference, limiting its ability to mitigate error accumulation during deployment. In contrast,
choosing ¢, to match the temporal resolution required during inference yields full alignment
between training and deployment, but at the expense of increased computational cost.

3-6 Comparison models

Two PINN formulations are proposed in this thesis:

e Baseline PINN: trained using conventional single-pass supervision, as described in Sec-
tion 3-1-3;

e Improved PINN: trained using the improved strategy based on recursive forecasting,
proposed in Section 3-5.
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To evaluate the forecast performance of these PINN formulations for control-relevant PV
power generation forecasting under temporal data sparsity, three additional comparison mod-
els are considered: a persistence model, purely data-driven NNs, and a physics-only cloud
motion model. For consistency with the two PINN formulations, two corresponding NN vari-
ants are used: a baseline NN trained with single-pass supervision, and an improved NN trained
using the improved strategy. All comparison models are described in the following sections.

3-6-1 Persistence model

The persistence model is included as a reference model that assumes the forecast variables
remain constant over the prediction horizon, against which the added value of dynamical
forecasting models can be evaluated. Formally, the cloud index at all future times is set equal
to the observed cloud index at the reference time,

&(to + 1) = c(to). (3-26)

Persistence constitutes a strong reference for forecasting over intervals tiain on the order of
minutes, as cloud fields evolve only relatively slowly on such time scales. As a result, per-
sistence can yield highly competitive terminal forecast accuracy in low-variability regimes,
leaving limited room for improvement by more complex models. However, because persis-
tence neglects cloud motion and other atmospheric processes, its performance deteriorates
during periods of higher variability. In addition, its performance degrades when the temporal
resolution of the available data tip.in 1S too coarse.

3-6-2 Data-driven neural network models

Two purely data-driven NN variants are considered: a baseline NN and an improved NN.
They are included to evaluate the predictive capability of data-driven learning under temporal
data sparsity. Both models use the same network architecture, input variables, and output
definition as the PINN formulations, but are trained without physics-based regularization,
i.e., L= »Cdata‘

Assuming equal training procedures and hyperparameters, any performance differences be-
tween models and their corresponding PINN counterparts can be attributed directly to the
inclusion of physics-based regularization during training. However, because these NN models
are trained on temporally sparse data and lack of constraints that promote temporally co-
herent forecasts, their recursive deployment at higher temporal resolution can lead to error
accumulation.

3-6-3 Physics-only cloud motion model

A physics-only model based on the cloud motion equation described in Section 3-1-2 is in-
cluded as a comparison model to evaluate the predictive capability of partial physical knowl-
edge alone. Under the assumption of constant wind fields over the forecast horizon, the cloud
motion equation admits the closed-form solution [29]:

clx,y,t+t,) =clzx —uty, y—vt,, t). (3-27)

Master of Science Thesis Demi Spée



26 Methodology of the PINN-based forecasting framework

This translates the current cloud field forward in time along the wind direction to obtain
future fields. In practice, this solution is evaluated numerically using a semi-Lagrangian
backtracking approach [83].

By construction, this model enforces physically plausible cloud motion but lacks any data-
driven mechanism to compensate for modeling and numerical approximations. Consequently,
its recursive deployment can be sensitive to the simplifying assumption of purely advective
cloud dynamics, as well as to the interpolation and extrapolation approximations required
under sparse spatial observations.

3-7 Validation design

This section defines the validation design used to evaluate the forecast performance of the
two proposed PINN formulations for control-relevant PV power generation forecasting under
temporal data sparsity. Their forecast performance is compared with the comparison models
introduced in Section 3-6. The validation design ensures a fair, control-relevant, and statisti-
cally robust evaluation across all models within the recursive forecasting framework developed
in Section 3-4.

3-7-1 Reproducibility

To ensure a fair comparison, all models are evaluated under identical experimental conditions,
including the use of the same recursive forecasting procedure, identical test datasets, and a
common set of evaluation metrics. For learning-based models, identical network architectures
and training datasets are used. Together, these experimental design choices ensure that
performance differences between models can be attributed to modeling and training choices
rather than differences in data or validation design.

To account for stochastic variability, the entire validation pipeline is repeated over 10 inde-
pendent random seeds. For each seed, all stochastic components in the pipeline are initialized
using the same seed value. These components include: (i) the partitioning of the dataset
into training and test sets, (ii) the generation of collocation points used in the physics loss,
and (iii) NN weight initialization. Each seed therefore corresponds to a fully independent
realization of model training and evaluation, while reproducibility within each realization is
ensured.

3-7-2 Evaluation metrics
Forecast performance is quantified by comparing terminal recursive cloud index field forecasts
¢ with corresponding observed cloud index field targets c,. The following error metrics are

used:

+ Root mean squared error (RMSE), which emphasizes larger forecast errors:

2. (3-28)

1 N
MSE = ﬁ;”cl — Cxg
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o Mean absolute error (MAE), which captures absolute forecast errors:

N
1 .
MAE = ; & — cuill; - (3-29)
« Bias, which captures systematic overestimation or underestimation of forecasts:
1 N L

N 2o > (@ir = eein) (3-30)
i=1[=1

Bias =

o Variability error (VE), which assesses the preservation of realistic spatial variability

in forecasts:
1
VE = & ; |Var(&;) — Var(c. )|, (3-31)
where Var(-) denotes the variance across the L spatial measurement locations within a
forecast instance.

These metrics are reported as the mean and standard deviation over the 10 independent train-
ing seeds. This aggregation provides a measure of both average performance and robustness
to stochastic variability arising from data sampling and model initialization.

3-8 Summary

This chapter presented the methodological framework developed in this thesis to forecast
PV power generation in spatially distributed PV systems under temporal data sparsity and
real-time power system control requirements. The forecasting task was formulated as a multi-
step prediction problem in which the cloud index is forecast recursively at control-relevant
temporal resolution using meteorological data available at coarser temporal resolution. This
formulation directly addresses the temporal resolution mismatch identified in Chapter 1.

A baseline PINN was introduced, combining data-driven learning with partial physical knowl-
edge of spatiotemporal cloud motion, which is incorporated through a partial differential
equation governing cloud advection. The forecast target was defined as the cloud index,
which serves as a physically meaningful proxy for irradiance variability. To support effective
physics-based regularization, a correlation-based collocation point sampling strategy was de-
veloped that promotes physically plausible and statistically representative collocation points.
Finally, input normalization and the corresponding scaling of the governing equation were
described to ensure numerical stability and balanced optimization.

A recursive forecasting framework was developed to address the temporal resolution mis-
match. It enables multi-step high-resolution forecasting during inference, even though models
are trained on temporally sparse data. To mitigate the resulting training-inference mismatch,
an improved training strategy was proposed that incorporates the recursive forecasting frame-
work into the training process.

Finally, the validation design was established, including comparison models, evaluation met-
rics, and controlled experimental protocols, providing a foundation for the experimental case
studies presented in the following chapter.
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Chapter 4

Case study

This chapter presents the case studies used to evaluate the forecast performance of the physics-
informed neural network (PINN) formulations for photovoltaic (PV) power generation fore-
casting in spatially distributed PV systems under temporal data sparsity and real-time power
system control requirements. The simulation results are reported according to the overall
validation design described in Section 3-7.

The remainder of this chapter is structured as follows. Section 4-1 describes the two exper-
imental setups considered in this work, located in France and Hawaii. Section 4-2 details
the data sources and preprocessing procedures. Section 4-3 presents the model architectures
and experimental configurations. Section 4-4 presents the quantitative evaluation results for
the France case study, including a detailed analysis of the baseline and improved PINN for-
mulations. Section 4-5 reports the real-world validation results for the Hawaii case study.
Section 4-6 discusses the implications of the results, and Section 4-7 summarizes the main
findings of the chapter.

4-1 Experimental setups

Two complementary experimental setups are considered. The first setup, referred to as the
France case study, constitutes the main experimental setting of this thesis. It uses temporally
sparse (5 minute resolution) satellite-derived meteorological data from the Solcast service [80]
for both training and evaluation, and is used to comprehensively evaluate the forecast perfor-
mance of the PINN formulations for control-relevant PV power forecasting under temporal
data sparsity. This case study enables the evaluation of the impact of the temporal resolution
mismatch, independent of the fact that the Solcast data are satellite-derived.

The second setup, referred to as the Hawaii case study, provides a real-world validation of
the developed recursive forecasting framework for PV systems with no local measurement
infrastructure. In this realistic deployment scenario, the forecasting model has access only
to temporally sparse satellite-derived data. In contrast to the France case study, this setting
introduces an additional data-reality mismatch, because satellite-derived data provide only an
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approximate, temporally and spatially smoothed representation of the atmospheric conditions
that drive the behavior of real PV systems.

In this case study, the PINN formulations are trained on Solcast data. During inference,
Solcast inputs are used to generate multi-step high-resolution forecast trajectories, which are
evaluated against independent high-resolution (1 [s]) ground-truth measurements obtained
from local PV monitoring infrastructure provided by the National Laboratory of the Rockies
(NREL). In contrast to the France case study, in which data are available only every 5 [min],
this enables the full high-resolution forecast trajectories to be evaluated directly.

4-2 Data sources and preprocessing

This section describes the data sources and the corresponding preprocessing procedures ap-
plied to construct the datasets used in the case studies. Two data sources are considered,
reflecting the complementary experimental setups described in Section 4-1: coarse-resolution
satellite-derived meteorological data from the Solcast service, available for both case studies,
as well as high-resolution ground-truth measurements obtained from local PV monitoring
infrastructure provided by the NREL, available only for the Hawaii case study.

4-2-1 Solcast coarse-resolution satellite-derived data

Meteorological data with a temporal resolution of 5 [min] were obtained from the Solcast
service [80], which provides globally available estimates of meteorological variables derived
from satellite imagery, numerical weather models, and data-driven post-processing.

For the France case study, Solcast data were collected for L = 10 measurement locations in
central France. This region was chosen for its mid-latitude climate and frequent occurrence of
broken-cloud regimes, which are particularly suitable for evaluating forecasting approaches at
the 5 [min] temporal resolution considered, as they exhibit substantial spatial and temporal
variability over such intervals [86]. The data cover the month of April 2024, representing a
wide range of meteorological conditions. Nine locations were arranged on a regular spatial
grid, with one additional off-grid location included to break the symmetry and encourage the
model to learn a continuous spatial field rather than discrete symmetric patterns. A grid
spacing of approximately 2-3 km was selected based on typical cloud motion length scales
over a 5 [min] interval [66].

For the Hawaii case study, Solcast data were collected for the same measurement locations as
the L = 17 real PV monitoring sites provided by the NREL, covering the month of March 2011.
Although the geographic domain differs from the France case study, the same preprocessing
procedures were applied to ensure full consistency of the data across both experimental setups.

Each Solcast record corresponds to a single spatiotemporal sample and includes, among others,
the Coordinated Universal Time (UTC) reference time ¢y, geographic coordinates (latitude ¢
and longitude \), air temperature Ty, solar zenith angle Z, wind speed ws and direction wy
at 100 m height, global horizontal irradiance (GHI) I, and clear-sky GHI I¢jcarsky-

Geographic coordinates were converted into local Cartesian coordinates (z,y) in meters rel-
ative to a reference location (¢ref, Aref), chosen as location 1 in the France case study and
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Figure 4-1: Configuration of the measurement locations for the two case studies.

location 8 in the Hawaii case study. Given the limited spatial extent of the domains, a local
flat-earth approximation was applied using the equirectangular projection [78]:

r=R (’7 - 7ref) COS(Qbref)v Yy = R (¢ - Qbref)a (4'1)

where R = 6371 km is the mean Earth radius. The resulting spatial configurations of the
measurement locations for the France and Hawaii case studies are shown in Figure 4-1, with
the corresponding geographic coordinates listed in Table 4-1.

Wind speed and direction were decomposed into horizontal velocity components v and wv.
Following the formulation described in Section 3-1-1, the cloud index was computed as

1
C = ——. (4—2)
Iclearsky

Nighttime samples with Z > 90° were removed, as both measured and clear-sky irradiance
vanish under these conditions. Samples corresponding to sunrise and sunset transitions, for
which the cloud index becomes undefined, were also excluded.

The datasets for both case studies were restructured such that each sample contains the L
simultaneous cloud index observations {¢;}%;. Labeled samples were then formed by defining
the forecast target c. as the cloud index at the next 5 [min] timestamp ¢, = ¢, + 300 [s]. The
forecast horizon t is explicitly included as an input variable to enable flexible horizon selection
during recursive forecasting, as described in Section 3-4. The final selection of input-output
variables is described in Section 3-1-1.

The resulting labeled datasets were subsequently reorganized into groups of L samples cor-
responding to the measurement locations, following the recursive forecasting framework de-
veloped in Section 3-4, and then randomly split into training and testing sets. Collocation
points were generated following the procedure described in Section 3-2, and all variables were
normalized as described in Section 3-3. This ensures that the experiments reported in this
chapter are fully consistent with the methodological framework established in Chapter 3.
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Table 4-1: Geographic coordinates of the measurement locations for the two case studies.

(a) France (b) Hawaii
ID Latitude Longitude ID Longitude Latitude
1 47.3486464° 0.3188° 1 21.31236°  —158.08463°
2 47.3486464°  0.3479796° 2 21.31303°  —158.08505°
3 47.3486464°  0.3771592° 3 21.31357°  —158.08424°
4 47.3683464° 0.3188° 4 21.31183°  —158.08554°
5 47.3683464°  0.3479796° 5 21.31042°  —158.08530°
6 47.3683464°  0.3771592° 6 21.31268°  —158.08688°
7 47.3880464° 0.3188° 7 21.31451°  —158.08534°
8 47.3880464°  0.3479796° 8 21.31533°  —158.08700°
9 47.3880464°  0.3771592° 9 21.30812°  —158.07935°
10 47.4° 0.34° 10 21.31276°  —158.08389°
11 21.31281°  —158.08163°
12 21.30983°  —158.08249°

13 21.31141°  —158.07947°
14 21.31478°  —158.07785°
15 21.31179°  —158.08678°
16 21.31418°  —158.08685°
17 21.31034°  —158.08675°

4-2-2 NREL high-resolution measurement data

Ground-truth irradiance data with a temporal resolution of 1 [s] were obtained from the PV
monitoring infrastructure of the NREL [74], which provides GHI measurements recorded at
L = 17 measurement locations and covers the month of March 2011.

The time encoding provided in the data was converted into UTC timestamps to ensure con-
sistency with the Solcast data. Small negative irradiance values, attributed to sensor noise
and calibration artifacts, were set to zero. The 1 [s] measurements were resampled to a fixed
temporal resolution of ¢, seconds, corresponding to the recursive forecast horizon used to
generate multi-step high-resolution forecasts.

For the Hawaii case study, each sample in the Solcast test set was temporally aligned with the
corresponding NREL irradiance sequence starting at the same reference time and spanning the
subsequent 5 [min] interval. Each NREL irradiance trajectory was then converted element-
wise into a cloud index trajectory according to Equation 3-1, where the clear-sky irradiance
I jearsky is obtained from the corresponding Solcast input sample and assumed constant over
the 5 [min] interval. This transformation enables direct comparison with the model output
and ensures consistency with the other experiments presented in this thesis.

4-3 Model architecture and experimental configuration

This section summarizes the experimental parameters used for both case studies, model ar-
chitectures, training configuration and inference settings. Unless stated otherwise, the pa-
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Table 4-2: Global experimental parameters used in all experiments.

Symbol Description Value
M Number of collocation points 10000
k Number of variable clusters for collocation point sampling 3

h KDE bandwidth for collocation point sampling 0.015
tmax Maximum forecast horizon 300 [s]
o Temporal margin for collocation point sampling 100 [s]
s Spatial margin for collocation point sampling 200 [m]
tirain Temporal resolution of available data 300 [s]
ty Recursive forecast horizon 10 [s]
N, Number of recursive steps (N, = tirain/tr) 30

rameters given in Table 4-2 are used consistently across all experiments. All experiments are
repeated over 10 independent random seeds, with random number generators controlled to
ensure reproducibility.

Both PINN formulations and the neural networks (NNs) counterparts used in this work share
a common fully-connected feedforward architecture consisting of four hidden layers with 128
neurons per layer. Model weights are initialized using the default PyTorch initialization
scheme. All models are trained using the Adam optimizer with the commonly used decaying
cosine annealing learning rate scheduler. During inference, all cloud index predictions are
clipped to the physically meaningful range ¢, € [0, 1].

To prevent the models from collapsing toward nearly uniform cloud index predictions across
spatial locations and to promote the learning of meaningful spatial variability, additional
mechanisms are introduced in both PINN formulations. The improved PINN is trained to
predict incremental changes instead of the absolute cloud index. The baseline PINN multi-
plies the spatial input coordinates (x,y) by a spatial scaling factor of 2, thereby increasing
the relative importance of spatial information in the training. Both mechanisms were se-
lected based on empirical performance and were found to be optimal for the respective PINN
formulations.

All experiments are evaluated on 1000 test groups, corresponding to 10000 individual test
samples in the France case study and 17000 samples in the Hawaii case study, reflecting the
different numbers of measurement locations. The France case study uses N = 36 220 training
samples, while the Hawaii case study uses 53924 training samples, in both cases obtained
after excluding the test sets from the available data. In addition, M = 10000 collocation
points are used. This value is selected empirically and reflects a trade-off between input
domain coverage and computational cost.

The baseline PINN employs the proposed correlation-based collocation point sampling strat-
egy. In contrast, this strategy does not yield consistent performance gains for the improved
PINN, and therefore the simpler uniform sampling approach is therefore adopted for that
formulation. Unless stated otherwise, the remaining model-specific hyperparameters for both
PINN formulations in both case studies are listed in Table 4-3 and were selected through
experimental tuning.
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Table 4-3: Model-specific hyperparameters for the baseline and improved PINN formulations in
the France and Hawaii case studies.

France Hawaii
Description Baseline Improved Baseline Improved
Activation function Tanh ReLU Tanh ReLLU
Physics-loss weight Appnys 0.01 10 1 1
Initial learning rate 7x1074 1x1074 7x1074 4 x 1074
Final learning rate 5x107° 1x107° 7x107° 1x107°
Number of training epochs 2000 1500 2000 1500

Table 4-4: Comparison of forecast performance for all models in the France case study. Metrics
are computed on recursively generated terminal 5 [min] cloud index forecasts with respect to the
satellite-derived Solcast reference data and are averaged over the 10 independent training seeds.

Model RMSE MAE Bias VE Computation time [s]
. 016436  0.12008  0.04244  0.00128 0.12
Baseline PINN | 43571 10.02699  £0.02673  40.00007 +0.01
Baseline NN 043106  0.32773  0.32726  0.00130 0.26
+0.11806 +0.13084 +0.13084 +0.00006 +0.00
Improved PINN 007121 0.04323 000229 0.00099 0.15
40.00235 +0.00115 +0.00223 +0.00008 +0.03
Improved NN 0.07146  0.04359  0.00242  0.00100 0.27
4+0.00208  +0.00093 40.00222  +0.00008 +0.05
Physics-caly 0.07542  0.04335  0.00222  0.00138 25.27
+0.00265 =+0.00147 =+0.00131 +0.00010 +1.01
Persistonce 0.07333  0.04225  0.00209  0.00112 0.16
+0.00249 +0.00130 40.00155 0.00009 +0.01

4-4 Simulation results for the France case study

This section presents the evaluation results of the baseline and improved PINN formulations
for control-relevant PV power generation forecasting under temporal data sparsity in the
France case study. Table 4-4 summarizes the quantitative forecast performance of the PINN
formulations and all comparison models, averaged over the 10 independent training seeds. All
error metrics are reported for the recursively generated terminal cloud index forecasts over a 5
[min] forecast horizon and are computed with respect to the satellite-derived Solcast reference
data. The errors are visualized in Figure 4-2, where the error bars indicate the standard
deviation across the 10 training seeds. Because the proposed correlation-based collocation
point sampling strategy did not yield consistent performance gains for the improved PINN;, the
simpler uniform sampling approach is adopted for that formulation, unless stated otherwise.

These results reveal several important trends. First, the baseline PINN consistently outper-
forms its purely data-driven NN counterpart with a reduction in RMSE of approximately
61.87%. This improvement can be attributed to the inclusion of physics-based regularization,
which promotes physically plausible temporal generalization during recursive inference and
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Figure 4-2: Comparison of forecast performance for all models in the France case study. Metrics
are computed on recursively generated terminal 5 [min] cloud index forecasts with respect to the
satellite-derived Solcast reference data and are averaged over the 10 independent training seeds.
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mitigates error accumulation over the forecast horizon. The improved PINN further enhances
the performance relative to the baseline formulation by employing the improved training
strategy, resulting in a reduction in RMSE of approximately 56.67%. This strategy aligns the
training objective with the recursive inference procedure by optimizing recursively generated
terminal forecasts rather than single-pass forecasts. Notably, the performance gap between
the improved PINN and the improved NN is minimal. This indicates that the improved
training strategy benefits both models and thereby reduces the reliance on physics-based
generalization to mitigate error accumulation, which was more pronounced in the baseline
setting.

At the same time, the physics-only and persistence models remain highly competitive. Since
cloud motion at temporal scales on the order of minutes is slowly evolving and largely
advection-driven, surpassing these models over the 5 [min| forecast horizon considered in
this thesis is inherently challenging. Nevertheless, the improved PINN achieves the lowest
RMSE, with an average reduction of approximately 2.89% relative to persistence, which con-
stitutes the strongest competing method. In addition, the improved PINN yields the lowest
VE, indicating the most accurate preservation of spatial structure. However, the persistence
model achieves the lowest MAE and bias. Finally, the physics-only model exhibits substan-
tially higher computational cost than all other models because of the repeated evaluation of
the cloud motion equation. These evaluations must be performed online during forecasting,
whereas the PINN and NNs models incur their computational cost primarily during offline
training, resulting in fast inference and making them more practically applicable for forecast-
ing.

The following sections provide a detailed analysis of the forecast behavior and sensitivity of
both PINN formulations under a range of experimental conditions. This analysis highlights
not only the impact of physics-based regularization, but also the effectiveness of the proposed
improved training strategy. Unless stated otherwise, all qualitative figures in these sections
are generated from a single random seed.

4-4-1 Baseline PINN: forecast behavior and sensitivity analysis

Figure 4-3 illustrates the multi-step high-resolution forecast trajectories underlying the ter-
minal 5 [min] forecasts for the baseline PINN and the comparison models over a temporal
segment starting at 14:35 on April 16 at measurement location 1. Five consecutive 5 [min]
forecast horizons are shown. The trajectories reveal distinct dynamical behaviors: the per-
sistence forecasts remain constant by construction, the physics-only forecasts evolve in an
approximately linear manner due to their reliance on fixed wind components, while both the
PINN and the NN produce nonlinear, dynamically varying trajectories.

The NN exhibits pronounced deviation from the reference targets as a result of error ac-
cumulation, whereas the PINN produces forecasts that remain closer to the reference due
to the inclusion of physics-based regularization. Nevertheless, consistent with the quantita-
tive results reported in Table 4-4 and shown in Figure 4-2, the PINN does not consistently
outperform the physics-only and persistence models.

The ability of the baseline PINN to capture spatial structure is illustrated in Figure 4-4,
where the forecast trajectories are shown simultaneously for all measurement locations. The
coordinated evolution of these trajectories reflects the updating of a shared cloud-index field
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Figure 4-3: Comparison of multi-step high-resolution forecast trajectories for the baseline PINN
and comparison models on April 16 at measurement location 1 in the France case study, shown
over a temporal segment starting at 14:35, together with the corresponding Solcast reference
targets. Five consecutive 5 [min] forecast horizons are displayed.

during recursive forecasting. However, the forecasts progressively contract toward a narrower
range of spatial variability over the forecast horizon. This behavior indicates a slight conser-
vative bias learned during training, in which the model favors reduced variability in order to
minimize prediction error. Under recursive deployment, this effect compounds over successive
steps, leading to a gradual loss of spatial variability until a lower bound is reached.

To isolate the contribution of key training and modeling choices to the forecast performance of
the baseline PINN, a set of sensitivity experiments is conducted. These experiments evaluate
the influence of the physics-loss weighting and the collocation point sampling strategy. In
addition, a regime-dependent performance analysis is performed to assess the PINN’s behavior
under different levels of cloud variability.

Sensitivity to physics-loss weighting

To evaluate the influence of the physics-loss weight Appys on forecast performance, the baseline
PINN is trained using values in the range [1073,10%], while all other hyperparameters and
training procedures are kept fixed. Figure 4-5 summarizes the principal error metrics for the
terminal 5 [min| forecasts, averaged over the 10 independent seeds. The results indicate that
moderate values of Apnys provide the best balance between data fidelity and physics-based
regularization, while overly weak and overly strong regularization degrade performance. For
weak regularization, the PINN approaches a purely data-driven NN, which is more susceptible
to error accumulation. In contrast, overly strong regularization enforces the simplified cloud
motion equation too strictly, limiting the model’s ability to adapt to patterns observed in the
data.
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Figure 4-4: Comparison of multi-step high-resolution forecast trajectories for the baseline PINN
on April 16 across all measurement locations in the France case study, shown over a temporal
segment starting at 14:35, together with the corresponding Solcast reference targets (indicated
by colored dots for each location). Five consecutive 5 [min] forecast horizons are displayed.
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Figure 4-5: Comparison of forecast performance for the baseline PINN for different values of the

physics-loss weight Aphys in the France case study. Metrics are computed on recursively generated
terminal 5 [min] cloud index forecasts with respect to the satellite-derived Solcast reference data

and are averaged over the 10 independent training seeds.
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Figure 4-6: Comparison of forecast performance for the baseline PINN in the France case study
using three collocation point sampling strategies: uniform sampling, fully joint KDE-based sam-
pling, and the developed correlation-based strategy (Section 3-2). Metrics are computed on
recursively generated terminal 5 [min] cloud index forecasts with respect to the satellite-derived
Solcast reference data and are averaged over the 10 independent training seeds.

Sensitivity of collocation point sampling strategy

To evaluate the influence of the collocation point sampling strategy on forecast performance,
the baseline PINN is trained using three approaches: uniform sampling, fully joint KDE-based
sampling, and the developed correlation-based strategy. All hyperparameters and training
procedures are kept fixed. Figure 4-6 summarizes the principal error metrics for the terminal
5 [min] forecasts, averaged over the 10 independent training seeds. In this experiment, 2000
collocation points are used, as the differences between sampling strategies become particularly
pronounced in this low- to moderate-collocation regime.

The results indicate that the developed correlation-based strategy substantially outperforms
uniform sampling across all metrics, with a reduction in RMSE of approximately 7.23%,
demonstrating the benefit of enforcing the governing equation at combinations of input vari-
ables that are more physically plausible. Compared to fully joint KDE-based sampling, the
correlation-based strategy yields only a minimal improvement. This can be explained by
the resulting clustering configuration reported in Table 4-5: the largest cluster still contains
L = 10 variables, limiting the effective dimensionality reduction of the joint sampling problem.

The resulting clusters correspond to a separation between atmospheric variables, solar geom-
etry, and the set of cloud index observations. This clustering configuration is identical across
all training seeds. The dendrogram shown in Fig. 4-7 exemplifies the underlying statistical
dependency structure of the input variables.

The collocation point sampling strategy experiment is not repeated for the improved PINN,
since the reduced reliance on physics-based regularization in this formulation leaves limited
room for the developed correlation-based strategy to provide consistent performance gains,
as indicated by preliminary experiments.
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Table 4-5: Clustering configuration of the input variables used by the developed correlation-based
collocation point sampling strategy.

Cluster Variables
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Figure 4-7: Hierarchical clustering dendrogram of the input variables used in the developed
correlation-based collocation point sampling strategy. Dashed line represents the cut height.
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Table 4-6: Comparison of forecast performance for the baseline PINN and persistence models
across different cloud variability regimes, encoded by four quantile bins, in the France case study.
RMSE values are computed on recursively generated terminal 5 [min] cloud index forecasts with
respect to the satellite-derived Solcast reference data and are averaged over the 10 independent
training seeds.

¢ quantile bin RMSE PINN RMSE persistence Win rate PINN [%]

0—25% 0.08040 £ 0.05230  0.00009 £ 0.00029 0.08 £0.25
25 — 50% 0.16606 £ 0.04190 0.01835 £+ 0.00128 6.39 £ 2.14
50 — 75% 0.17490 £ 0.04012  0.04652 £+ 0.00176 14.96 + 4.86
75 — 100% 0.20661 £ 0.03819  0.13793 + 0.00483 38.52 £6.98

Forecast performance under cloud variability regimes

To evaluate the forecast performance of the baseline PINN under challenging atmospheric
conditions, a regime-dependent analysis is conducted across different levels of cloud variability.
The test samples are grouped into quantile bins according to the magnitude of the change
in cloud index over the 5 [min] forecast horizon. Within each regime, the PINN is compared
against the persistence model, its strongest competitor. Table 4-6 reports the RMSE of the
terminal 5 [min| forecasts for both models, averaged over the 10 independent seeds, while
Figure 4-8 summarizes the corresponding PINN win rates.

As shown in Figure 4-8, the baseline PINN becomes more competitive relative to the persis-
tence model as cloud variability intensifies. However, the win rate does not exceed the 50%
threshold in any regime. Persistence therefore remains the strongest model over the 5 [min]
forecast horizon. In addition, as reported in Table 4-6, the RMSE of the persistence model is
consistently lower than that of the PINN across all regimes.

4-4-2 Improved PINN: forecast behavior and sensitivity analysis

Figure 4-9 shows the multi-step high-resolution forecast trajectories for the improved PINN
and the comparison models on the same day (April 16) at measurement location 1. Compared
to the baseline PINN, the improved PINN produces trajectories that are smoother and more
closely aligned with the Solcast reference targets. The NN correspondingly shows substantially
reduced error accumulation, such that only minimal differences between the two improved
models remain, consistent with the quantitative results reported in Table 4-4 and Figure 4-2.

Figure 4-10 illustrates the spatial forecast behavior of the improved PINN. Compared to the
baseline formulation, the improved PINN better preserves spatial variability over the forecast
horizon, mitigating the progressive contraction observed in the baseline case.

Sensitivity to physics-loss weighting
The sensitivity of the improved PINN to the physics-loss weight Appys is summarized in Fig. 4-
11. Compared to the baseline formulation, the improved PINN exhibits a broader range of

Aphys Values that produce near-optimal forecast performance, indicating reduced sensitivity
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Baseline PINN win rate against persistence across cloud-variability regimes
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Figure 4-8: Win rate of the baseline PINN over the persistence model across different cloud
variability regimes in the France case study. The win rate is based on the RMSE of the recursively
generated terminal 5 [min] cloud index forecasts with respect to the satellite-derived Solcast
reference data and is averaged over the 10 independent training seeds.

Recursive forecast trajectories starting at 14:35:00 on April 16 at location 1, France
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Figure 4-9: Comparison of multi-step high-resolution forecast trajectories for the improved PINN
and comparison models on April 16 at measurement location 1 in the France case study, shown
over a temporal segment starting at 14:35, together with the corresponding Solcast reference
targets. Five consecutive 5 [min] forecast horizons are displayed.
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Recursive forecast trajectories of the improved PINN starting at 14:35:00 on April 16, Franc
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Figure 4-10: Comparison of multi-step high-resolution forecast trajectories for the improved PINN
on April 16 across all measurement locations in the France case study, shown over a temporal
segment starting at 14:35, together with the corresponding Solcast reference targets (indicated
by colored dots for each location). Five consecutive 5 [min] forecast horizons are displayed.

to the precise choice of the physics-loss weighting. This behavior can be attributed to the
improved training strategy, which reduces the reliance on physics-based regularization for
mitigating error accumulation in multi-step high-resolution forecasts.

Sensitivity to training data size

To evaluate the impact of training data availability on forecast performance, the improved
PINN and NN are trained using a reduced dataset with N = 2000 samples, while all other
hyperparameters and training procedures are kept fixed. In this experiment, the correlation-
based collocation point sampling strategy is employed, as it provides performance gains over
uniform sampling in data-limited regimes. Figure 4-12 summarizes the principal error metrics
for the terminal 5 [min| forecasts. Due to the strong sensitivity of both models to hyperpa-
rameter selection in this data-limited regime, the comparison is shown for a representative
random seed after individual tuning of the physics-loss weight Appys = 0.01.

The performance of the improved NN deteriorates more severely than that of the improved
PINN, with the improved PINN achieving a relative reduction in RMSE of approximately
7.3%. This indicates that physics-based regularization promotes physically plausible general-
ization to unseen conditions and provides a clear advantage for the PINN when training data
are limited.

Forecast performance under cloud variability regimes
Figure 4-13 report the regime-dependent performance of the improved PINN. It consistently
achieves higher win rates than the baseline PINN in all variability regimes and surpasses

the 50% threshold in the two higher-variability bins. This demonstrates a clear advantage
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Influence of physics-loss weight Aphys on improved PINN forecast performance
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Figure 4-11: Comparison of forecast performance for the improved PINN for different values
of the physics-loss weight Aphys in the France case study. Metrics are computed on recursively
generated terminal 5 [min] cloud index forecasts with respect to the satellite-derived Solcast
reference data and are averaged over the 10 independent training seeds.
Forecast performance of improved PINN and NN with training size N = 2000
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Figure 4-12: Comparison of forecast performance for the improved PINN and NN for different
values of the training data size N in the France case study. Metrics are computed on recursively
generated terminal 5 [min] cloud index forecasts with respect to the satellite-derived Solcast
reference data and are averaged over the 10 independent training seeds.
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Table 4-7: Comparison of forecast performance for the improved PINN and persistence models
across different cloud variability regimes in the France case study. RMSE values are computed on
recursively generated terminal 5 [min] cloud index forecasts with respect to the satellite-derived
Solcast reference data and are averaged over the 10 independent training seeds.

¢ quantile bin RMSE PINN RMSE persistence Win rate PINN|[%]

0—25% 0.00911 + 0.00088  0.00009 £ 0.00029 0.00 £ 0.00

25 — 50% 0.02582 £ 0.00134 0.01835 +£ 0.00128 31.11 +2.94
50 — 75% 0.04779 £ 0.00174  0.04652 £ 0.00176 93.72£3.19
75 — 100% 0.13146 £ 0.00478  0.13793 £ 0.00483 63.72 £ 3.53

over persistence under rapidly evolving atmospheric conditions. Moreover, as reported in
Table 4-7, the improved PINN also achieves lower RMSE than the persistence model in the
highest-variability regime, providing a relative reduction of approximately 4.69%.

4-5 Simulation results for the Hawaii case study

Unlike the France case study, the Hawaii experiment is not intended as a competitive eval-
uation of forecast performance among different models. Instead, it serves as a real-world
validation of the developed recursive forecasting framework under a realistic PV deployment
scenario. Forecast trajectories are evaluated against independent ground-truth NREL mea-
surements, such that forecast performance is primarily constrained by the additional data-
reality mismatch. The performance of the PINN formulations should therefore be interpreted
as indicative of the achievable performance under these practical deployment scenarios.

Table 4-8 reports the quantitative forecast performance of the PINN formulations for the
Hawaii case study, averaged over the 10 independent training seeds. The table includes
the error metrics for the recursively generated terminal cloud index forecasts over a 5 [min]
forecast horizon with respect to the NREL measurement data, as well as the accumulated
errors over the corresponding multi-step high-resolution forecast trajectories.

The results exhibit a degradation in apparent performance relative to the France case study.
While the France case study evaluates forecasts generated from satellite-derived inputs against
satellite-derived reference data, the Hawaii experiment evaluates forecasts against indepen-
dent high-resolution ground-truth measurements. The observed performance gap therefore
primarily reflects the impact of the additional data-reality mismatch inherent to this realistic
deployment scenario for real PV systems.

Figure 4-14 illustrates this effect for a temporal segment starting at 12:30 on March 27 at
measurement location 1. The multi-step high-resolution forecast trajectories of the baseline
and improved PINN are shown together with the corresponding high-resolution NREL mea-
surements. The satellite-derived Solcast reference targets are also included; they provide an
approximate and temporally smoothed representation of the underlying dynamics and thereby
expose the additional data-reality mismatch inherent in this deployment scenario.

Although both PINN formulations remain close to the satellite-derived reference targets, the
forecast trajectories neither originate from nor converge to the NREL measurements, and
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Improved PINN win rate against persistence across cloud-variability regimes
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Figure 4-13: Win rate of the improved PINN over the persistence model across different cloud
variability regimes, encoded by four quantile bins, in the France case study. The win rate is based
on the RMSE of the recursively generated terminal 5 [min] cloud index forecasts with respect
to the satellite-derived Solcast reference data and is averaged over the 10 independent training

seeds.

Table 4-8: Comparison of forecast performance for the baseline and improved PINNs in the
Hawaii case study. Metrics are computed on recursively generated terminal 5 [min] cloud index
forecasts with respect to the NREL measurement data, as well as on the corresponding forecast
trajectories. Metrics are averaged over the 10 independent training seeds.

Forecasting model RMSE MAE Bias VE
Final forecast error

Buseline PINN. /000 <007 001503 000050
loproved PINN 006 0.00390 £0.00532  +0.00049
Trajectory error

Basclie PINN. 00y S0.00600 000760 +0.00068
foproved PINN 001k 00438 £0.00507 £0.00065
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Recursive forecast trajectories starting at 12:30:00 on March 27 at location 1, Hawaii
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Figure 4-14: Comparison of multi-step high-resolution forecast trajectories for the baseline PINN
and the improved PINN on March 27 at measurement location 1 in the Hawaii case study, shown
over a temporal segment starting at 12:30, together with the corresponding NREL measurements
and satellite-derived Solcast reference targets. Five consecutive 5 [min] forecast horizons are
displayed.

they remain limited in reproducing the high-resolution variability observed in the measured
trajectories. This indicates that the achievable forecast performance of both PINN formu-
lations is inherently constrained by the limited fidelity of the available satellite-derived and
temporally sparse data.

4-6 Discussion

The comparison between the baseline PINN and the baseline NN shows that physics-based
regularization mitigates error accumulation during recursive inference. The improved training
strategy reduces the reliance on physics-based regularization for this purpose by explicitly
aligning the training objective with the recursive inference procedure. This explains the
markedly smaller performance gap observed between the improved PINN and the improved
NN. Nevertheless, the sensitivity of the improved NN to training data availability indicates
that physics-based regularization remains valuable under data-limited conditions. In such
regimes, it promotes physically plausible generalization to unseen conditions, resulting in the
improved PINN retaining a clear data-efficiency advantage over the improved NN.

Although the physics-only and persistence models remain highly competitive over the rela-
tively short 5 [min] horizon considered, the improved PINN offers several advantages that are
relevant for power system control applications. In particular, the physics-only model becomes
impractical in the present setting due to its substantially higher computational cost, arising
from the repeated numerical evaluation of the cloud motion equation required to propagate
the cloud field under sparse spatial observations. In contrast, the PINN provides a com-
putationally efficient and physically plausible surrogate, making it well suited for real-time
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control.

Furthermore, the improved PINN consistently outperforms the persistence model in the most
challenging atmospheric conditions. These regimes are characterized by rapid and large power
fluctuations in which accurate forecasting becomes particularly valuable for power system con-
trol. In addition, the relative advantage of the proposed PINN framework over persistence
is expected to increase for forecast horizons longer than 5 [min]. There, cloud dynamics pro-
gressively deviate from slow-evolution assumptions and the limitations of persistence become
more pronounced. This suggests that PINN-based forecasting under temporal data sparsity
is well suited for power system control applications such as congestion management, which
typically operate on time scales of several minutes to tens of minutes.

The improved PINN also achieves the lowest spatial VE among all models. This indicates
superior preservation of spatial structure, which is important for coordinated control in dis-
tributed PV systems. In addition, this suggests that the PINN generalizes more effectively
across spatial locations, enabling the transfer of learned dynamics to new spatial contexts,
provided that the spatial configuration of measurement locations is similar.

The developed correlation-based collocation point sampling strategy demonstrates clear ben-
efits over uniform sampling, while yielding only limited improvement over fully joint KDE-
based sampling in the present setting. Nevertheless, the strategy is expected to offer greater
benefits relative to fully joint sampling in higher-dimensional problems or in data-limited
regimes.

Finally, the reduced forecast performance observed in the Hawaii case study relative to the
France case study reflects the fundamentally more challenging nature of forecasting for real
PV systems. In the realistic deployment scenario considered, where the available data are
not only temporally sparse but also satellite-derived, an additional data-reality mismatch
is introduced. This mismatch inherently constrains the achievable forecast performance of
any model. Nevertheless, the developed recursive forecasting framework remains capable
of producing meaningful control-relevant forecasts under such constraints, demonstrating its
practical applicability for real PV systems.

4-7 Summary

This chapter presented an extensive experimental evaluation of the PINN formulations for
forecasting PV power generation in spatially distributed PV systems under temporal data
sparsity and real-time power system control requirements. Two complementary case studies
were considered. The France case study provided a controlled experimental setting in which a
comprehensive comparison of the PINN formulations with purely data-driven NNs, a physics-
only model, and a persistence model was conducted under the developed recursive forecasting
framework. The Hawaii case study provides a real-world validation of this framework under
a realistic PV deployment scenario in which the available data are temporally sparse and
satellite-derived. This case study represents PV systems in which local measurements are
unavailable. The forecasts were evaluated against independent high-resolution ground-truth
measurements.

In the France case study, the improved PINN achieved the lowest RMSE among all models.
Although absolute improvements were only small, the improved PINN exhibited a clear ad-
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vantage under challenging atmospheric conditions with respect to persistence, demonstrated
superior data efficiency relative to its NN counterpart, and showed improved computational
efficiency compared to the physics-only model. Sensitivity analyses further characterized the
influence of the physics-loss weighting and the collocation point sampling strategy.

The Hawaii case study highlighted the impact of additional data-reality mismatch in real-
istic PV deployment scenarios. Nevertheless, it demonstrated that the proposed recursive
forecasting framework remains capable of producing meaningful control-relevant forecasts.
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Chapter 5

Conclusions and recommendations

This thesis investigated the use of physics-informed neural networks (PINNs) for forecasting
photovoltaic (PV) power generation in spatially distributed PV systems under temporal data
sparsity and real-time power system control requirements. This objective is motivated by the
fundamental mismatch between the temporal resolution of commonly available meteorological
data and the higher temporal resolution required by power system control applications.

This chapter first summarizes the main contributions of the thesis in Section 5-1. It then
presents the main conclusions with respect to the research questions formulated in Chapter 1
in Section 5-2. Finally, Section 5-3 discusses the limitations of the present work and outlines
directions for future research.

5-1 Contributions

This thesis makes the following main contributions:

o Introduced PINNs for high-resolution PV power generation forecasting (e.g., 10 [s]) in
spatially distributed PV systems under temporal data sparsity (e.g., 5 [min]).

e Developed a recursive forecasting framework for generating multi-step high-resolution
forecasts from models trained exclusively on temporally sparse data, together with a
validation approach aligned with this temporal resolution mismatch.

e Proposed an improved training strategy that explicitly accounts for recursive deploy-
ment by incorporating the recursive forecasting framework into the training objective,
thereby reducing the training-inference mismatch.

e Developed a novel correlation-based collocation point sampling strategy that generates
physically plausible and statistically representative collocation points, improving the
effectiveness of physics-based regularization in PINNs.
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In addition, a comprehensive evaluation is conducted using two case studies, including com-
parisons across multiple forecasting models, collocation point sampling strategies, and training
data sizes, as well as real-world validation under realistic PV deployment scenarios. Together,
these contributions advance ongoing research on physics-informed learning for control-relevant
renewable power generation forecasting.

5-2 Conclusions

The results of this thesis provide several important insights with respect to the research ques-
tions formulated in Chapter 1. Regarding RQ1, the thesis demonstrates that partial physical
knowledge of atmospheric processes, represented by a simplified spatiotemporal cloud advec-
tion equation, can be effectively integrated into a PINN framework for forecasting PV power
generation in spatially distributed PV systems. Although the physical model constitutes only
an approximation of true cloud dynamics, its incorporation as a physics-based regularizer
promotes physically plausible generalization between sparse observations.

Regarding RQ2, the developed recursive forecasting framework enables the generation of
multi-step high-resolution forecasts from temporally sparse data. The results show that
PINNs are particularly well suited for this recursive deployment, as physics-based regulariza-
tion promotes physically plausible forecasts and thereby mitigates error accumulation over
the forecast horizon.

With respect to RQ3, the improved training strategy proposed in this thesis substantially
enhances multi-step high-resolution forecast performance by aligning the training objective
with recursive inference. Physics-based regularization has been shown to remain valuable
for regimes with limited data, as it promotes physically plausible generalization to unseen
conditions. Furthermore, the PINN exhibits its greatest performance gains under challenging
atmospheric conditions, where accurate forecasting is particularly valuable for power system
control.

In addition, the developed correlation-based collocation point sampling strategy supports
effective physics-based regularization in PINNs by promoting physically plausible and statis-
tically representative collocation points. It outperforms conventional uniform sampling, while
only marginal improvements are observed over fully joint sampling in the present setting. Nev-
ertheless, greater benefits relative to fully joint sampling are expected in higher-dimensional
problems or in data-limited regimes.

Together, these results provide a clear answer to the overarching research question of this
thesis. The proposed PINN-based forecasting framework can be used effectively to forecast PV
power generation in spatially distributed PV systems under temporal data sparsity and real-
time power system control requirements. This is achieved by incorporating suitable partial
physical knowledge of cloud dynamics into the training process to promote physically plausible
generalization, deploying the models within a recursive forecasting framework to obtain multi-
step forecasts at control-relevant temporal resolution, and aligning model training with this
recursive deployment to further improve forecast performance.

From a broader perspective, the findings confirm that the primary value of physics-informed
learning lies not necessarily in nominal operating conditions, but in precisely those practical
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regimes where data are temporally sparse, uncertain, or limited, which are conditions that
commonly arise in real-world power system operation.

Finally, the Hawaii case study highlighted the fundamental impact of data-reality mismatch in
realistic PV deployment scenarios, where available observations are not fully representative of
the true system dynamics. Importantly, for control applications, accurate forecasting of tem-
poral variations in the cloud index is often more critical than precise estimation of its absolute
magnitude. This implies that appropriate model design and training strategies, which learn
the system dynamics that are relevant for control, can partially mitigate the practical impact
of data-reality mismatch. Although the fidelity of the available data inevitably constrains
achievable forecast performance, the proposed forecasting framework nevertheless remained
capable of producing meaningful control-relevant forecasts under these conditions, providing
a practical solution for PV systems worldwide that lack local measurement infrastructure.

5-3 Recommendations for future work

The results of this thesis reveal several important directions for future research. First, the
physical model incorporated into the PINN is intentionally simplified and accounts only for
advective cloud motion with constant wind fields over the forecast horizon. Although this
is reasonable for the minute-scale forecasting horizons considered in this work [22], future
research could explore the incorporation of more expressive forecasting model architectures
together with richer physical representations, such as diffusive and convective dynamics or
stochastic cloud evolution processes [62, 70], to further improve the realism and effectiveness
of the physics-based regularization.

Furthermore, future studies could investigate the full forecasting pipeline, translating cloud
index forecasts into PV power generation forecasts. In this context, the integration of ad-
ditional physical models of panel dynamics, such as thermal effects and electrical response
characteristics, offers a promising direction for further improving forecast performance [88].

Second, the achievable forecast performance in realistic PV deployment scenarios is inherently
constrained by the fidelity of the available observations. In particular, when only temporally
sparse satellite-derived data are available, an unavoidable data-reality mismatch arises be-
tween model inputs and the true atmospheric conditions at the PV system. A promising
direction for future research is therefore the development of forecasting frameworks that ex-
plicitly account for these limitations. This includes data-fusion approaches that integrate
complementary information sources, such as sky imagers, sparse ground-based irradiance
sensors, local PV measurements, and NWP outputs, while addressing challenges such as het-
erogeneous temporal resolution, inconsistent spatial coverage, and measurement uncertainty.
In addition, confidence-aware PINN formulations that explicitly quantify forecast uncertainty,
together with online adaptation mechanisms, could further improve reliability in real deploy-
ment scenarios.

Third, integrating the proposed PINN-based forecasting framework into power system control
applications, such as MPC for LFC, to evaluate the resulting control performance would
enable assessing its practical value for maintaining grid stability in modern power systems.
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Abstract—The increasing penetration of renewable energy
sources into modern power systems introduces significant chal-
lenges for real-time power system control due to their in-
herent variability and limited controllability. Advanced control
strategies such as model predictive control require multi-step
forecasts at temporal resolutions on the order of seconds, while
commonly available meteorological data are typically temporally
sparse. This work investigates the use of physics-informed neural
networks (PINNs) to forecast photovoltaic (PV) power generation
in spatially distributed PV systems at temporal resolutions on the
order of seconds under temporal data sparsity. The proposed
PINN incorporates a spatiotemporal cloud motion equation,
introducing physics-based regularization and thereby supporting
physically plausible generalization between temporally sparse
observations. To generate high-resolution multi-step forecasts, a
recursive forecasting framework is developed, together with an
improved training strategy that explicitly accounts for recursive
deployment by training the model on its recursively generated
forecasts. In addition, a novel correlation-based collocation point
sampling strategy is developed to produce physically plausible
collocation points for effective physics-based regularization. The
proposed approach is evaluated on a case study in a selected
region of France. The proposed PINN with improved training
demonstrates superior performance under challenging atmo-
spheric conditions compared to a persistence baseline, improved
data efficiency relative to purely data-driven neural networks,
and improved computational efficiency at inference compared to
a physics-only model.

[. INTRODUCTION

The global transition from centralized, dispatchable fossil-
fueled power generation toward decentralized and weather-
dependent renewable energy sources (RES) is fundamentally
reshaping modern power systems [1]. Although this transition
is essential to achieve decarbonization goals, it introduces
significant challenges for reliable grid operation due to the
inherent variability, limited controllability, and decentralized
nature of renewable generation. Maintaining frequency stabil-
ity, which is critical for the reliable operation of power sys-
tems, becomes increasingly difficult as conventional dispatch-
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able generators are displaced by non-dispatchable renewable
energy resources [2], [3]. Consequently, accurate and reliable
forecasting of renewable power generation has become an
important requirement for modern power system operation [4].

Advanced control strategies, such as model predictive con-
trol (MPC) [5], [6], are increasingly considered for real-time
applications including load frequency control (LFC) [7], due
to their ability to optimize performance under constraints.
These strategies rely on multi-step forecasts of future power
imbalances at temporal resolutions aligned with the control
layers of interest, typically on the order of seconds for LFC.

Existing forecasting approaches struggle to meet these
control requirements. In particular, physics-based models [8]
provide physically plausible forecasts but require detailed
knowledge of complex atmospheric processes governing re-
newable power generation and are computationally expensive
for real-time deployment [9]. On the other hand, purely
data-driven machine learning models [10] can learn complex
nonlinear relationships, but depend on large volumes of data at
a temporal resolution matching the required forecast resolution
[9], [11]. In practice, commonly available meteorological data,
including globally available satellite-derived products, are typ-
ically provided at temporal resolutions of several minutes.
The temporal mismatch between data availability and control
requirements poses a fundamental challenge to forecasting
renewable power generation with adequate accuracy.

This challenge motivates the exploration of physics-
informed machine learning approaches [12] that combine par-
tial physical knowledge with data-driven learning to improve
forecasting under temporal data sparsity. Within this frame-
work, physics-informed neural networks (PINNs) [13] offer
a promising modeling approach by embedding the governing
equations directly into the training process through physics-
based regularization. In principle, this enables PINNs to gen-
eralize between sparse observations and produce physically
plausible forecasts at temporal resolutions higher than those
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available in the data.

In addition, generating high-resolution multi-step forecasts
from temporally sparse data typically relies on recursive fore-
casting, in which a model trained for single-step forecasting
is applied recursively during inference to obtain a forecast
trajectory. This recursive strategy is known to suffer from error
accumulation [14], [15], further motivating the investigation
of physics-based regularization as a means of mitigating this
effect under recursive deployment. Nevertheless, the practical
effectiveness of PINNs for generating multi-step renewable
power forecasts at temporal resolutions on the order of seconds
under temporal data sparsity remains largely unexplored.

This work focuses on photovoltaic (PV) power generation
in spatially distributed PV systems. At intra-hour time scales,
PV power generation variability is dominated by spatiotem-
poral cloud motion, which induces rapid fluctuations in so-
lar irradiance that propagate across spatially distributed PV
systems [16]. Moreover, many PV systems lack local sensing
infrastructure and must rely exclusively on temporally sparse
satellite-derived data, making PV systems a representative and
practically important case for investigating forecasting under
temporal data sparsity.

This paper makes the following main contributions:

o It introduces PINNs for multi-step PV power generation
forecasting in spatially distributed PV systems at tempo-
ral resolutions on the order of seconds under temporal
data sparsity.

« It develops a recursive forecasting framework for PINNs
that enables multi-step high-resolution forecasting from
models trained exclusively on temporally sparse data,
together with a validation approach aligned with this
temporal resolution mismatch.

o It proposes an improved training strategy for PINNs that
explicitly accounts for recursive deployment by training
the model on its recursively generated forecasts, thereby
reducing the training-inference mismatch.

« It develops a novel correlation-based collocation point
sampling strategy for PINNs that generates physi-
cally plausible and statistically representative collocation
points, improving the effectiveness of physics-based reg-
ularization.

The remainder of this paper is organized as follows. Sec-
tion II presents the proposed PINN-based forecasting method-
ology, including the recursive forecasting framework, the im-
proved training strategy, and the correlation-based collocation
point sampling strategy. Section III describes the experimental
setup of the case study and discusses the results. Finally,
Section IV summarizes the main findings of this work and
outlines directions for future work.

II. METHODOLOGY

This section presents the proposed PINN-based framework
for multi-step PV power generation forecasting in spatially
distributed PV systems at temporal resolutions on the order of
seconds under temporal data sparsity.
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TABLE I
OVERVIEW OF INPUT AND OUTPUT VARIABLES.

Description Time Location  Unit
Inputs
(z,9) Target location - - m
Toir Air temperature to (z,y) °C
4 Solar zenith angle to (z,y) °
(u,v) Wind components to (z,y) m/s
{a:}E,  Cloud index observations o L sites -
t Forecast horizon - - S
Output
Cx Target cloud index ty (z,y) -

A. PINN formulation

At intra-hour time scales, variability in PV power generation
is dominated by spatiotemporal cloud motion [16]. Therefore,
the PINN forecasts the cloud index

I

b
I clearsky

c= ()]
where I denotes the global horizontal irradiance (GHI) and
I jearsky denotes the corresponding clear-sky GHI. The cloud
index isolates irradiance fluctuations caused by cloud cover
and serves as a physically meaningful proxy for PV power
generation [17]-[19].

The PINN output approximates the mapping

Co Q> Cy, (2)
with input vector
q: [fL’, ya tv Taih Z7 u7 U7 {Cl}lel}v (3)

where (z,y) denote the target location, ¢ is the forecast
horizon, T}, is the air temperature, Z (°) is the solar zenith
angle, (u,v) are the wind components, and {c¢;}L_, are the
cloud index observations at L measurement locations. All
inputs are observed at reference time ¢y, while the output
corresponds to time ¢, = o +t. An overview of all variables,
including their temporal and spatial interpretation and units,
is provided in Table 1.

Partial physical knowledge is incorporated into the PINN
through the cloud advection equation [20], [21]

Oc Jc Jc
= — — =0, 4
ot "oz T Vay @
which describes the transport of the cloud index through space
and time driven by the wind velocity components (u, v), which
are assumed constant over the forecast horizon.
The PINN training minimizes a composite loss

L= ﬁdata + )\phys Ephym (5)

where Aphys > 0 is a weighting parameter that controls the
strength of the physics-based regularization.
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Fig. 1. Overview of the PINN training framework.

The data loss penalizes discrepancies between predictions
cp(q) and observations c,

N
Laata = Z Co Ch C*,i)27 (6)

where {(qi,c«:)}, denotes the set of N labeled training
samples.
The physics loss penalizes violations of the cloud motion

equation
M
Z col 7 7

where {q;"l} j=1 denotes the set of M collocation points. The
residual of the cloud motion equation is defined as

e col o col o col
o(a”) | Ocola™) | dco(a™)
ot ox y
All partial derivatives are computed using automatic differen-

tiation [22]. An overview of the PINN training framework is
illustrated in Fig 1.

phys -

Ro(q™') = ®)

B. Normalization and scaling

Proper normalization of input variables is essential for
numerical stability and effective training of PINNs [23]. All
input variables, except the cloud index observations {cl}lL:1
which are already bounded in [0, 1], are normalized using min-
max scaling based on the training data range. For a generic
variable ¢, normalization is given by
/ _ 9~ 4min

=TAg
where Ag = ¢max — Gmin- Both the observed training samples
and the collocation points are normalized using this transfor-
mation, resulting in scaled inputs q’ and q°°l/, respectively.

Accordingly, the cloud motion equation is reformulated
in the normalized space using the chain rule. This yields a
dimensionless equation of the form

dc  _0dc  _0Oc 0

ET + u% + Ua—y/ =0,
where & = uwAt/Az and v = vAt/Ay. The physical
wind components (u,v) are recovered from their normalized
counterparts through the inverse min-max transformation

q )

(10)

U = Umin + U Au, ¥ = Vpin + 0 Av. (11)
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This scaled formulation of the cloud motion equation produces
a well-conditioned physics loss that remains numerically com-
patible with the data loss during training.

C. Correlation-based collocation point sampling

Collocation points determine where the governing equation
is enforced during training and therefore play a central role in
the forecast performance of PINNs. In PV power generation
forecasting, the input space consists of multiple meteorological
variables that are both statistically dependent and physically
coupled. Independent sampling of these variables can gen-
erate physically implausible combinations, while fully joint
sampling is often poorly representative of the true underlying
distribution in high-dimensional spaces under limited data
[24]. Both effects degrade the effectiveness of physics-based
regularization. This paper therefore proposes a correlation-
based sampling strategy that preserves dominant statistical
correlations while avoiding high-dimensional joint sampling.
The approach consists of four main steps: correlation analysis,
variable clustering, cluster-wise joint sampling, and spatiotem-
poral sampling.

Let Q € R™*? denote the matrix of the labeled training
samples, where each column q; corresponds to one of the d
input variables included in the correlation analysis. Statistical
dependencies between variables ¢; and ¢y, are quantified using
the Pearson correlation coefficient [25]

cov(qs, gm
pim = Srtm), (12)

OQJ T

This is transformed into a dissimilarity measure

Djy=1- (13)
which is used for hierarchical agglomerative clustering [26]
with the average linkage criterion [27] to identify clusters of
strongly correlating variables.

Clusters are sampled independently, while within each clus-
ter with dimension d.., collocation points are generated by joint
sampling using multivariate kernel density estimation (KDE)
[28]. Given the training samples {q; }7, C R, the estimated

|ij|7

density is
@)= — anK 1=k (14)
nhde h ’
with bandwidth parameter A > 0 and Gaussian kernel
1
K(z) = (2r)%/? exp(—§||z||2> . (15)

Samples are filtered to enforce basic physical constraints,
including daylight conditions and 0 < ¢; < 1. Spatial coordi-
nates are sampled uniformly over the buffered convex hull of
the measurement locations, and forecast horizons are sampled
uniformly over the training interval. This yields physically
plausible and statistically representative collocation points,
supporting effective physics-based regularization during PINN
training.
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D. Recursive forecasting framework

The available training data are temporally sparse, with
resolution t,i,, while real-time control requires forecasts at
much finer resolution ¢,.. To bridge this mismatch, this paper
develops a recursive forecasting framework that enables multi-
step high-resolution forecasts from models trained exclusively
on temporally sparse data.

At reference time tg, the information available about the
spatially distributed PV system is represented by a set of L

input vectors
{ac(to)}isss

where each q; = [my(¢o), c(o)] contains local auxiliary vari-
ables my(tp), which are assumed to remain constant over the
forecast horizon and include spatial coordinates, the forecast
horizon and meteorological variables, as well as the shared
cloud index field

(16)

c(to) = {¢; (to)}f:r

Importantly, the cloud index field c(to) is identical across all
input vectors and therefore constitutes a shared state. Updating
this shared state requires the simultaneous generation of cloud
index forecasts at all L locations. The trained model ¢y is
therefore applied jointly across all locations to forecast the
cloud field at the first recursive step

a7

&(to + 1) = {colar(to))} /s - (18)
This is used to update the inputs as
ae(to + tr) = [my(to), €(to + tr)]. (19)

Repeating this procedure for a desired number of steps k =
1,..., N, yields a recursive multi-step forecast

&(to + kt,) = {col(ae(to + (k — 1)t,)} 1, .

Because no new observations are available during recursion,
forecast errors accumulate over successive steps. However,
because PINNs incorporate physical constraints during train-
ing, they promote physically plausible generalization and can
mitigate this effect under recursive deployment.

Because the available data are temporally sparse, intermedi-
ate recursive forecasts cannot be directly validated. Validation
is therefore performed by executing the recursive forecasting
procedure over a forecast horizon equal to the training reso-
lution iy, corresponding to N, = tyyin/t, recursive steps,
and comparing the resulting terminal forecast ¢(t9 + N, t;)
with the observed cloud field ¢(tg + tyin)- This terminal
comparison evaluates the accumulated error over the forecast
horizon and provides a measure of multi-step high-resolution
forecast performance under temporal data sparsity.

(20)

E. Recursive training strategy

Training on temporally sparse data using single-step su-
pervision creates a mismatch with inference-time recursive
deployment. To address this, this paper proposes an improved
training strategy that explicitly incorporates recursive forecast-
ing into the training objective.
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Each training sample i corresponding to a reference time ¢;
consists of L input vectors

{aie}ics = me(ts), e(t)], @n
and the corresponding observed cloud field target
Cx,i = C(ti + ttrain)- (22)

During training, the model is recursively applied for N,
steps, defining the rollout operator

C5™ ({anehfon) = &(ts + Nit,). 23)
The recursive data loss is then given by
Lo fo(v) ?
rec Ny L
= g 2o ) endf,- o

This training objective aligns model optimization with
inference-time deployment, reducing error accumulation and
improving multi-step forecast performance under temporal
data sparsity.

III. CASE STUDY RESULTS

This section evaluates the proposed PINN-based forecasting
framework for multi-step PV power forecasting in spatially
distributed PV systems at temporal resolutions on the order of
seconds under temporal data sparsity.

A. Comparison models and validation design

Two PINN formulations are evaluated: a baseline PINN
trained with single-pass supervision, and an improved PINN
trained with the improved strategy based on recursive fore-
casting. They are compared with a persistence model, which
assumes constant behavior over the forecast horizon, purely
data-driven neural networks (NNs) with and without the im-
proved training strategy, and a physics-only cloud advection
model. The latter uses the closed-form solution of the cloud
advection equation [29],

c(z,y,t +t.) =clzr —ut,, y—vt,, t), (25)

which translates the current cloud field forward in time along
the wind direction.

All models are evaluated using identical datasets, network
architectures, and recursive forecasting procedures. Forecast
performance is quantified by comparing terminal recursive
cloud index field forecasts ¢ with corresponding observed
cloud index field targets c.. The following error metrics are

used:
+ Root mean squared error (RMSE):

N
1 N 2
RMSE = ﬁ;Hci —cuill3 (26)
e Mean absolute error (MAE):
1 N
MAE = ; & — cuill - 27)
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« Bias:

L
Bias = ﬁ Z Z (Cit = Cxsil) -

(28)
i=1 1=1
« Variability error (VE):
1
VE =+ ; |Var(é;) — Var(c..;)|, (29)

where Var(-) denotes the variance across the L spatial mea-
surement locations within a forecast instance. These metrics
are reported in terms of the mean and standard deviation over
10 independent training seeds.

B. Experimental setup and data

The proposed framework is evaluated using a case study
in central France based on temporally sparse satellite-derived
meteorological data obtained from the Solcast service [30]
with a temporal resolution of #y,, = 5 min. The data cover
April 2024 and include measurements at L = 10 spatially
distributed locations. The selected region exhibits frequent
broken-cloud regimes, which induce strong spatiotemporal
variability and are therefore well suited for evaluating control-
relevant PV power generation forecasting [31]. The measure-
ment locations are arranged on an approximately 2-3 km
grid, consistent with typical cloud advection length scales over
tirain [32]

After removing nighttime samples, the cloud index is com-
puted for each remaining data record according to (1). The
corresponding forecast target c, is defined as the cloud index
at the next time instant ¢, = ¢ + tuain. 1raining samples are
constructed such that each sample contains the simultaneous
cloud index observations from all L locations, representing the
spatial cloud field at the reference time t,. High-resolution
multi-step forecasts are then generated using the recursive
forecasting framework described in Section II, for which
training samples are grouped into sets of L input vectors. A
control-relevant temporal resolution of ¢, = 10 s is selected,
corresponding to N,. = tyin/t, = 30 recursive steps over the
forecast horizon.

C. Model Architecture and Training Configuration

All NN-based models use the same fully-connected feed-
forward architecture with four hidden layers of 128 neurons
each. The baseline PINN uses Tanh activation functions, while
the improved PINN uses ReLU activations, both empirically
determined. Models are trained using the Adam optimizer with
a cosine annealing learning-rate scheduler.

To promote the learning of meaningful spatial variability
and avoid degenerate solutions with nearly uniform cloud
index predictions, additional mechanisms are introduced in
both PINN formulations. The improved PINN is trained to
predict incremental changes in the cloud index rather than
absolute values. The baseline PINN scales the spatial input
coordinates (x,y) by a factor of two, increasing the relative
influence of spatial information during training. These design
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TABLE I
TRAINING DATA, COLLOCATION POINT SAMPLING, AND MODEL
HYPERPARAMETERS.

Parameter Value

Labeled data and collocation points

Number of training samples /N 36220
Number of test samples 10000
Number of collocation points M 10000
KDE bandwidth h 0.015

Number of clusters k 3

Baseline PINN

Physics-loss weight Ay 0.01
Initial learning rate 7x107%
Final learning rate 5x107°
Training epochs 2000
Improved PINN

Physics-loss weight Ay 10
Initial learning rate 1x 1074
Final learning rate 1x107°
Training epochs 1500

choices were empirically selected and are fixed across all
experiments.

In addition, the proposed correlation-based collocation point
sampling strategy is tested for both PINNs.

Unless stated otherwise, all experiments use the hyperpa-
rameters listed in Table II.

D. Overall quantitative performance

Table III summarizes the quantitative forecast performance
of all models on recursively generated terminal cloud-index
forecasts over the 5 min forecast horizon. Because the pro-
posed correlation-based collocation point sampling strategy
did not yield consistent performance gains for the improved
PINN, the simpler uniform sampling approach is adopted for
that formulation, unless stated otherwise.

The baseline PINN substantially outperforms its purely
data-driven NN counterpart, achieving a reduction in RMSE of
approximately 61.9%. This improvement reflects the benefit of
physics-based regularization, which promotes physically plau-
sible generalization between sparse observations and mitigates
error accumulation during recursive inference. The improved
PINN further reduces the RMSE by approximately 56.7%
relative to the baseline PINN through the proposed recursive
training strategy. Notably, the performance gap between the
improved PINN and the improved NN is small, indicating
that the improved training strategy benefits both models by
explicitly accounting for error accumulation.

The physics-only and persistence models remain highly
competitive over the 5 min horizon, reflecting the slow and
predominantly advection-driven cloud dynamics at this time
scale. Nevertheless, the improved PINN achieves the lowest
overall RMSE, providing an average improvement of 2.8%
relative to persistence. In addition, it achieves the lowest
spatial variability error, demonstrating superior preservation
of spatial structure.
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TABLE III
COMPARISON OF FORECAST PERFORMANCE FOR ALL MODELS FOR RECURSIVELY GENERATED TERMINAL 5 MIN CLOUD INDEX FORECASTS.

Model RMSE MAE Bias VE Computation time (s)
Baseline PINN 0.16436 £ 0.03571  0.12008 £+ 0.02699  0.04244 4+ 0.02673  0.00128 + 0.00007 0.12 £ 0.01
Baseline NN 0.43106 £+ 0.11806  0.32773 £ 0.13084  0.32726 4+ 0.13084  0.00130 % 0.00006 0.26 £ 0.00
Improved PINN  0.07121 +0.00235  0.04323 £ 0.00115  0.00229 £ 0.00223  0.00099 =+ 0.00008 0.15+0.03
Improved NN 0.07146 £ 0.00208  0.04359 £ 0.00093  0.00242 £+ 0.00222  0.00100 =+ 0.00008 0.27 £ 0.05
Physics-only 0.07542 £+ 0.00265  0.04335 £+ 0.00147  0.00222 4+ 0.00131  0.00138 + 0.00010 25.27 +1.01
Persistence 0.07333 £0.00249  0.04225 £+ 0.00130  0.00209 + 0.00155  0.00112 % 0.00009 0.16 £ 0.01

Recursive forecast trajectories starting at 14:35:00 on April 16 at location 1

0.9+

0.8+

Cx

0.79

Baseline PINN
Baseline NN
0.6 —— Improved PINN
— Improved NN
—— Physics-only
—— Persistence
057 @ Solcast truth

N

0 200 400 600 800 1000 1200 1400

Time (s)

Fig. 2. Representative multi-step high-resolution forecast trajectories for all
models on April 16 at measurement location 1 over five consecutive 5 min
forecast horizons.

Moreover, the physics-only model incurs substantially
higher computational cost due to repeated online evaluations of
the cloud motion equation, whereas the learned models provide
fast inference after offline training.

E. Qualitative forecast behavior

Fig. 2 illustrates representative multi-step high-resolution
forecast trajectories for all models on April 16 at measurement
location 1 over five consecutive 5 min forecast horizons. The
trajectories reveal distinct dynamical behaviors: persistence
remains constant by construction, the physics-only model
evolves approximately linearly due to its reliance on fixed
wind components, while both PINN and NN models produce
nonlinear, dynamically varying trajectories.

The baseline NN exhibits pronounced error accumulation,
while the baseline PINN mitigates this effect through physics-
based regularization. The improved PINN further enhances
performance by producing smoother trajectories that are more
directly targeted at the reference signal.

F. Collocation point sampling analysis

To evaluate the impact of the proposed correlation-based
collocation point sampling strategy, the baseline PINN is
trained using three approaches: uniform sampling, fully joint
KDE-based sampling, and the correlation-based strategy. The
comparison is conducted in a low- to moderate-collocation
regime with M = 2000 points, where the impact of sampling
choices is more pronounced.
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TABLE IV
EFFECT OF COLLOCATION POINT SAMPLING STRATEGY ON FORECAST
PERFORMANCE FOR THE BASELINE PINN FOR RECURSIVELY GENERATED
TERMINAL 5 MIN CLOUD INDEX FORECASTS.

Sampling Strategy RMSE MAE Bias
Uniform 0.17719  0.12899  0.08204
+0.02576  +£0.01854  +0.02129
Fully foint 0.16449  0.12008  0.04380
v +0.03490  £0.02645  +0.02654
Correlation-based 0.16438  0.12000  0.04044
+0.03223  £0.02359  +0.02500

Table IV shows that the correlation-based strategy con-
sistently outperforms uniform sampling across all reported
metrics, achieving an RMSE reduction of approximately 7.2%,
demonstrating the benefit of enforcing the governing equation
at physically plausible collocation points. In contrast, only
marginal gains are observed relative to fully joint sampling.
This is explained by the clustering configuration produced by
the correlation-based approach, in which the largest cluster
still contains all L = 10 cloud index variables {c;}~ .,
thereby limiting the effective reduction of the joint sampling
dimensionality.

For the improved PINN, no consistent performance gains
from the proposed sampling strategy are observed, as the
improved training strategy substantially reduces the PINN’s
reliance on physics-based regularization to mitigate error ac-
cumulation.

G. Performance of the improved PINN under challenging
conditions

This section evaluates the forecast performance of the im-
proved PINN under two challenging regimes: rapidly evolving
atmospheric conditions, which are critical for real-time power
system control, and limited training data availability, which
stresses the model’s ability to generalize to unseen conditions.

1) Challenging weather conditions: To evaluate perfor-
mance under rapidly evolving atmospheric conditions, a
regime-dependent analysis based on cloud variability is per-
formed. Test samples are grouped into quantile bins according
to the magnitude of the change in cloud index over the 5 min
forecast horizon. Within each regime, the improved PINN is
compared with the persistence model, which constitutes the
strongest comparison model in this case study.

The results are summarized in Table V and show that the
improved PINN exceeds the 50% win-rate threshold in the
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TABLE V
FORECAST PERFORMANCE OF THE IMPROVED PINN AND THE
PERSISTENCE MODEL ACROSS CLOUD VARIABILITY REGIMES FOR
RECURSIVELY GENERATED TERMINAL 5 MIN CLOUD INDEX FORECASTS.

Quantile bin RMSE (PINN) RMSE (Persistence) Win rate (%)

0-95% 0.00911 0.00009 0.00

+0.00088 +0.00029 +0.00

25-50% 000134 £5.00128 554

50-75% 2000174 £0.00176 30

0% Joo0ms £6.00433 iy
TABLE VI

FORECAST PERFORMANCE OF THE IMPROVED PINN AND THE IMPROVED
NN UNDER DATA-LIMITED CONDITIONS FOR RECURSIVELY GENERATED
TERMINAL 5 MIN CLOUD INDEX FORECASTS.

Forecasting model RMSE MAE Bias
Improved PINN 0.07172  0.04414  0.00599
Improved NN 0.07737  0.04947  0.00664

two highest-variability regimes. In the most upper regime, the
improved PINN also achieves a lower RMSE than the persis-
tence model, with a relative reduction of approximately 4.69%.
These findings indicate that the proposed PINN provides a
clear advantage in challenging weather conditions.

2) Data-limited conditions: To evaluate performance in
data-limited regimes, the improved PINN and NN are trained
using a reduced dataset of N = 2000 samples. In this
experiment, the correlation-based collocation point sampling
strategy is employed, as it provides performance gains over
uniform sampling when training data are limited.

The results are reported in Table VI. Due to the sensitivity
of both models to hyperparameter selection in this data-
limited regime, the comparison is shown for a representative
random seed after individual tuning of the physics-loss weight
Aphys = 0.01. The performance of the improved NN deteri-
orates more severely than that of the improved PINN, with
the improved PINN achieving a relative reduction in RMSE
of approximately 7.3%. This indicates that physics-based
regularization promotes physically plausible generalization to
unseen conditions and provides a clear advantage for the PINN
when training data are limited.

H. Discussion

Although physics-only and persistence models remain
highly competitive over the relatively short 5 min forecast
horizon considered, the improved PINN offers important ad-
vantages for power system control. In particular, the physics-
only model becomes impractical due to its high computational
cost associated with repeated numerical propagation of the
cloud field, whereas the PINN provides a computationally
efficient and physically plausible surrogate suitable for real-
time deployment. Moreover, the improved PINN consistently
outperforms persistence in the most challenging atmospheric
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conditions characterized by rapid cloud evolution. These
regimes are precisely those in which accurate forecasting is
most valuable for real-time control. The relative advantage of
the proposed framework is therefore expected to increase for
forecast horizons longer than 5 min, where cloud dynamics
progressively deviate from slow-evolution assumptions and
persistence degrades more rapidly.

The improved PINN also achieves superior preservation
of spatial variability, as reflected by the lowest variability
error among all models. This property is particularly relevant
for coordinated control of spatially distributed PV systems
and indicates improved generalization across spatial locations,
enabling transferability to new spatial configurations with
similar geometry.

Finally, the proposed correlation-based collocation sampling
strategy demonstrates clear benefits over uniform sampling
and provides a systematic approach to generate physically
plausible collocation points, supporting effective physics-
based regularization in PINN training. Although only modest
improvements over fully joint sampling are observed in the
present setting, the approach is expected to become increas-
ingly valuable in higher-dimensional problems and in data-
limited regimes.

IV. CONCLUSIONS AND RECOMMENDATIONS

This paper investigated PINNs for multi-step PV power
generation forecasting in spatially distributed PV systems at
temporal resolutions on the order of seconds under temporal
data sparsity, motivated by real-time power system control re-
quirements. A recursive forecasting framework was developed
to generate high-resolution multi-step forecasts from models
trained exclusively on temporally sparse data, together with
a validation approach aligned with this temporal resolution
mismatch.

The results demonstrate that physics-based regularization
in PINNs promotes physically plausible generalization be-
tween sparse observations and mitigates error accumulation
under recursive deployment. The proposed improved training
strategy further enhances multi-step forecast performance by
explicitly aligning model training with recursive inference,
leading the improved PINN to achieve the lowest overall
RMSE among all evaluated models. Although the result-
ing improvement in RMSE is modest, the improved PINN
exhibits clear advantages under challenging conditions. In
particular, it consistently outperforms persistence under rapidly
evolving atmospheric conditions and demonstrates superior
data efficiency compared to purely data-driven NNs in data-
limited regimes. In addition, the proposed correlation-based
collocation point sampling strategy improves the effectiveness
of physics-based regularization relative to uniform sampling.

More broadly, the findings indicate that the principal value
of physics-informed learning lies not in nominal operating
conditions, but in practical regimes characterized by sparse,
uncertain, or limited data, which are conditions that commonly
arise in real-world power system operation.
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Several directions for future work follow from this study.
First, the physical model incorporated in the present PINN
formulations is intentionally simplified and considers only
advective cloud motion with constant wind fields over the
forecast horizon. Although this assumption is appropriate for
the minute-scale horizons considered here [16], future work
could integrate richer physical models, including diffusive and
convective processes or stochastic cloud dynamics [33], [34],
to further improve the realism and effectiveness of physics-
based regularization.

Second, extending the proposed PINN-based framework to
model the complete forecast pipeline from cloud dynamics to
PV power output would enable direct end-to-end evaluation
of forecast performance. In this context, the incorporation
of additional physical models of PV panel behavior, such
as thermal effects and electrical response characteristics [35],
represents a promising direction for further improvement.

Finally, integrating the proposed forecasting framework into
closed-loop power system control applications, such as MPC
for LFC, would allow a direct assessment of its impact on grid
stability and operational performance.
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MPC
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NWP
PIML
PINN
pPv
RES
RMSE
uTC
VE

kernel density estimation

load frequency control

mean absolute error

machine learning

model predictive control

mean squared error

neural network

National Laboratory of the Rockies
numerical weather prediction
physics-informed machine learning
physics-informed neural network
photovoltaic

renewable energy source

root mean squared error
Coordinated Universal Time

variability error
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