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Abstract

The rapid shift toward renewable energy has positioned solar power as a key player in reducing carbon
emissions. Yet, the inherent variability of solar irradiance, in particular abrupt fluctuations caused by
local cloud movements, poses significant challenges for grid stability and hinders the large-scale adop-
tion of this technology. Accurate short-term forecasting of solar irradiance becomes crucial to mitigate
these issues.

Traditional forecasting methods, such as Numerical Weather Prediction, lack the spatial and temporal
resolution required to predict these sudden changes in real time. To address this gap, we propose
a novel generative Al pipeline that employs diffusion models to predict future sky conditions using
ground-based sky images. These predicted images are processed by a convolutional neural network
to forecast the solar irradiance reaching the ground.

We benchmark our approach against existing machine learning and traditional forecasting techniques,
showing promising improvements in predicting short-term irradiance, particularly during dynamic situa-
tions. Additionally, we explore the role of stochasticity in diffusion models, and develop a probabilistic
framework that generates full probability distributions rather than single-point predictions. This allows
our method not only to deliver robust predictive performance but also to quantify the uncertainty asso-
ciated with each prediction.
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Introduction

1.1. Background and motivation

The energy sector is undergoing an unprecedented transformation. Countries, companies, and individ-
uals are rapidly trying to reduce their carbon emissions by improving energy efficiency, reducing carbon
intensive activities, and sourcing energy from renewable sources. Solar power, abundant and with a
relatively low environmental impact, is one of the most mature and cost-effective renewable energy
technologies [1], and is set to be one of the cornerstones of this transition. However, the inherent in-
termittency of solar irradiance poses a challenge to the large-scale adoption of this technology. Cloud
cover, air particles, or outside temperature are some of the factors that affect the output of a Photo-
voltaic (PV) power plant. Smooth changes do not pose a big problem; however, abrupt variations in
the power output of a PV plant introduce electrical transients, harmonics, and voltage fluctuations that
can compromise the reliability and stability of the entire electrical system [2]. Furthermore, these un-
foreseen deviations in energy production can introduce high volatility in energy markets, resulting in
large price swings.

There are several ways to address the issue. One of the most promising ones is to install battery packs
next to PV plants that can be charged and discharged when necessary to smooth out abrupt changes in
power output, thereby certain predefined ramp rate limitations are respected. However, to enable this,
accurate short-term forecasts of solar irradiance are required. Traditional weather forecasting methods,
such as Numerical Weather Prediction (NWP), lack the spatial and temporal resolution needed for real-
time applications and often struggle to predict short-term changes in weather. This is because satellite
imagery and radar data, ubiquitous in weather forecasting, do not capture fine details necessary for
precise irradiance predictions at specific locations. Furthermore, NWP requires long data assimilation
steps that take several hours, limiting its usefulness in short-term applications.

This has led researchers to find alternative ways to predict short-term changes in weather. Vastly dif-
ferent methods have been tried, from traditional statistics to computer vision and Machine Learning
(ML) [3]. However, the high-level framework is often similar. A typical workflow involves the collection
of images, the identification of clouds, the derivation of cloud movements, and a forecasting step that
produces an irradiance prediction [4].

Following this framework and inspired by recent advances in Generative Atrtificial Intelligence (GenAl),
we present a diffusion-based pipeline that uses fisheye images of the sky above the location of inter-
est to predict possible future sky conditions, which are processed by a Convolutional Neural Network
(CNN) to forecast the irradiance reaching the ground.

1.2. Research Direction and Thesis Outline

As introduced above, the main contribution of this work is the development of a generative Al pipeline
capable of producing accurate short-term irradiance forecasts. In particular, we focus on Diffusion
Models (DMs), given their recent success in several vision tasks, such as text-to-image generation [5],
image restoration and enhancement [6], or video prediction [7]. Furthermore, a comprehensive litera-

1



1.2. Research Direction and Thesis Outline 2

ture study showed that, to the best of our knowledge, despite the large number of ML-infused weather
prediction models, a relatively small amount deals with irradiance nowcasting, and none of them em-
ployed a DM backbone.

This overarching objective opens up several possible research directions and sub-questions. For in-
stance, one approach could involve identifying the optimal neural network architecture, dedicating our
time and resources to training models with varying structures and hyperparameters. Another approach
might focus on a single model, thoroughly studying it's performance by evaluating different prediction
horizons, studying how the stochasticity of diffusion affects the results, examining the effectiveness of
recursive inference (the model is fed its own predictions to generate predictions further ahead into the
future)... Alternatively, we could also undertake a more theoretical study, dive deep into the literature,
repurpose published models for the task at hand, look at their strong and weak points, etc. Given
the bounded timeline and computational resources, we cannot pursue all of these paths in full depth.
However, we reach a compromise that allows us to present a model that yields satisfactory accuracy,
study its performance under different conditions, and compare it against other ML models as well as
traditional methods.

In essence, our work will attempt to answer the following questions.

* What are current state-of-the-art techniques in weather forecasting using ML and how do they
compare to traditional methods?

+ Do latent diffusion models improve the accuracy of predicting short-term irradiance? How do they
perform in stable and challenging conditions?

» How to design a diffusion model for the task of irradiance nowcasting? How to use past observa-
tions to condition the denoising process?

+ Can we inference the model recursively to arbitrarily extend the prediction horizon? How does
this affect its predictive performance?

» How does the inherent uncertainty of the denoising process affect the results? Can it be leveraged
to quantify uncertainty in the model predictions?

The thesis is organized as follows. Chapter 2 consists of a technical background that explains the
necessary concepts to follow along. In particular, we introduce some traditional methods for weather
forecasting, several ML concepts, and some basic notions of photovoltaic power. Furthermore, this
chapter also deals with related work, that is, publications about data-driven weather forecasting models
relevant or similar to this project. Chapter 3 deals with the data used in this project, we explain how
the data was acquired, what are its particularities, and what processing steps were applied. In chapter
4 we present our model, introduce the architecture, the design decisions and how it is implemented in
practice. Chapter 5 showcases the results, we compare our model to several benchmarks and display
its strengths and weaknesses. Finally, in Chapter 6, we conclude the project, revisit the research
questions, highlight our contributions, and suggest directions for future research.



Technical Background

2.1. Traditional Methods for Weather Forecasting

The approach used for weather forecasting and solar irradiance prediction largely depends on the
spatial and temporal resolutions required for the end application. This section introduces three of the
most common methods, namely NWP, optical flow, and statistical methods.

2.1.1. Numerical Weather Prediction

The roots of numerical weather prediction go back to the 1920s when pioneering scientists such as
Lewis Fry Richardson and Jule Gregory Charney laid the foundations for numerical simulations of at-
mospheric processes [8]. The advent of computers in the latter half of the twentieth century revolution-
ized NWP, enabling the development of complex numerical models capable of simulating atmospheric
behavior with increasing fidelity.

At its core, NWP relies on solving a set of partial differential equations that model the behaviour of the
ocean and the atmosphere [9]. These equations are discretized over a domain covering the whole
planet, or sections thereof, and solved with time resolutions ranging from a few hours to several days
and spatial resolutions as little as 10 km (Fig. 2.1).

a
Y/

y/

Figure 2.1: Earth system discretization for NWP. Modified from [10]

A critical aspect of NWP is the initialization of the models. NWP is initialized using observational data

3



2.1. Traditional Methods for Weather Forecasting 4

from a variety of sources, including satellites, weather stations, and radars. This data is preprocessed
and merged with predictions from other models in a step called data assimilation, which seeks to find
the best possible estimate of the true atmospheric state [11].

The computational requirements of NWP are substantial. Manipulating the vast datasets and solving
the complex computations requires high-performance clusters only accessible to a handful of weather
agencies in the world. Furthermore, the long running times and the time needed for data assimilation
make NWP not suitable for very short-term predictions [12].

The main challenge faced by NWP models lies in the chaotic nature of the atmosphere. This fundamen-
tal characteristic of weather systems, famously described by Edward Norton Lorenz as the "butterfly
effect”, refers to extreme sensitivity to small variations in the initial conditions. In other words, small
differences in the initial state can lead to big differences in the forecast outcomes over time [13]. This
is aggravated by the fact that since the set of partial differential equations is solved numerically, small
errors will always be present and compound over time.

To account for the uncertainty in the forecast outcomes of NWP, it is common to use ensembles. This
approach merges the output of several different models, as well as equal models with slight differences
in the initial conditions, and produces a confidence value in addition to the forecast [14]. However, this
comes at the cost of even larger computational resources.

2.1.2. Optical Flow
A very common approach for irradiance forecasting involves the identification and monitoring of cloud
movements using sky images. By tracking the movement of clouds, these vision-based algorithms can
predict when clouds might obstruct the sun, affecting photovoltaic production.
In particular, optical flow is a method used to analyze the motion of objects within a sequence of images.
First, clouds are detected using a variety of image processing techniques [15]. Then, a motion detection
algorithm derives the motion vectors from consecutive frames, which can be used to map the position
of clouds in the future.
One of the simplest and most common approaches to identify whether a pixel shows a clear sky or a
cloud is the Red Blue Ratio (RBR) threshold. The RBR is defined as the intensity in the red channel
divided by the intensity in the blue channel (Equation 2.1).
R

RBR = (2.1)
This method leverages the fact that clouds typically appear much brighter in the blue channel compared
to the red channel, and simply consists in classifying a pixel as cloudy if the RBR exceeds a certain
value (Fig. 2.2). This method is capable of reliably detecting white opaque clouds, however thick black
or thin clouds are hard to distinguish [3].

Figure 2.2: Example of cloud detection using RBR threshold.

Once the clouds have been segmented, a sequence of frames is used to compute their motion. The
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most widely used methods for optical flow estimation are the Farnerback method [16] and the Lucas-
Kanade method [17]. Explaining how these methods work is beyond the scope of this project, hence
the interested reader is referred to the original sources. Open-source implementations of both methods
are available online. Figure 2.3 shows an example of the whole process where we take a sequence of
frames, binarize them using the RBR threshold, and derive the motion vectors of the clouds using the
Farnerback algorithm implementation of OpenCV [18].

(c) Motion vectors derived using Farnerback optical flow algorithm.

Figure 2.3: Optical flow method

A natural next step would involve using the motion vectors to forecast the position of the clouds in
a future instant, and checking whether the sun is occluded or visible. This would already be able to
produce a binary prediction of high or low irradiance, which can be merged with past observations
or additional information to produce an actual number. Alternatively, the images resulting from the
optical flow algorithm can be fed to image processing methods in a hybrid setup that directly yields an
irradiance prediction.

2.1.3. Statistical Methods

This class of methods aims to predict future weather using only past observations. They make the
key assumption that there exists a causality relationship between time and a specific weather variable,
hence they are also referred to as time series models [19].

The simplest of the time series models is called persistence. The idea behind it is that the changes
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in irradiance are smooth; therefore, the most reliable prediction for the next time step is the irradiance
value in the current instant. In short-term weather forecasting, persistence is often a surprisingly hard
to beat baseline. Indeed, weather conditions tend to change gradually rather than abruptly, so most of
the time predicting that the irradiance will remain the same yields very high accuracy.

An advanced version of this method consists in assuming that the meteorological factors that affect
irradiance at time ¢ will remain the same at time ¢ + 1. However, some known variations, such as the
Sun’s zenith and azimuth angles, are taken into account. This kind of model, called physics-informed
persistence, also produces very accurate forecasts [20].

Autoregressive methods are also often used to forecast weather variables. One of the simplest, the
Autoregressive Moving Average (ARMA), consists of two components (two polynomials), one for the
Autoregression (AR) and one for the Moving Average (MA), with order p and ¢ respectively. The AR
part (Eq. 2.2) tries to predict future values based on previous observations, while the MA (Eq. 2.3)
includes information on past forecasting errors. The drawback of ARMA is that it can only be used if
the time series to be predicted is stationary, which is not the case in irradiance time-series, hence a
detrending step would also be necessary [21].

P
Xy = Z wiXi i +& (2.2)
=1
q
Xi=ei+ Y Oier (2.3)
=1

Where X, is the observation at time ¢, ¢, ... ¢, and 0, ... 0, are model parameters to be tuned, and ¢
is white noise.
Combining both parts, we have the ARMA model (Eq. 2.4).

p q
Xy =¢+ Z piXi—i + Z Oice—i (2.4)
i=1 i=1

The Autoregressive Integrated Moving Average (ARIMA) model extends the ARMA by introducing an
Integrated (I) component, which allows the model to handle non-stationary time series data [22].

The most important aspect of any statistical model is the estimation of its parameters. Several algo-
rithms exist for this purpose, such as Yule Walker, Least Squares, or Maximum Likelihood.

2.2. Machine Learning

This section introduces the necessary ML concepts for the understanding of this work. We assume
prior knowledge of the fundamentals of deep learning, namely Neural Networks (NNs), loss functions,
Gradient Descent (GD), and backpropagation. There are several excellent textbooks and resources
covering these concepts. For example [23] provides a broad but comprehensive introduction to Artificial
Intelligence (Al), while [24], [25] tackle deep learning and some topics in computer vision and natural
language processing.

In what follows, we will cover CNNs, Residual Neural Networks (ResNets), attention, DMs, autoen-
coders, and U-Nets.

2.2.1. Convolutional Neural Networks

CNNs are the most prominent network architecture for computer vision and image processing tasks.
CNNs exploit three properties of images that make them unsuitable for fully connected networks. First,
images have very large input dimensions. A typical image for a classification task might contain
256x256 RGB values, i.e. 196608 values. This means even for relatively shallow fully connected
networks, the number of weights quickly becomes computationally intractable. Second, nearby pix-
els are statistically related, but fully connected layers process each value independently, without any
notion of spatial closeness. Third, the interpretation of an image does not change under geometric
transformations. An image of a cat is still an image of a cat if we shift it rightward by a few pixels [23].
Convolutional layers process regions of an image independently, using parameters that are shared
across the entire image. They exploit the relationship of nearby pixels, use far fewer parameters than
fully connected networks, and interpret groups of pixels equally regardless of their position in the image
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[23].

Mathematically, the convolution operation can be interpreted as the application of a sliding window to
a matrix of pixels. This sliding window is called a filter or kernel. For example, a 3x3 kernel applied to
an image with pixels z;; computes a single layer of hidden units h;; as:

3 3
hij =a |8+ Z Zwmnxi+m—2,j+n—2 (2.9)
m=1n=1
where w,,,, are the entries of the kernel. This is simply a weighted sum over a square 3x3 input region
[23]. As seen in Fig. 2.4 the kernel is translated horizontally and vertically to create an output at each
position.

Figure 2.4: Convolution without padding and stride of 1 [26]

In addition to the kernel size, the convolution operation has another two important hyperparameters,
namely padding and strides. Padding consists of adding artificial pixels (usually of value 0) to the edges
of the image. In this way, we can preserve the spatial dimensions of the input and prevent the loss of
information at the borders (without padding, the edge pixels are only taken into the convolution opera-
tion once) (Fig. 2.5). Strides refers to the step size with which the kernel moves across the input image
during the convolution operation. When applying a convolutional filter, usually the filter is moved one
pixel at a time. However, strides allow the filter to skip some of the locations and take larger steps (Fig.
2.6). A larger stride reduces the spatial dimension of the output.

Figure 2.5: Convolution with padding of 1 and stride of 1 [26]

Figure 2.6: Convolution without padding and stride of 2 [26]

The notion of convolution can be generalized to any dimension. For instance in a 3D convolution the
kernel would be a cuboid and would slide accross the height, width and depth of the input.
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Usually, CNNs also contain pooling layers to scale down the feature maps generated by the convolu-
tional operations. The two most common pooling methods are max pooling and average pooling (Fig.
2.7). In max pooling, a sliding window moves across the input, and at each position selects the maxi-
mum value, and discards the rest. Similarly, in average pooling, the output is the average value of the
elements within each window. These processes effectively reduce the spatial dimensions of the input
feature map while preserving the most important information.

Figure 2.7: Methods for scaling down representations. a) Max pooling. b) Average pooling. Modified from [23]

In some architectures, in particular when the output is an image, it's often needed to increase the spatial
resolution of feature maps. There are several methods for upsampling in CNNs. The simplest way is
the nearest-neighbor approximation, which copies the closest value to interpolate new pixel values
(Fig. 2.8a). Alternatively, we can use max unpooling, the inverse operation of max pooling, in which
the values are placed to the locations where they originated (Fig. 2.8 b), or bilinear approximation [27]
(Fig. 2.8 c).

Figure 2.8: Methods for scaling up representations. a) Nearest neighbor interpolation. b) Max unpooling. c)
Bilinear interpolation [23]

A fourth approach is to apply the inverse operation of a convolution, called deconvolution or transpose
convolution. In a transposed convolution, a learnable filter is applied to the input feature map, similar
to a regular convolution. However, instead of sliding the kernel over the input, a deconvolutional layer
slides the input over the kernel and performs element-wise multiplication and summation (Fig 2.9).
This results in an output that has greater spatial resolution than the input. Similar to conventional
convolutions, transpose convolutions can also have stride greater than one and padding [26].

Output

Input Kernel
olo 4 | 1 0|4 |1

0|1 41
=100 + I+ + = 8 16| 6

2|3
4 1121 9

Figure 2.9: Example of transpose convolution.

2.2.2. Residual Networks

NNs have shown remarkable performance in a variety of tasks, ranging from image recognition to nat-
ural language processing. However, as these networks become deeper, they face challenges such as
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degradation and vanishing gradients. Degradation refers to a decrease in performance observed in
NNs when adding more layers. The problem of vanishing gradients occurs when during backpropaga-
tion gradients become too small to effectively update the parameters of the initial layers of the network
[28].

ResNets were proposed to address these limitations [29]. ResNets employ a novel architectural design
that introduces skip connections which facilitate the flow of gradients during backpropagation. This al-
leviates the vanishing gradient problem and enables training of very deep networks. In particular, the
key idea behind ResNets is the introduction of residual blocks (Fig. 2.10). Residual blocks consist of a
sequence of layers followed by a skip connection that adds the original input to the output of the layers.

—L>{ReLUP{Linear | »ReLU}>{Linear P~

Figure 2.10: Example residual block [23].

Residual blocks have been found not only to solve the problem of vanishing gradients, but also to
improve the overall performance of NNs. This relies on the premise that fitting a residual mapping is
easier than doing so to the underlying input-output mapping. Let us consider a residual block with input
z, and the transformation F(z) applied by the layers within the block. The output y is computed as
follows:

y=F(z)+x (2.6)

Here, the sum of F'(z) and z creates a residual connection that allows the network to learn the residual
mapping F'(z) rather than the desired underlying mapping. This turns out to be a much easier task for
different reasons. First, the network can easily learn an identity mapping by setting F'(x) = 0, which
means it can choose not to perform any transformation. Second, by learning the residual, the network
focuses on capturing the difference between the input and the target output. This can make the learning
task easier because the network only needs to refine or adjust the input features rather than completely
reconstruct them.

ResNets do not have the problem of vanishing gradients. However, they suffer particularly from unsta-
ble forward propagation and exploding gradients. This is usually handled by adding batch normalization
layers (BatchNorm).

BatchNorm is a technique that consists in adding an operation to zero-center and normalize each acti-
vation h across a given batch B [30]. First, the mean m;, and standard deviation s;, are calculated.

1
= 57 2 B @7

i€B

sh= [ S (b — ma)? 2.8)
B2

Then we use these values to standardize the batch activations to have zero mean and unit variance
[23]:

hi —my,

hi<—
Sp + €

Vie B (2.9)
where ¢ is a small value to prevent division by zero.
Lastly, the normalized variable is scaled by v and shifted by ¢, which are parameters learnt during
training.

hi < ~vh;+d VieB (2.10)

At test time, we do not have a batch from which to compute statistics. To address this, m; and s, are
calculated over the entire training dataset and frozen in the final network.
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2.2.3. Attention

Attention was first introduced in 2014 in the context of Natural Language Processing (NLP) to improve
machine translation [31]. A few years later, the introduction of the transformer architecture [32] marked
a turning point for the field, and still nowadays transformer-like architectures or models with attention
mechanisms are state of the art in several tasks and benchmarks [33]. The enormous success in NLP
prompted researchers to try and apply attention mechanisms to computer vision, ultimately leading to
the creation of the Vision Transformer (ViT) [34].

The core idea of attention is to allow the model to selectively focus on different parts of the input by
using a set of learned weights, which indicate how relevant each part is to each other. In vision in
particular, attention enables models to prioritize the most informative regions of an image and discard
the less informative ones. The standard form of attention is called dot-product self-attention, or simply
self-attention and can be described as follows.

First, the input features are transformed into three sets of vectors: queries (q), keys (k), and values (v);
which are learned by standard linear layers.

qg=Wyz (2.11)
k =Wz (2.12)
v=Wyx (2.13)
- -
k v
Wk
W W
q v

Figure 2.11: The first step of attention is computing the keys, queries and values. Modified from [35]

Then, we compute the dot product between the keys and the queries, and pass the results through a
softmax function so that they are positive and sum to one. The values obtained are called attention

weights .
ki

ed

Z?:l eTki

Ai = softmax|q - k;] = (2.14)

Figure 2.12: The second step consists in computing the attention weights. Modified from [35]

The final output of the attention mechanism is called the context vector z and is a weighted sum of the
value vectors, where the weights are the attention weights.

4
2= N (2.15)
i=1
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Figure 2.13: The context vector is a weighted sum of the value vectors. Modified from [35]

There are extensions to self-attention that are always used in practice. The first one is called positional
encodings. Positional encodings were introduced because the basic form of self-attention discards
crucial information: the computation is the same regardless of the order of the input sequence. The way
positional encodings address this is by introducing a matrix II, which encodes positional information.
Each column of II is unique, providing information about the position of each element within the input
sequence. This matrix can be either manually designed or learned. Depending on the model, II can
be added to the network input or in every layer [23].

It is also common practice to scale the dot products of the attention computation by the square root of
of the dimension of the queries and keys D.

\; = Softmaz {q\/g} (2.16)

Finally, self-attention is always implemented so that it is computed many times in parallel. This is called
multi-head self-attention. Now, H different sets of values, keys and queries are computed.

an = Wop (2.17)
kh = thx (218)
Vp = th:L' (219)
The A" head outputs the context matrix Z;, as follows.
KT
Z, = Vi, - Softmaz { \’;gh] (2.20)

Then, the output of the different heads is concatenated and a linear transformation is applied to combine
them.

Multi-head self-attention is just one component of a transformer layer, which also includes residual
connections, fully connected layers, and normalization layers, as seen in Fig 2.14, for a more in-depth
treatment of transformers, the reader is referred to [23].

Residual connection Residual connection

fan)
U

|| || 2 —
Multi-head LayerNorm Parallel neural LayerNorm
self-attention networks (x N)

Figure 2.14: Transformer layer [23]
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The idea of applying transformers to computer vision is not necessarily a promising one. As explained
in Section 2.2.1, CNNs are naturally suited for image data due to their inherent properties, which trans-
formers lack. CNNs have built-in translational invariance, while transformers must learn this feature.
Moreover, CNNs use far fewer parameters than fully connected networks. In contrast, transformers
face a practical bottleneck due to the large number of pixels in images and the quadratic complexity
of self-attention mechanisms. Despite these apparent disadvantages, transformers have eclipsed the
performance of CNNs for image-related tasks [23].

2.2.4. Diffusion Models

DMs have recently emerged as a powerful class of deep generative models. They have been success-
fully applied to a diverse range of tasks including image and video generation, weather forecasting,
image segmentation, and protein synthesis, among others [36].

DMs aim to generate samples from an unknown data distribution by learning to reverse a nosing pro-
cess defined by a Markov chain. The idea, inspired by non-equilibrium thermodynamics [37], is to
iteratively destroy structure in a data distribution by adding Gaussian noise until the samples are indis-
tinguishable from an isotropic Gaussian distribution. DMs learn a reverse diffusion process that can
undo this operation, yielding a highly flexible generative model of the data.

More formally, given an input image x, sampled from an unknown data distribution ¢(x) we define a
forward diffusion process in which small amounts of Gaussian noise are added to the sample in T’
steps, producing a sequence of noisy samples x4, ...,x7. The amount of noise added in each step is
controlled by a variance schedule 5, € (0,1) [38], [39].

q(x¢ | x¢-1) = N (Xt; V1= Bixi—1, 5t1) (2.21)
T

g (xir | x0) = [T a(xe [ xe-1) (2.22)
t=1

=1 = Bixi1 + Pres e ~N(0,1) (2.23)

Given sufficiently large T and a well behaved schedule, z7 is equivalent to pure noise sampled from
N(0,1).

G(Xt\xt—l)
N e >@

~

Nl

Figure 2.15: Forward diffusion process [40].

A notable property of the forward process is that we can sample x; at any arbitrary time step ¢ without
the need to perform t iterations of (2.23) with the following reparametrization. Let oy = 1 — 3; and
a; = It_, o, then we have:

q (x¢ | x0) = N (%45 Varxo, (1 — @) ) (2.24)
= Vogxy + V1 — age (2.25)

If we can reverse the forward process and sample from ¢(z:—1|z:) we will be able to generate images
resembling our training data starting from pure Gaussian noise z7 ~ N(0,I). Assuming j; is small
enough, the reverse step ¢(x;_1|z;) will also be Gaussian, hence we only need to estimate the mean
and the variance. Direct estimation of ¢(z;_1|z;) is intractable, but we can approximate it with a pa-
rameterized model p,. We can further decompose this model into two, u, and Xy that respectively
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parameterize the mean and the variance.

=

Do (XO:T) =D (XT) Do (Xt—l \ Xt) (2.26)

t=1
Po (Xe—1 | X¢) = N (X¢—1; g (X4, 1) , B (x4, 1)) (2.27)

Where p1, and 34 are NNs that can be trained using the Variational Lower Bound (VLB).

x1.7 | x
Lyvis = By [102; Q(1T|O)}

= ~Raxo) log o (x 2.28
po (xor) | — 4G 2o (Xo) (2.28)

This loss needs to be refactorized into a combination of several Kullback—Leibler Divergence (KLD)
and entropy terms to be analytically computable. However, [39] finds that training the DM works better
on a simplified loss that only contains the squared error between the sampled and predicted noise.

L™ = Eyrfy e |l = €0 (52, DI (2.29)

Note that to formulate this loss function, we have substituted the model p, by €5 to predict the added
noise ¢; instead of the mean /i;. Furthermore, the model 3y, originally aimed at predicting the variance
B:, has been removed and the variance is fixed instead to ¢2. This was found to lead to more stable
training and better sample quality [39].

In practice, the training and sampling algorithms of DMs are as follows (Alg. 1 and Alg. 2 respectively
[39]). The training loop starts by selecting a random sample x, from our data, sampling a random time
step ¢ (generally t € [1,1000]), and sampling Gaussian noise €. Subsequently, we generate the noisy
data x; according to Eq. 2.25. Then, we feed our model z; and the timestep ¢ (including the time step
in the model input is a design choice by the authors, who claim it improves accuracy). The output of the
model is compared to the actual noise that we added e by means of the Mean Squared Error (MSE),
which is used as the loss function to take a gradient descent step. This process continues until the
network stops improving, that is, training converges. When working with images, the resulting sample
might violate the bounds of the pixel space, hence truncation is sometimes necessary.

On the other hand, the sampling or inference of the DM is as follows. We start by sampling pure
Gaussian noise xr, which we will iteratively denoise. In each iteration, we subtract the noise predicted
by the model from the current sample z; to generate an estimate of xy. Then, we add back most of
the noise, obtaining z;_;. We repeat this process until we have a fully denoised sample, at¢ = 0. In
order to speed up the generation process it is common to iterate not over the original 1000 steps of the
noising process but over a subset of them, usually one of every 20 (¢ = 1000, 980, 960...) [39].

Algorithm 1 Training

repeat
: X0 ~ q(Xo)

1:

2

3: t ~ Uniform({1,...,7})

4: e~ N(01)

5: Take gradient descent step on

6 VQH6769 (@X0+ﬂ€,t)||2
7

until converged

Algorithm 2 Sampling

. XTNN(O,I)
sfort=T,...,1do
z~N(0,I)ift >1,elsez=0

1
2
3
4 Xi1 = \/% (xt — \};_L(;teg(xt,t)) + oz
5
6

: end for
. return x
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So far, we have not concerned ourselves with what particular models are used in practice to predict the
noise. This is quite an active field of research and new architectures are published frequently. However
given the formulation, it is clear that it needs to be a model in which the output has the same dimension
as the input. The most common architecture is the U-Net, which we present in Subsection 2.2.6.
After Ho et al. published their seminal paper on DMs [39], on which the previous explanations are based,
several improvements and modifications have been presented. Some of these include improving the
noise schedule [41], learning the variance of the reverse diffusion process [42], improving the denoising
equation [43], conditioning the reverse process on class labels [5], conditioning the models on text
prompts [44]-[46], using a ViT as the backbone [47], [48] and combinations thereof.

All of these innovations yielded incremental improvements to the performance and fidelity of DMs,
however the biggest leap forward in the history of DMs came with the invention of Latent Diffusion
Models (LDMs) [49]. LDMs follow the same structure of their predecessors, but instead operate in
a compressed latent space. This approach was introduced to address the computational inefficiency
and memory demands of conventional DMs, especially when dealing with high-resolution images. In
practice, this is achieved by mapping the original samples (images) to a lower dimensional space by
means of an autoencoder (see Subsection 2.2.5). Then, the DM operates with this latent representation
rather than the original pixel values. This approach was found not only to reduce the computational
burden but also to produce high-quality samples that are comparable to, or even better than, those
produced by pixel space DMs.

2.2.5. Autoencoders and Variational Autoencoders

Autoencoders are a particular type of neural network trained to copy their input. Given a sample, au-
toencoders first encode it into a lower-dimensional latent representation and then decode it back to
its original dimensions, so that it is as similar as possible to the original. An autoencoder learns to
represent data in a compressed and meaningful representation that can be used for several applica-
tions. Autoencoders have been applied to clustering, recommendation systems, anomaly detection,
or as generative models [50]. As mentioned in Subsection 2.2.4 autoencoders can also be used in
combination with DMs to reduce their computational requirements.

Autoencoders consist of two main components: the encoder and the decoder (see Fig. 2.16). The
encoder part of the network compresses the input into a latent representation. It achieves this by grad-
ually reducing the dimensionality of the input through its network layers. For image data, this generaly
involves strided convolutions and pooling layers. This latent representation can be interpreted as a
compact "summary” of the input data, which captures its most important features.
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Figure 2.16: Autoencoder high-level architecture. Modified from [51]

The decoder, on the other hand, works to reconstruct the input data from the latent representation. It
mirrors the architecture of the encoder but in reverse, progressively increasing the dimensionality of
the latent samples back to their original dimensions. To achieve this, the decoder employs transpose
convolutions and upsampling layers. The performance of an autoencoder is measured by how closely
the decoded outputs match the original inputs, usually measured by the MSE, which is also the training
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loss.

One key characteristic of a standard autoencoder is that the mapping from the input to the latent space
and back is deterministic. Thatis, the model tries to minimize the difference between the original sample
and its reconstruction by learning a direct encoding and decoding function. However, the latent space
does not have any particular structure, it is simply a compressed representation of the input, and the
model might not generalize well to unseen samples. To address this, Kingma and Welling introduced
the Variational Autoencoder (VAE) [52]. VAEs introduce a probabilistic approach to the latent space.
Instead of mapping an input to a single point, a VAE maps an input to a distribution over the latent
space. This distribution is generally a Gaussian, which means that the outputs of the encoder branch
in a VAE are simply it's mean and variance. The distributions are regularized to be close to a standard
normal by including a KLD term in the training loss. In order to obtain a reconstructed sample, we
simply need to draw from this distribution and pass it through the decoder, as shown in Fig. 2.17.
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_ An compressed low dimensional

z=p+o0e representation of the input.
€~ N(0,I)

Figure 2.17: VAE schematic [53]

In general, autoencoders or VAEs are task-agnostic. As mentioned before, the training loss is a mea-
sure of the difference between the input and the output and it does not matter whether the autoencoder
will be used for weather prediction, medical image processing, or text-to-image generation. For this rea-
son, it is quite common to use pretrained autoencoders, which are freely avalable online. This allows
researchers use state-of-the art models that have been trained using clusters of the latest Graphics
Processing Units (GPUs), which would be otherwise inaccessible given the large computational re-
quirements. Fig. 2.18, 2.19, and 2.20 show an example of a widely used VAE for diffusion [54], in
which the latent space is a factor of 48 smaller than the input dimension.

Figure 2.18: Original image of dimension 512x512x3. Courtesy of Lafeber.
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Figure 2.19: Latent representation of dimension 4x64x64. Obtained using the pretrained VAE from [54].

Figure 2.20: Reconstructed image of dimension 512x512x3. Obtained using the pretrained VAE from [54].

2.2.6. U-Nets

The U-Net architecture was originally proposed for biomedical image segmentation [55], but has been
successfully applied to a wide range of other tasks. In particular, U-Nets are ubiquitous among DMs
where they are employed to parametrize the noise predictor €.
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Figure 2.21: Original U-Net from [55].
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Similar to autoencoders, U-Nets consist of a contracting path and an expanding path. The contracting
path contains a sequence of convolutional and max pooling layers, which reduce the spatial resolution
of the image while increasing the number of channels. The expanding path contains a sequence of
upsampling and convolutional layers, which successively halve the number of feature channels and
double the spatial resolution. Additionally, residual connections are used to concatenate the output of
each upsampling block with the corresponding feature map from the contracting path.

Several modifications and enhancements have been proposed to the original U-Net to adapt it to denois-
ing diffusion frameworks. Typically, the U-Net is augmented with self-attention blocks, usually found
around the bottleneck. As mentioned in Section 2.2.4, it is also common practice to include the denois-
ing timestep ¢, and depending on the application the U-Net must be conditioned. Conditioning involves
giving the U-Net additional information to guide the denoising process. This ensures that, instead of
generating random samples that merely resemble the training data, the model produces outputs that
are useful for a given application (e.g. text-to-image models condition the U-Net on a text prompt so
that the generated sample depicts the prompt). The particular way to provide conditioning information
to the network varies widely between models and applications. The most straightforward method is to
append additional information to the input along with the noisy sample.

2.3. Solar Energy

The physical phenomenon that allows the conversion of electromagnetic radiation coming from the
sun into electricity is called the photovoltaic effect. An in-depth description of this physical process is
beyond the scope of this work, but the reader is referred to [56]. In this section, we instead introduce
some concepts related to solar energy that are useful to contextualize and understand this work, namely
Solar Irradiance and Clear-sky Models.

2.3.1. Solar Irradiance

The power production of a PV plant is mainly determined by the amount of solar irradiance that reaches
its panels. This value is determined by several factors, such as the location, the exact date and time,
as well as environmental circumstances. The Sun irradiates approximately 6.3 - 10°W of energy per
square meter. This energy is reduced by the square of the distance, so planet Earth only receives
around 1361W/m?, a value called solar constant Ec. This value corresponds to the yearly average;
however, given the elliptical orbit of the Earth around the Sun, the actual radiation that reaches Earth’s
outer atmosphere, E..;, on any given day is given by

360N, ,
E. ,=FE.|1 .034 - cos 2.
et . [ + 0.034 - cos (365.25)} W/m (2.30)

where Nd is the number of the day in the year (January 1st would be 1) [57].
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Figure 2.22: Schematic representation of Sun irradiation reaching Earth

When this extraterrestrial radiation reaches the atmosphere, several complex processes occur. The
incoming electromagnetic wave is divided into a reflected component, a refracted component, and
an absorbed component. Furthermore, the light that makes it through the atmosphere is scattered
according to the Rayleigh process. To abstract away some of this complexity, it is common practice to
consider that the total irradiation that reaches a horizontal plane (Global Horizontal Irradiance (GHI))
is composed of only two components. The Direct Normal Irradiance (DNI), which describes the solar
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irradiation that hits the surface directly along its normal axis and needs to be corrected by the Sun
zenith angle 6, and the Diffuse Horizontal Irradiance (DHI), which includes all additional irradiation that
reaches the surface due to reflection and scattering by particles in the air or clouds.

GHI =DHI + DNI - cos(9) (2.31)

GHI = DHI + DNI - cos(68)

Figure 2.23: Schematic representation of GHI, DHI, and DNI

Itis noteworthy that the presence of clouds, if they do not directly obstruct the sun, can actually increase
the total irradiance that reaches a solar panel, a phenomenon known as overirradiance [58].

2.3.2. Clear-sky Models

Clear-sky models are analytical models that predict a value for the solar irradiance in a given location,
on a certain date and time under the assumption that no clouds are present. In a way, these models
provide the theoretical maximum solar irradiance that can be captured at a certain location on a given
moment (not strictly true due to the occurrence of overirradiance). There are several methods, some
of which also have open source implementations. In this work, we will use one of the most highly
regarded ones, developed by Ineichen and Perez [59], freely available through the pvlib Python library
[60]. To get an in-depth understanding of this method, the reader is referred to the original source, but
it essentially works as follows. First, we input the location (latitude, longitude, altitude) as well as the
precise time (year, month, day, hour, minute, second), which allows the model to compute the position
of the Sun relative to the point of interest using optical formulae. The model can then roughly predict
the amount of solar irradiation that reaches the point of interest. This method, goes one step further
and adjusts the results according to location-dependant turbidity profiles. To assert that this model
yields accurate results for our dataset we compare it to the measured irradiance on several clear days
(e.g. Fig. 2.24). The correlation factor was always in the range 0.9-0.9999, hence we conclude that
the chosen clear-sky model can closely describe our observations.
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Figure 2.24: Comparison between measured GHI and clear-sky model GHI
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The Clear-Sky Index (CSl) is a dimensionless ratio that measures how much the solar irradiation differs
from what is expected under clear sky conditions. It is calculated by dividing the actual observed solar
irradiance by the theoretical clear sky irradiance.

GHI observed

CSl = ——"—7—
GHIcIear—sky model

(2.32)

The CSl is particularly useful in the solar-energy and meteorological contexts since it provides an intu-
itive single-number metric that informs about the level of cloud cover and the turbidity of the air. A CSI
value of 1 indicates that there is no atmospheric interference like clouds or haze. Values less than 1
indicate the presence of cloud cover or other atmospheric factors reducing the solar radiation reaching
the surface. The presence of ground reflection or overirradiance can yield GHI values greater than 1.

2.4. Related Work

In recent years, data-driven methods have become increasingly popular in weather forecasting, cover-
ing time horizons from a few minutes to several days [61]. This section delves into published applica-
tions of ML to the tasks of precipitation, cloud cover, and irradiance forecasting, which closely match
the objective of this project.

One of the pioneering works in the field of data-driven weather prediction was published in 2015 by Shi
et al., and introduced the Convolutional Long Short-Term Memory (ConvLSTM) [62]. The ConvLSTM
extends the Long Short-Term Memory (LSTM), a type of Recurrent Neural Network (RNN), to incorpo-
rate convolutions. This design allowed it to capture spatiotemporal correlations effectively, addressing
the limitations of fully connected LSTM in handling spatial data. At the time, this architecture obtained
state-of-the-art results in precipitation nowcasting.

Contemporaneously, Klein et. al [63] introduced the "Dynamic Convolutional Layer”. In contrast to con-
ventional convolutional layers, which use fixed filters learned during training, dynamic convolutional
layers use filters that vary from input to input during inference. This is achieved by learning a function
that maps the input to a certain convolutional kernel. The authors successfully applied this new archi-
tecture to short-term weather prediction, showing improvements compared to several baselines.
Researchers from Google have been very prolific in the field with the development of the MetNet models.
MetNet-1 [64], is designed for short-term precipitation forecasting and produces precipitation maps at
a high spatial and temporal resolution. It employs a novel architecture that builds upon ConvLSTM and
incorporates axial self-attention. MetNet-1 demonstrated superior performance compared to traditional
NWP models for forecasts up to 7-8 hours ahead. MetNet-2 [65], from 2021, builds on its predecessor
but makes extensive use of residual blocks and employs novel NN elements like exponentially dilated
convolutions, which double their receptive field after each layer. MetNet-2 can generate forecasts up
to 12 hours ahead with greater skill than current state-of-the-art physics-based models like HRRR and
HREF. The most recent addition to the MetNet family, MetNet-3 [66], extends the capabilities of the
previous models up to 24 hours ahead. A key innovation in MetNet-3 is its densification technique,
which allows for spatially dense forecasts despite being trained on sparse targets, effectively capturing
data assimilation processes within its architecture. MetNet-3 outperforms the best single and ensemble
NWPs providing forecasts with spatial and temporal resolution of up to 2 minutes and 1 km.

Another notable mention is the work of Le Guen and Thorne [67], who proposed the PhyDNet, a model
designed for unsupervised video prediction. PhyDNet introduces a two-branch architecture that disen-
tangles physical dynamics from unknown residual features, like appearance, details and texture. To
learn the physical dynamics, the model introduces a new recurrent physical cell, the PhyCell, which
performs PDE-constrained predictions, while the unknown factors are learnt by a ConvLSTM, both of
them in a common latent space mapped by an autoencoder. In a subsequent work [68], Le Guen et
al. expanded their model to learn separate latent spaces for the physical and residual branches by
incorporating specific encoders-decoders for each branch, further enhancing the model’s ability to dis-
entangle these dynamics. They apply the updated model to the task of irradiance forecasting using
fisheye images and achieve state-of-the-art results in video prediction and 5-minute-ahead irradiance
forecasting, highlighting the benefits of incorporating physical dynamics into ML models for real-world
applications.

More recently, generative models have been widely adopted for weather forecasting. One of the first
successful implementations emerged in 2021 from a collaboration between DeepMind and the UK Met



2.4. Related Work 20

office [69]. They introduced Deep Generative Model of Rainfall (DGMR), which utilizes Generative Ad-
versarial Network (GAN) to predict future radar fields based on past observations. DGMR is capable
of producing high-resolution forecasts up to 90 minutes ahead. The model addresses common issues
such as blurry predictions by using spatial and temporal discriminators, ensuring realistic and consis-
tent outputs. Evaluations, including expert meteorologist assessments, demonstrate DGMR's superior
accuracy and usefulness over traditional methods and other deep learning models.

The great success of attention in natural language processing sparked interest among researchers
to try and apply similar techniques to computer vision, namely ViTs. There are several weather fore-
casting models that employ ViTs, the most notable ones are FourcastNet [70] and Pangu-Weather
[71], [72]. Developed by NVIDIA, FourcastNet combines ViTs with Adaptive Fourier Neural Opera-
tor (AFNO) [73], which the authors claim enables efficient spatial token mixing, achieving high-fidelity
modeling of fine-grained atmospheric phenomena. The model matches the accuracy of the European
Centre for Medium-range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS), while
generating forecasts significantly faster (within seconds for weeklong predictions). This speed facili-
tates the creation of large ensemble forecasts. FourcastNet also excels at predicting extreme weather
events, such as tropical cyclones and atmospheric rivers. Huawei’'s Pangu-Weather, on the other hand,
employs an Earth-specific 3D transformer, an architecture inspired by a ViT expanded with positional
biases designed to align with Earth’s geometry. Additionally, to reduce computational cost, the model
uses a window-attention mechanism, which partitions the feature maps into windows. Pangu-Weather
is about 50% slower than FourCastNet, but is more accurate on several benchmarks.

Graph Neural Networks (GNNs) can’t be considered generative models, but they have also been
successfully applied to weather forecasting. For example, [74] is one of the first implementations of
message-passing GNNs to predict six-hourly atmospheric states and offers performance comparable
to traditional physics-based models. Building on this foundation, researchers from Deepmind created
Graphcast [75], a model which uses simultaneous multi-mesh message passing, i.e. message pass-
ing along graphs of varying resolution, and an encoder-decoder architecture. This model generates
accurate 10-day forecasts that outperform traditional NWP.

Finally, DMs are among the most successful methods for producing realistic and accurate weather
forecasts. One of the key advantages of DMs is their ability to produce probabilistic outputs instead of
point estimates. That means that instead of a single realization, DMs can provide a range of possible
outcomes along with their associated probabilities, helping to understand the uncertainty and risks as-
sociated with the forecast.

Recently, there has been an intense acceleration in the number of papers published that present
some diffusion-based architecture for forecasting weather variables. For example, [76] presents a
fairly straightforward implementation of diffusion for irradiance forecasting. They combine two DMs in
pixel space; the first model provides the prediction of cloud cover, while the second is employed as a
super-resolution model; it takes the coarse output of the first model and creates a high-definition fore-
cast. It is not uncommon to find several DMs working in series, which is referred to as cascading, and
helps reduce the challenge of training a single DM for high resolution outputs [77]. A similar work was
published by Asperti et al. [78], this time with the aim of nowcasting precipitation. In this work, the au-
thors conditioned a DM using previous observations of rainfall, a land-sea mask, the geopotential, and
wind speed 100 m above sea level, all stacked along the channel axis. This model generates 15 pos-
sible future outcomes that are then fed into a post-processing U-Net that combines them to produce
the single most probable outcome. The authors found that this approach significantly outperformed
contemporaneous deep learning models.

There also exist more complex models that use diffusion somewhere in their architecture, but also lever-
age other techniques, like attention, Fourier neural operators, or physics-informed losses, to name a
few. One such example is LDCast, which was published in April 2023 by the Federal Office of Meteo-
rology and Climatology (MeteoSwiss) [79]. The model contains three components: a forecaster stack,
a denoiser stack, and a variational autoencoder. The central block is the denoiser, which has an ar-
chitecture similar to typical U-Nets but is enhanced with AFNO blocks. The variational autoencoder is
used to downsample the precipitation maps in order to perform the diffusion process in a latent space,
reducing the computational complexity of training and inferencing the model. Finally, the forecaster,
which is essentially a temporal transformer augmented with AFNO blocks, is used to condition the DM
using cross-attention. LDCast not only outperforms state-of-the-art models such as DGMR, but also
accurately quantifies the uncertainty of its predictions by leveraging the ability of DMs to generate di-
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verse samples.

In December 2023, two remarkable models were made public: Diffcast [80] and PreDiff [81]. DiffCast
uses a deterministic component to capture the global trend of precipitation and a stochastic DM to ac-
count for the residuals (finer details). The backbone of the diffusion is a U-Net enhanced with temporal
attention [82] conditioned with a motion prior. The authors design the deterministic component so that it
can employ any spatio-temporal predictor (ConvGRU, Transformer, GAN, PhyDnet, etc.) with minimal
adaptations. Diffcast achieved state-of-the-art results by being able to capture both the large-scale
structure and the fine-grained details of precipitation events.

Prediff is a model by AWS which employs a two-stage pipeline: First, it uses latent diffusion to generate
probabilistic forecasts; second, it aligns the forecasts with domain-specific physical constraints through
a knowledge alignment network. This approach ensures that the predictions generated are not only
likely in the probabilistic sense but also physically plausible. The authors make extensive use of an
architecture that they developed in a previous work: the Earthformer [83]. The Earthformer is a Trans-
former model designed for Earth system forecasting, which uses a novel cuboid attention mechanism
to capture spatiotemporal dependencies. Prediff employs an Earthformer U-Net as the backbone for
the diffusion process and an Earthformer encoder as the knowledge alignment network. Additionally,
the model uses an adversarially trained VAE to encode the input into a latent representation and to
convert the latent predictions back to precipitation maps. Prediff not only generates forecasts with high
operational utility, but also shows the effectiveness of incorporating physical knowledge into data-driven
weather forecasting models.



Data

3.1. Data Acquisition

The approach used to obtain the dataset consisted in a setup of fixed fisheye cameras at two solar
plants, coupled with irradiance sensors and tracking of power output. The two locations: Cauvriglia, in
the Tuscany region (Fig. 3.2) and Montsoleil, in the Swiss Jura mountains (Fig. 3.1), are quite different
in terms of terrain an weather conditions, providing a wide set of conditions necessary for the model to
generalize.

Figure 3.1: MontSoleil PV plant.

The two fisheye cameras are programmed to take 4 images of the sky over the PV plant every 6-8
seconds. Each of the 4 images is captured at a different level of exposure (200, 400, 700, 1100 ms),
which are then combined using the Debevec algorithm [84] to create an High Dynamic Range (HDR)
image (see Fig. 3.5 and 3.6). In total, the dataset comprises around 4 million images captured between
July 2015 and May 2016.

The source of ground truth are irradiance measurements obtained with sensors (Fig. 3.3) located
besides the solar panels, with a sampling frequency similar to that of the images. There is additional
data available which has not been used, for instance temperature measurements, active and reactive
power values, or equipment status flags.

22
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Figure 3.2: Cavriglia PV plant (fisheye camera in the right).

Figure 3.3: Irradiance Sensor. Figure 3.4: Fisheye camera.

Figure 3.5: Sample image from the Cavriglia site.
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(a) 200 ms exposure. (b) 400 ms exposure.

(c) 700ms exposure. (d) 1100 ms exposure.

Figure 3.6: Different levels of exposure (same sample as in 3.5).

3.2. Exploratory Data Analysis

In any machine learning project, the initial steps in understanding and interpreting the data are crucial.
Especially when dealing with real world data, which are often plagued by noise, outliers, missing values,
and other inconsistencies. This section contains an initial screening and analysis of the images and
irradiance logs, which will be used to get an idea of the quality of the available data and determine the
necessary preprocessing steps.

3.2.1. Images

As mentioned in Section 3.1, the image dataset consists of about 4 million images, from two different
sites, with a resolution of 1600 x 1600 pixels. Upon visual inspection of the dataset, most of the images
show a high-quality picture of the sky. However, dusk and dawn images are often corrupted by color
tints and the brightness is too low. It can also be seen that if the Sun is not covered, the pixels close to
it are saturated, appearing as a black or purple hexagon or hexagonal star (this shape is caused by the
arrangement of atoms of the lens material), as can be seen in Fig. 3.7. This is concerning, since pixels
close to the Sun are the most important ones for short-term PV predictions, so crucial information is
being lost.

The dataset has several other undesired features. First, some of the images from the dataset show
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color artifacts, likely originating from the HDR algorithm, as seen in Fig. 3.8. Furthermore, the bright-
ness level is often not consistent, even for images taken a few seconds apart, as shown in Fig. 3.9.
Furthermore, several images are corrupted by color tints, especially during dusk and dawn, like the
ones in Fig. 3.10. Finally, given the outdoor installation of the camera, it is expected to encounter
various environmental factors. These include: interactions with birds (Fig. 3.11), insects on the lens
(Fig. 3.12), water from precipitation and ice formation (Fig. 3.13), among others.

Figure 3.8: Images with color artifacts.

Figure 3.9: Successive images with inconsistent levels of brightness.
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Figure 3.11: Images with birds and bird excrement.
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Figure 3.12: Images with insects and sun reflection.

Figure 3.13: Images with snow, water, and ice on the lens.

Despite all of the above, it has been considered that the fraction of images with these issues is quite
small (< 1%), so the impact on the model performance should be contained, and since there is no
straightforward automatic way to filter them out they will remain in the dataset.

With regard to the pre-processing steps for the image dataset, there are several aspects that need
to be considered. First, images contain a lot of unnecessary information that is not related to the
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task of predicting cloud movements. We are referring in particular to all the trees, mountains, and
wind turbines that can be seen on the rim of the images. Secondly, images are too high resolution
to process efficiently given the available hardware, a literature search shows that an image of 1282 or
even 642 pixels should suffice for the task at hand [85]. This downscaling can be easily accomplished
with off-the-shelf bilinear or bicubic resizers available in virtually all machine learning frameworks [86].
To address the first issue, we create a binary mask to be superposed on the image so that only relevant
information is visible to the model. Of course, the masks are location-specific, as the landscape around
the camera is different for both sites (see Fig. 3.14 and Fig. 3.15).

(a) Cavriglia (b) MontSoleil
Figure 3.14: Masks

(a) Image before applying mask (b) Masked image

Figure 3.15: Image masking example

Finally, it is common to normalize or standardize images before they are fed to a neural network. This
ensures that the input is consistent and has been shown to improve model performance, as well as
training stability and convergence [87]. In particular, image normalization is the process of scaling pixel
values so that they are in a particular range. This involves linearly scaling the pixels, which are usually
in the range [0, 255], to lie in the range [0, 1] or [-1, 1] (the latter more common in diffusion). This can
be achieved with Eq. 3.1.

T — Tmin

ZTnormalized = ———————— + (newMax — newMin) + newMin (3.1)
Tmax — Tmin
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Where z is the pixel value, x,,;, and x,,,, are the minimum and maximum values in the image, and
newMin and newM ax are the limits of the desired range.

Standardization, on the other hand, consists in shifting pixel values so that they have zero mean and
unit variance; however, this is usually not found in diffusion.

3.2.2. Irradiance

The irradiance data come in a set of daily logs that contain the GHI measurement with a sampling
frequency of around 6 seconds. The setup was configured to only function during hours with daylight;
hence the daily start and end time of the measurements varies depending on the season. The irra-
diance data are fairly clean and high-quality, with only some common minor issues. There are a few
times when the setup stopped functioning and values are missing for a few hours. In addition, a small
offset was observed and corrected.

Along with the irradiance measurements, we include the clear sky GHI obtained using the pvlib Python
library, as introduced in Section 2.3.2. This allows us to calculate the CSI, which gives an indication of
the amount of cloud cover at any given moment. For example, in Fig. 3.16 we can see two distinct sky
conditions on the same day. From 10:00 to around 13:30 we observe what we will call "Variable” condi-
tions. In this situation, relatively small clouds are constantly moving and covering and uncovering the
Sun, which results in steep drops and jumps in the CSI. Additionally, we can also identify the presence
of overirradiance with the CSI surpassing 1 at various moments. On the other hand, from 13:30 until
the end of the day we can see that the CSI remains fairly stable hovering around 1. This indicates that
there are no clouds present and the sky is clear; it is "Sunny”. If the CSI was also relatively stable but
at a lower value, we would be in an "Overcast” situation, in which thick clouds cover the whole sky and
the Sun is not seen for several hours.

Clear Sky Index 2015-07-29
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Figure 3.16: CSI

We can leverage the value and variability of the CSI to identify and label days or hours according to the
sky conditions. This is very useful to filter and navigate the vast dataset more easily and to get an idea
of what sky conditions are rare and which are more prevalent. There are several ways to approach
this problem, for instance, we could set a certain threshold (e.g. CSI = 0.7) and consider values
above it to correspond to sunny conditions and values below it to overcast conditions. Furthermore, if
during a certain period the number of crossings of the threshold is very large, we would classify that
as a period of variable conditions. This approach has been tried, but the results were not conclusive
enough and several misclassifications were present. To address this, we instead consider the moving
average of the absolute value of the derivative of the irradiance. Intuitively, the derivative indicates how
much the value of a quantity is changing at a certain point, hence steep jumps (drops) in the irradiance
will produce large positive (negative) values in its derivative. Since we are interested in changes in
both directions (drops and jumps) we take the absolute value of the derivative and apply a moving
average to reduce the volatility of the metric. Whenever this value is above a threshold we consider
we have variable sky conditions, which as stated in the project motivation, are the main focus of our
research. The threshold is set at 10% per minute, which is the maximum acceptable ramp rate for a
grid-connected plant.
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Now we have a method that allows us to classify any period of time in one of the three categories:
“sunny”, "overcast”, or "variable”, as can be seen in Fig. 3.17. This will be useful to assemble datasets
that contain the desired amount of each sky conditions. As mentioned in Section 2.1.3, persistence
often yields very high accuracy because most of the time irradiance does not change abruptly. Given
that our focus is not on raw accuracy, but rather in accurately predicting sharp changes in irradiance,

we can artificially increase the share of variable conditions in the train and test datasets.
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Figure 3.17: Selected samples of the irradiance profile for different conditions.



Method

4.1. Overview of Proposed Approach

As mentioned in the Introduction, the main contribution of this work is the proposed two-step GHI pre-
diction pipeline consisting of a diffusion-based next-frame predictor followed by an image processing
NN. Fig. 4.1 shows an overview of the model. It is noteworthy that the two submodels are separable
and do not necessarily depend on each other, they can be trained and used independently.

Sequence of past images

Predicted future image

Additional
Features

Figure 4.1: High-level schematic of model

The first part, consists of a custom diffusion pipeline, which takes as conditioning information a se-
quence of past images. The backbone is a U-Net enhanced with self-attention in the deep layers and
is trained according to Algorithm 1 in Section 2.2.4. The implementation leverages the open source
Python ML library Pytorch [88], as well as the diffusion-specific HuggingFace toolbox Diffusers [89].
Inference of the model (denoising loop) follows Algorithm 2.

Regarding the second part of the model, we are dealing with a multimodal regression task. Multimodal
learning is a type of deep learning that uses a combination of various modalities of data (e.g. images,
text, audio...). In our case, we are working with images, datetimes and numerical values. The main
input feature is the future image of the sky, which we concatenated along the channel axis with a binary
mask indicating the position of the Sun (see Section 4.2). Additionally, we include information about
the date and time using geometric encodings (see Section 4.2), and past irradiance observations.
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4.2. Additional Features

In addition to the images and the previous irradiance, some additional features were thought to be
potentially beneficial to the performance of the model. Namely, we will create two additional features:
the Sun position in pixel coordinates and a geometric encoding of the time of the year.

The first task involves mapping the location of the Sun from the outside world to a location in a 2D im-
age. This task is remarkably challenging, especially given the pronounced distortion present in images
taken with a fisheye lens. However, some existing software can be leveraged to significantly reduce
the burden on the project timeline and the necessary technical expertise.

In essence, the process involves computing the sun position (zenith and azimuth angle at the observer
location) as a function of the observer’s position on Earth and the local time. This is achieved with
an off-the-shelf implementation of the algorithm presented in [90]. Then, the spherical coordinates are
transformed to Cartesian, and a precomputed mapping is applied to transform the coordinates in the
outside world to a pixel position in the image. In order to guarantee a correct mapping, calibration is
essential.

The calibration consists of two steps. First, the internal calibration contains information on which coor-
dinates in the world (relative to the location and orientation of the camera) correspond to which pixel
in an image. Then, the external calibration captures the information about how the camera is located
and oriented in the world. Internal calibration was performed upon installation of the camera using the
OCamCalib toolbox [91], [92]. External calibration is done using a sequence of images from a sunny
day, in which the sun can be easily detected, and using Kabsch’s algorithm [93].

This process allows us to obtain the position of the Sun in an image given the time when the image
was taken and the location (Cavriglia or MontSoleil), as can be seen in Fig. 4.2.

2015/07/20 14:52:09 Cavriglia 2015/12/12 12:43:54 Cavriglia

2016/04/20 14:24:47 MontSoleil

Figure 4.2: Random samples of Sun location process. Sun position indicated with a red cross.

In order to provide machine learning models with temporal information, it is common to use some kind of
encoding. One of the simplest and most common ways employs basic geometric functions such as sine
and cosine. This kind of encoding captures the cyclical nature of temporal information, which numerical
encoding or one-hot encoding cannot represent. For instance, while days of the week range from 1 to
7, this simple numerical representation does not convey that Sunday and Monday are adjacent, but on
opposite sides of the range, potentially leading to misinterpretations by neural networks.

To address this, sine and cosine encodings are used to map temporal features onto a continuous
circular space, preserving the periodic nature. The implementation is straightforward; for example, the
encoding of the hour of the day would use Eq. 4.1 and Eq. 4.2 and can be seen in Fig. 4.3.

27 - h

Featureg;, hour = sin <7rour) (4.1)
- 23
2w - h

Featurecos hour = cos (77230ur> (4.2)

Where hour corresponds to the hour of the day and ranges from 0 to 23.

In this project, the temporal information that has been selected and encoded is the day of the year
(ranging from 0 to 364), and the minute of the day (ranging from 0 to 1439), which yields four separate
features (both sin and cos are included).
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Figure 4.3: Comparison between geometric and numerical encodings.

4.3. Implementation

4.3.1. Next Frame Predictor

As mentioned above, the next frame predictor is trained using algorithm 1. The loop begins by randomly
selecting a data sample and a timestep, and sampling Gaussian noise. We then generate a noisy sam-
ple that corresponds to the selected timestep in the forward diffusion process (recall Equation 2.25),
this noisy sample is the model input. The model’s output is compared to the actual added noise using
the MSE as the loss function. We perform gradient descent on this loss function for a given number
of epochs or until training converges. Inference of the model is slightly different. It follows algorithm 2,
shown schematically in Fig. 4.4 and Fig. 4.5, for the pixel and latent space, respectively.
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Figure 4.4: DM inference
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The scheduler orchestrates the denoising loop. In the first iteration, random noise is sampled from a
standard normal distribution and the conditioning sequence is concatenated along the channel axis.
This tensor is passed through the U-Net, which outputs a noise prediction. Intuitively, this noise is what
the model "thinks” we have added to the sample. The scheduler then subtracts this prediction from
the noisy sample (pure noise in the first iteration) and adds back the noise corresponding to the next
time step (recall that we only take one in every N time steps in the reverse diffusion process). In the
last iteration, the U-Net predicts the noise that was added to the now almost-clean image, which is
subtracted to produce the final output, this process can be seen schematically in Fig. 4.6. Inference in
latent space is analogous, but instead of operating on the pixel values, we use a latent representation
(referred to as latents) obtained by means of an autoencoder.
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The backbone and main component of virtually all DMs is the U-Net. As introduced in Section 2.2.6,
U-Nets basically consist of a contracting and an expanding path, and optionally contains a few middle
blocks that do not alter the dimensionality. In its most basic form U-Nets only employ convolutions, max-
pooling, and residual connections. However, models that achieve good performance often incorporate
attention and residual connections (different from the residual connections that link parallel contracting
and expanding blocks). In order to organize this complexity, we define the following building blocks,
categorized by whether they reduce the spatial dimension of the input tensor (Contracting blocks), they
keep it the same (Same blocks), or increase it (Expanding blocks).

 Contracting blocks
— DownBlock
— AttnDownBlock
» Same blocks
— MidBlock
— AttnMidBlock
» Expanding blocks
— UpBlock
— AttnUpBIlock

The parameters of each block, not only depend on which type of block it is, but also where in the
network it is located, since this will determine the number of input and output channels as well as the
spatial dimensions of the tensor that needs to pass through. Nevertheless, the general structure is
relatively similar: a few ResNets, some attention layers (if it's an attention block), and a downsampling
or upsampling step as necessary. For instance, a standard contracting block (DownBlock) with two
residual networks would have the structure shown in Fig. 4.7 (normalization layers not included for
simplicity). Itis worth noting that the first residual layer also takes as input information about the diffusion

time step.
e Feature Map EE?: d?itiigs
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Figure 4.7: DownBlock schematic representation

On the other hand, an expanding block with attention (AttnUpBlock) and also two residual networks
would look as follows (Fig. 4.8). Notice that expanding blocks also take as input the residual connection
coming from the corresponding contracting block, so this also needs to be accounted for.



4.3. Implementation 36

4 -
Up
Conv.
-
ResNet
— >
Attn
UpBlock <

ResNet Softmax

1

Attention <

[ Linear ] [ Linear ][ Linear ]
k q 1 v

4

"
Figure 4.8: AttnUpBlock schematic representation

With these building blocks, we can create U-Nets of varying levels of complexity. In particular, we can
decide the number of ResNets per block, the number of blocks in the contracting and expanding path,
whether to include attention and the number of output channels of each block. The latter has not been
specifically mentioned so far but is also an important hyperparameter, which can dramatically increase
the overall parameter count of the network.

4.3.2. Image Processing Network

As introduced in Section 4.1, the second submodel of our pipeline is dealing with a multimodal image
regression task that uses both images and supplementary information. There exist numerous architec-
tures and techniques that could be employed, but the most promising and well-known employ a similar
structure. First, we pass the image (in our case along with the binary mask) through a sequence of
convolutional and pooling layers. This reduces the dimensionality of the tensor while preserving the
most important information. Once we have reduced the dimensions to a number that is manageable by
fully connected layers, we flatten the cubic tensor into a 1-dimensional vector to which we concatenate
the encoded datetime information and the previous irradiance values (after potentially preprocessing
them with a Multilayer Perceptron (MLP)). Finally, this vector is passed through a few Fully Connected
(FC) layers that culminate in a single artificial neuron that outputs the predicted GHI, as shown in Fig.
4.9.

N x Conv-Pooling Flatten + Concat MxFC

- —

Additional
Features

Figure 4.9: Regression CNN schematic representation
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We can fully define such a CNN using two lists. The first list indicates the number of out channels in
each convolutional-pooling block. For example [8, 16, 32] indicates that the network contains 3 such
blocks (Fig. 4.10) with 16, 32, and 64 out channels, respectively. As such, the dimensions of an input
tensor with four channels (three color channels plus the binary sun-location mask) with a resolution
of 128 would go through the next transformation steps. Recall that the pooling operation reduces the
spatial dimensions by a factor of two.

[4,128,128] — [8, 64, 64] — [16,32,32] — [32, 16, 16]

Conv- -—
Pooling <

Block —_—1
i RelLU
\

Figure 4.10: Convolutional-pooling block.

The second list, indicates the number of output neurons for each of the fully connected layers. Note that
the number of input features on the first FC layer is fully defined by the structure of the convolutional
part. In our example, the first FC layer would need to have 32 - 16 - 16 + 5 = 8197 input features; the
flattened dimension of the image tensor plus the five additional features. Similarly, the outermost layer
will always only have one neuron, since we are dealing with a regression task.



Results

5.1. Next-Frame Predictor

The most important step for accurate short-term predictions of solar irradiance essentially involves
forecasting the sky conditions directly above the location of interest, particularly the position and ap-
pearance of clouds that might obstruct the Sun. In our proposed two-step pipeline, the next-frame
predictor plays a crucial role by generating future sky images based on sequences of past observa-
tions. This predicted image is then fed into a CNN, along with additional features to forecast the GHI.
In this section we present the development of the diffusion-based next-frame predictor, we motivate the
sampling interval as well as the prediction horizon, we determine the optimal architecture, benchmark
its performance against relevant methods, and analyze some of its features.

5.1.1. Selection of Sampling Interval and Prediction Horizon

Selecting an appropriate prediction horizon and the time interval between conditioning frames is not
trivial, and there likely is no universally correct answer. These choices depend heavily on the nature
of the dataset and the specific forecasting goals. In this subsection, we try to determine a reasonable
choice given our intended application and the particularities of our dataset.
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Figure 5.1: Example of irradiance profile with corresponding sky images.
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As mentioned in Section 1.1, the main focus of this work lies in very short term prediction. In partic-
ular we try to predict incoming fluctuations in irradiance, which pose problems for grid-connected PV
plants. Fig 5.1 illustrates the irradiance level over a ten-minute period, along with a subsample of the
corresponding sky images. It can be observed that sharp fluctuations occur within the span of a few
seconds. In fact, in just this short sequence, irradiance values fluctuate dramatically, swinging between
several peaks and valleys. Based on this, we conclude that selecting a prediction horizon beyond one
or two minutes is not practical. For instance, if we set the prediction horizon at 5 minutes and try to
predict irradiance at 13:20 based on the state at 13:15, we encounter a highly dynamic situation. The
irradiance starts near clear-sky levels, drops to around 30%, rises back to a maximum, experiences
a small dip, rises again, and then falls once more, eventually returning to its starting level. Even a
perfect model, which could predict that the irradiance at 15:20 matches that of 15:15, it would miss
the important fluctuations in between, events that can significantly affect power quality, voltage stability
and hamper grid code compliance.

In light of the above, we have decide to set the prediction horizon at one minute. There remain a few
more choices to fully specify the conditioning sequence: the number of frames it contains and the spac-
ing between them. As for the number of frames, it is evident that at least two are necessary, as no
movement can be inferred from a single frame. In order to be able to extract circular trajectories and
acceleration at least three frames would be necessary. Although it is unlikely that clouds will exhibit
significant acceleration or follow curved paths, the distortion caused by fisheye lenses can create the
appearance of clouds moving in circular patterns. To account for this potential distortion, we err on the
side of caution and select three frames. Finally, regarding the spacing between frames we adopt a sym-
metric approach by using the same one-minute spacing. Visual inspection revealed that one minute
intervals allow for sufficient differences between frames, ensuring the sequence captures gradual cloud
drift, but also maintains coherence and correlation across the sequence.

5.1.2. Pixel Space DM

We start our search for the next-frame predictor by training a pixel-space DM. This model does not rely
on a VAE but instead the denoising loop operates on the pixel values themselves. Visual inspection
of the generated samples shows promising performance, hence we proceeded to optimize the U-Net
architecture to maximize the model’s ability to forecast future sky states. In what follows, we will use
the blueprint introduced in Section 4.3, where the architecture of a U-Net can be accurately defined
by two lists: the block structure of the contracting path and the number of out channels per block (e.g.
[DownBlock, DownBlock, AttnDownBlock], [32, 64, 128]). Since the U-Nets are symmetrical, the struc-
ture of the expanding path mirrors that of the contracting path, eliminating any ambiguity.

Given the computational burden of training large U-Nets, we must make some compromises with the
width and depth of hyperparameter tuning. In particular, we perform a grid search [94] that includes a
total of 8 U-Nets with different levels of complexity. The three hyperparameters that we modify are the
number of blocks, the type of block (standard or with attention), and the number of channels per block.
Note that there is not a unidirectional relationship between the number of blocks and complexity. Includ-
ing more blocks generally increases the total parameter count of the network, but the dimensionality of
the feature map is compressed to a smaller spatial dimension; hence, subsequent operations, such as
attention, can operate on a smaller tensor. This can yield a considerable speedup, given the quadratic
computational complexity of the attention mechanism. Furthermore, the number of parameters on each
block is proportional to the number of output channels; nevertheless, the number of channels does not
increase the computational complexity of attention quadratically but linearly; hence, there is a nuanced
interplay between the three parameters. We train each of the networks for one epoch. While this does
not fully train the models, a visual inspection of the training and validation curves consistently showed
that networks that performed comparatively worse after one epoch were very likely to remain inferior
throughout the entire training process, as seen in Fig. 5.2. We therefore make the assumption that
early performance is a strong indicator of the overall training outcome.
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Figure 5.2: Training curves of different U-Nets (subset for clarity)

Table 5.1 summarizes the configurations and their corresponding validation losses after one epoch.

Blocks Out Channels # Parameters | Validation loss
6xDownBlock [128, 128, 256, 256, 512, 512] 108 M 0.259
6xDownBlock [64, 64, 128, 128, 256, 256] 27 M 0.288

3xDownBlock, 3xAttnDownBlock | [128, 128, 256, 256, 512, 512] 120 M 0.255
3xDownBlock, 3xAttnDownBlock | [64, 64, 128, 128, 256, 256] 30 M 0.309
4xDownBlock [256, 256, 512, 512] 108 M 0.215
4xDownBlock [128, 128, 256, 256] 27 M 0.264
2xDownBlock, 2xAttnDownBlock [256, 256, 512, 512] 119 M 0.281
2xDownBlock, 2xAttnDownBlock [128, 128, 256, 256] 29 M 0.275

Table 5.1: Diffusion U-Net grid search

From the results, we observe that the model with four DownBlocks and output channels [256, 256, 512,
512] achieves the lowest validation loss of 0.215, despite having a similar parameter count to more
complex models. We see that increasing the capacity of the network by using more channels can lead
to better performance, even without attention. As a matter of fact, including attention mechanisms
did not consistently improve the validation loss (see Fig. 5.3). For example, the model with three
DownBlocks followed by three AttnDownBlocks and output channels [128, 128, 256, 256, 512, 512]
had a higher validation loss (0.255) compared to the simpler model without attention but with a similar
parameter count. On the other hand, including several attention blocks did make the training process
significantly slower. While there is certainly much more that could be tested and fine-tuned in terms of
architecture, given the resource-intensive nature of training these models we decided to commit to the
best performing configuration and move forward.
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Figure 5.3: MSE vs number of parameters.

In this subsection, we present the results of our experiment with the LDM for next-frame prediction.
Despite the theoretical promise of LDMs in handling high-resolution images, our application of LDMs
to lower-resolution fisheye sky images, which could be effectively employed by a CNN, did not yield
satisfactory results.

As detailed in Section 4.3, we employed a latent diffusion framework to predict future sky conditions
based on past observations. The input consisted of sequences of images downscaled to 128x128 pix-
els to accommodate computational constraints and to align with the requirements of the subsequent
image processing CNN. As explained in Section 2.2.4, LDMs operate by compressing images into a
lower-dimensional latent space using a VAE. The diffusion process is then applied within this latent
space, which reduces the computational requirements.

Conditioning Sequence Ground Truth Model Output

Figure 5.4: Sample of LDM inference.

Upon evaluation, we observed that the generated images from the LDMs capture the general circular
structure characteristic of fisheye lenses, but lack critical details essential for determining the level of
solar irradiance. In fact, the model learned that there are two different sky masks (corresponding to the
two plants) and always generates either of the two, even in unconditional inference. Furthermore, the
model is relatively accurate in its choice of colors, generating shades of blue, gray, and pink; all of them
well represented in our dataset. However, as mentioned above, the images show a significant lack of
detail, particularly in the representation of cloud formations, sky textures, and brightness variations. As
can be seen in Fig. 5.5, this issue does not improve with longer training, the image quality remains
the same in subsequent epochs, not only in terms of visual inspection, but also in terms of the training
loss.
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We hypothesize that the primary factor contributing to the model’s underperformance is the low res-
olution of the input images. Latent diffusion models are designed to handle high-resolution images
efficiently by performing the diffusion process in a compressed latent space. However, starting with
already low-resolution images (128x128 pixels) and further compressing them via the VAE results in an
excessively small latent space. As discussed in Section 2.2.5, in VAEs the latent space is essentially
a compressed version of the input data, hence its dimensionality determines the level of detail that can
be retained. With high-resolution inputs, the latent space is large enough to hold information about
intricate patterns. In contrast, low-resolution inputs lead to a latent space that is too compact, effec-
tively bottlenecking the information flow and preventing the model from generating detailed predictions.

(a) Epoch 1

(b) Epoch 2

(c) Epoch 3
Figure 5.5: Latent generation samples

There are potential solutions to address the limitations encountered. The most straightforward is in-
creasing the input image resolution. However, this not only would increase the already high computa-
tional demands, but also the downstream CNN can’t take advantage of the higher resolution. We would
need to downsize the image back to 128 pixels, rendering the additional complexity pointless. Alter-
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natively, modifying the VAE to produce a higher-dimensional latent space might help preserve more
information. This would involve reducing the compression rate by redesigning the encoder and decoder
networks to maintain more features. However, since we are leveraging pretrained autoencoders, we
have limited flexibility to alter their architectures. Designing and training a custom VAE from scratch
would demand substantial time and computational resources, and most importantly offset the advan-
tages of using latent diffusion. While theoretically possible, we consider this research direction not very
promising and that it might divert excessive time and resources away from our main objective. There-
fore, we have decided to shift our focus towards pixel space diffusion models, which operate directly
on the image pixels without the need for latent space compression.

5.1.4. Benchmark of Next Frame Predictor

In this section we compare the fully trained and best performing diffusion architecture with other rele-
vant methods. In particular, we benchmark against optical flow, ConvLSTM, and frame persistence.
Optical flow, thoroughly introduced in Section 2.1.2, estimates the motion vectors between consecu-
tive frames to predict the future state of clouds. In our experiments, we leverage the open source
implementation of the Farnerback method available via the OpenCYV library [18]. As mentioned in 2.4,
ConvLSTM was one of the first successful methods to integrate CNNs with recurrent architectures,
and paved the way for subsequent advances in video frame prediction, making it a critical baseline for
comparing the performance of our proposed method. Similar to the DM, we train the ConvLSTM model
on the whole dataset until converged, following the implementation in [95]. Finally, frame persistence
simply consists in copying the last available frame as a prediction.

We employ two common metrics to compare images: MSE and Structural Similarity Index (SSIM). The
MSE, which has also been used as the loss function to train the ML algorithms, computes the squared
difference between the predicted and actual pixel values. The SSIM, on the other hand, evaluates the
similarity between two images focusing on luminance, contrast and structure. We do not provide a
mathematical description of this metric, but the interested reader is referred to [96]. It is worth mention-
ing, however, that the MSE ranges from 0 to infinity, lower values being better, while the SSIM ranges
from -1 to 1, values closer to 1 being better. Note that some methods scale pixel values to the range
[0, 1] while other methods keep the original range [0, 255]. To allow a fair comparison we rescale the
pixel values to [0, 255] when necessary.

The results are shown in Table 5.2. As can be seen, in terms of MSE, persistence outperforms the
rest of the models by a considerable margin. We attribute this superior performance to the inherent
simplicity of the Persistence approach. Given that brightness and color variations heavily influence the
MSE metric, the straightforward nature of Persistence, which merely replicates the last frame without
accounting for any dynamic changes, leads to lower MSE values. Similarly, optical flow, which also
employs the previous image as a base for its predictions achieves a relatively low MSE. On the other
hand, the models that have to create the predicted images "from scratch”, i.e. ConvLSTM and Diffusion,
fare worse in this comparison.

Model \ MSE \ SSIM \
Diffusion | 298.64 | 0.9006
OF 271.94 | 0.8396

ConvLSTM | 430.84 | 0.8260
Persistence | 235.00 | 0.8590

Table 5.2: Comparison of different next-frame prediction models

However, we theorize that the SSIM provides a better quantification of quality of the prediction, espe-
cially keeping in mind the downstream task of using it to predict irradiance. By incorporating structural
information, SSIM ensures that models accurately replicating cloud patterns receive higher scores,
even if there are minor discrepancies in color or brightness. In our results, the DM achieved the high-
est SSIM score, showing it’s ability to preserve the structural integrity of the images, and to forecast
cloud patterns effectively. Consequently, we believe the diffusion model will be the most effective for
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irradiance forecasting (see Section 5.3).

Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.96 SSIM: 0.97 SSIM: 0.96 SSIM: 0.97
MSE: 24.99 MSE: 11.93 MSE: 27.29 MSE: 10.14

Figure 5.6: Next frame prediction sample

Fig. 5.6 is a good example of the above mentioned issue. As can be observed, the input frames are
a sequence of sunny images, without any movement. Under visual inspection, all the models seem
to do a relatively good job at predicting the next frame, this would be expected given the simplicity of
this task. Nevertheless, we can observe significant differences in the metrics. The optical flow and
the persistence models achieve a much lower MSE, while the convLSTM and the Diffusion fare poorly
in this comparison. Under further inspection of the images we can confirm that indeed the two deep
learning models show minor inconsistencies in color and brightness, which compound over the whole
image, deteriorating this metric. Given that the dataset contains several such sequences, this explains
the overall worse performance of the ML-driven methods in terms of MSE.

When looking at more dynamic sequences, we can observe the superior performance of our proposed
diffusion architecture. For instance, Fig. 5.7 and 5.8 show respectively a mostly clear sky with fast
moving clouds and a relatively cloudy image with large clouds with complicated changing shapes. In
both of these, we can visually observe the superior performance of diffusion. Once again, this assess-
ment is not corroborated by the MSE metric, but it is by the SSIM. For instance in the latter sample the
diffusion model achieves a SSIM of 0.76, while the rest of the models barely obtain 0.6. While the dif-
fusion model produces a smoother picture, lacking sharp details, it understands the overall movement
and changing cloud patterns and comparatively succeeds at mapping the future position and shapes of
clouds. On the other hand, the optical flow model fails to produce a realistic image, warping the previ-
ous frame too much. This is caused by the large and rotating motion vectors present in this sequence.
The ConvLSTM model also performs poorly, as it excessively blurs the center of the image. This likely
occurs because the model is trained using MSE loss. When the model is uncertain about the next
frame, it tends to generate a washed-out and blurry prediction, a strategy that minimizes the overall
MSE, but results in a "non-committal” output. Finally, the persistence model performs surprisingly well
for a dynamic sequence, it achieves its typically low MSE while obtaining the second best SSIM.
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Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.93 SSIM: 0.86 SSIM: 0.86 SSIM: 0.88
MSE: 46.12 MSE: 43.21 MSE: 45.43 MSE: 42.64

Figure 5.7: Next frame prediction sample

Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.76 SSIM: 0.57 SSIM: 0.60 SSIM: 0.61
MSE: 55.37 MSE: 57.82 MSE: 63.96 MSE: 51.75

Figure 5.8: Next frame prediction sample

Similarly, Fig. 5.9, illustrates the better understanding of cloud dynamics by the diffusion model. If
the reader directs its attention to the bright spot in the lower part of the image, where there is some
sunshine coming through, it can be observed how all the models try to map its location with varying
levels of success. However, as reflected by the SSIM metric, the diffusion model performs the best,
even though its image still lacks some fine details.
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Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.85 SSIM: 0.62 SSIM: 0.67 SSIM: 0.69
MSE: 65.77 MSE: 72.49 MSE: 80.72 MSE: 70.91

Figure 5.9: Next frame prediction sample

Another unique feature of the diffusion model is its ability to conceal the Sun even if it was shown in
the previous frames or reveal it even if wasn’t. For instance, Fig. 5.10 shows an overcast sequence in
which the sun is not visible at all. Nevertheless, there is an area of thinner clouds where some sunlight
breaks through, which is moving towards the Sun. The diffusion model is the only one able to perceive
this, and correctly reveals the Sun when the gap in the clouds reaches its location.

Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.86 SSIM: 0.78 SSIM: 0.80 SSIM: 0.79
MSE: 43.47 MSE: 67.41 MSE: 39.63 MSE: 67.52

Figure 5.10: Next frame prediction sample

The opposite situation can be observed in Fig. 5.11 and Fig. 5.12. Both are sunny sequences, but
there are clouds moving which will soon occlude the Sun. Again, the diffusion model is the only one
able to remove the distinctive dark dot that indicates the Sun is directly visible. This feature of the
diffusion model is of paramount importance for us, given that the main objective of this work is to be
able to accurately predict sharp irradiance oscillations.
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Input frames

o

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.87 SSIM: 0.76 SSIM: 0.80 SSIM: 0.81
MSE: 38.70 MSE: 48.59 MSE: 50.79 MSE: 48.16

4 B

Figure 5.11: Next frame prediction sample

Input frames

Diffusion Model Optical Flow Model ConvLSTM Model Persistence Model Ground Truth
SSIM: 0.75 SSIM: 0.59 SSIM: 0.60 SSIM: 0.59
MSE: 55.22 MSE: 59.38 MSE: 65.72 MSE: 56.01

»

Figure 5.12: Next frame prediction sample

5.1.5. Stochasticity in Diffusion Inference

As described in Section 2.2.4, the images generated by a DM are not deterministic. The starting point of
the denoising process is precisely random noise, sampled from a standard normal distribution, which
makes each inference loop unique. This is one of the characteristics that made DMs so popular in
the first place; their ability to generate diverse samples, as opposed to GANs, which are prone to
mode collapse. In this section, we aim to determine whether some of the stochasticity remains after
the model is conditioned on a past sequence of frames, or if the conditioning information has such a
strong influence on the denoising process that samples generated from the same sequence become
essentially indistinguishable.

As can be seen in Fig. 5.13, 5.14, and 5.15 there is indeed some variability in the generated frames,
even after conditioning the model. While the conditioning information helps guide the denoising process,
the inherent randomness from the initial noise persists, leading to subtle but noticeable differences
between samples.

Fig. 5.13 shows a clear sky with a few moving small clouds. The biggest challenge in this sequence
is the inconsistent level of brightness, which as we have seen has a big influence on the MSE. It is
a priori impossible to know whether the future frame will be comparatively brighter or darker than the
previous. We can see this high uncertainty reflected on the results. The model generates frames with
varying levels of brightness, depending on the sampling of the initial noise.
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(a) Conditioning Sequence (b) Ground Truth

(c) Generated Samples
Figure 5.13: Example of stochasticity in diffusion inference

(c) Generated Samples
Figure 5.14: Example of stochasticity in diffusion inference
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(a) Conditioning Sequence (b) Ground Truth

(c) Generated Samples
Figure 5.15: Example of stochasticity in diffusion inference

Fig. 5.14 shows a sequence that starts out very cloudy, with the clouds gradually clearing as the sky
opens up. As shown, the model makes various predictions about how this scenario will unfold, resulting
in significantly different sky conditions in the final frames.

Lastly, Fig. 5.15 shows a particularly challenging situation, one susceptible to contain a significant jump
in the GHI. As can be observed, the Sun is not directly visible in the conditioning sequence, however
the clouds are moving in a way that could potentially reveal it. As shown in the ground truth, in the end
the sun remains occluded, but we can see the model predicting both outcomes.

We believe this stochasticity is not an undesirable property of our model but rather a valuable feature
that enhances its utility. In the context of power systems operation and energy forecasting, where future
states are inherently uncertain, probabilistic predictions are often preferred over deterministic ones.
Probabilistic predictions provide a range of possible outcomes, which enable better risk management
(e.g. by allowing grid operators to prepare for different situations).

We do not go any further in this section but we will leverage this stochasticity once we assemble the
full pipeline to produce probabilistic irradiance predictions (see Section 5.3.2).

5.1.6. Recursive Inference

As discussed in Section 5.1.1 we set the prediction horizon at one minute. This decision was motivated
by the fact that within a one-minute interval, clouds can move, deform, or dissipate, resulting in sharp
fluctuations of irradiance. However, in practical applications, particularly in the energy sector, a one-
minute forecast offers limited utility. For example, if we consider energy markets, the minimum predic-
tion horizon should be over 15 minutes. Because the last trading window in which market participants
can place orders closes 15 minutes before delivery. Similarly, grid operators and energy producers
benefit more from predictions that extend 5 to 10 minutes into the future, allowing them more flexibility
to make decisions regarding grid stability and managing contractual obligations.

To address this, we explore the concept of recursive inference. Recursive inference consists on feeding
the model its own predictions to generate forecasts further into the future. In our case, this entails gen-
erating a frame one minute into the future and using it as part of the input for the subsequent prediction
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(see Fig. 5.16). By iteratively inferencing the model in this manner, we can extend the forecast horizon
without modifying the model’s architecture or retraining it for longer prediction horizons.

Conditioning Sequence Model Output
A f_/%
o . . . -
Iteration 2 . .
Iteration 3 .
Iteration 4

Figure 5.16: Recursive inference schematic.

As expected, when we recursively feed the model its own predictions, we observe a progressive degra-
dation in the quality of the generated frames. Fine details, such as cloud edges and textures, gradually
fade, resulting in smoother and less defined images. Furthermore, the position and shape of clouds
diverge more and more from the truth with each iteration. These two phenomena are well documented
in the literature. Models trained on MSE loss often produce smoothed forecasts that lack sharp details.
This is because the MSE treats all deviations equally and penalizes large errors more heavily due to
the squaring operation. When the model is uncertain about the exact outcome (e.g., the precise po-
sition of a cloud), it tends to predict the mean of all possible outcomes to minimize the expected loss,
which results in blurred representations where sharp features are averaged out. With each iteration,
this uncertainty increases, leading to progressively blurrier predictions. This is particularly pronounced
in situations where the sky conditions are complex, when the sky features numerous clouds of varying
thicknesses and textures, as seen in Fig. 5.17. In these situations there is presumably more intrinsic
uncertainty, hence the averaging effect is aggravated. On the other hand, sequences of clear sky, such
as the one depicted in Fig. 5.18, with very limited uncertainty, feature a much slower degradation.
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Figure 5.17: Example of recursive inference in challenging conditions
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Ground
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Figure 5.18: Example of recursive inference in stable conditions
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As can be seen in Fig. 5.19, despite the increasing lack of fine-grained details, the model does capture
the general direction and velocity of cloud movements. However, over time, the ground truth and the
model predictions visually diverge in terms of the specific sky conditions depicted. While the model
maintains a reasonable representation of overall cloud dynamics, the exact arrangement and appear-
ance of clouds increasingly differ from reality. We expected this behaviour and presume it is rooted in
two well-known facts. First, feeding the model its own predictions introduces a shift in the input distri-
bution. The model was trained on real images, and its predictions may not fully capture the statistical
properties of the true data distribution. As the model continues to generate new inputs based on its own
outputs, these deviations accumulate, leading to increased errors and loss of detail. More importantly,
we hypothesize, is the fact that small discrepancies in early predictions compound and magnify in later
steps. Chaotic systems, like the weather, are characterized by the fact that small differences in the
initial conditions can lead to vastly different outcomes. Similarly, when we iteratively inference the DM
small inaccuracies compound and lead to considerably different results.

Conditioning
Sequence

Ground
Truth

Generated
Frames

Figure 5.19: Example of recursive inference. Yellow line provided as reference to illustrate cloud movements.

5.2. Image to Irradiance prediction

In the second stage of our proposed pipeline, we employ a CNN to transform the synthetic future
sky images into precise GHI (used interchangably with ”irradiance”) predictions. This NN processes
the generated frames in conjunction with additional features to try to model the relationship between a
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given image of the sky and the irradiance level. In what follows, we quantify the impact of the additional
features, we search for the optimal network configuration, and we explore different training approaches.

5.2.1. Additional Features

The additional features that we have developed and presented in Section 4.2 were mostly motivated
by intuition and prior experience of the involved researchers. In this section, we perform an ablation
study to determine whether the additional features indeed incorporate useful information that boosts
the performance of the network. Recall the additional features are the following:

» Binary mask that contains the precise location of the Sun

* Previous Irradiance corresponding to the last available image (in the standard case 1 minute
before the prediction).

» Day of the year encoded using geometric functions into two features.
* Hour of the day encoded using geometric functions into two features.

We design the ablation study shown in Table 5.3 to assess the contribution of each additional feature
to the performance of the CNN in predicting irradiance. The validation MSE serves as the evaluation
metric, with lower values indicating better accuracy. The network we use for this is a relatively simple
CNN consisting of three convolutional-pooling layers followed by two FC layers, following the structure
presented in Section 4.1. We believe that this network provides generalizable insights on whether
the additional features contain useful information or not, which can later be applied to more complex
architectures.

Binary mask | Previous irradiance | Hour of Day | Day of Year | Validation MSE

3281

X 2981
X X 1832
X X X 1831
X X X X 1712
X X X 1788
X X X 1920

Table 5.3: Ablation study on additional features, X indicates that the feature is present

From the results, it is clear that each of the features we designed contributes to the model’s perfor-
mance, although to varying degrees. Using only the sky image as input, the baseline model achieved
a validation MSE of 3281, which we will use as a reference point. When the binary mask was added,
the validation MSE decreased to 2981. Explicitly indicating where the sun is located is arguably equiv-
alent to providing information about the time of the day. As expected, the model can leverage this
information to interpret the sky image more effectively. We further hypothesize that by knowing where
the Sun is located in the image, the model can focus on the regions most relevant to solar intensity,
enhancing performance.

Including the previous irradiance measurement alongside the binary mask led to a significant reduc-
tion in validation MSE, bringing it down to 1832. This substantial improvement highlights the strong
temporal correlation of irradiance values over short intervals. As mentioned multiple times throughout
this work, the previous irradiance serves as a powerful predictor and persistence models often perform
extremely well.

Interestingly, when the hour of the day was added to the input (along with the binary mask and previ-
ous irradiance) the validation MSE remained the same. A plausible explanation is that the hour of the
day is already implicitly represented in the binary mask, hence including it explicitly does not provide
additional information. When we incorporate information about the day of the year (configuration with
all the additional features), the validation MSE decreased to 1712, the lowest among all configurations.
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Since adding the hour of the day did not initially yield an improvement, we test the configuration that
includes all the features but this one. Interestingly, we find that excluding this feature is now detrimental
to performance. This results suggests that even though the hour of the day may be redundant with the
binary mask, when combined with information about the day of the year it does enhance the model’s
performance. This is likely due to the fact that seasonal information is crucial to determine, given the
time of day, whether there is sunlight and how intense it might be.

Finally, we conduct one last experiment to accurately quantify the impact of including the binary mask,
since this feature took significant time and effort to create compared to the rest. We find that excluding
the binary mask does indeed result in poorer performance.

While the binary mask is concatenated along the channel axis of the image, the remaining features
are concatenated along the 1-dimensional feature map right after the flattening that precedes the FC
layers. This is the most common and straightforward way to incorporate additional information into an
image processing network. However, there exists an approach that can, in some cases, yield slight
performance improvements. It consists on preprocessing the additional features with a relatively small
MLP, which balances the number of tensor positions associated with the processed image and the
additional features. Without this step, the tensor before the FC layers can be almost entirely made up
of entries that correspond to the output of the convolutions, while only a few entries (in our case 5)
correspond to the additional features.

Furthermore, we also investigate a reframing of the objective of the CNN, which has also been found to
improve performance in some cases. This consists on adding the previous irradiance to the output of
the network before computing the loss. What we achieve with this is that the network learns to predict
increments or decreases in irradiance rather than the irradiance value itself.

As can be seen in Table 5.4, none of these methods significantly increased performance; therefore, we
discard them favoring the simpler approach.

Network Validation MSE

Baseline 1712
Feature preprocessing 1713
Incremental predictions 1745

Table 5.4: Results using additional feature preprocessing and incremental predictions.

5.2.2. Architecture Search

The purpose of this section is to find the best possible network architecture to process the images
generated by our DM. We will focus on convolutional architectures since they have proven good per-
formance in image regression, are relatively easy to implement, and can be trained fast. In order to
organize the architectural search we define two families of networks: CNNs and ResNets. Note that
this distinction slightly abuses terminology since ResNets are a specialized form of CNNs. However,
for the sake of clarity, we’ll refer to standard CNNs without residual connections as "CNNs” and those
with residual connections as "ResNets. The architecture in the first family of networks can be precisely
defined with two lists: one that contains the out channels for each of the conv-pooling blocks and one
that contains the number of neurons in each of the FC layers (see Section 4.3). For the second family
of networks, we follow a well-known nomenclature for ResNets, which consists of simply naming each
network with the number of layers it contains (e.g. ResNet18, ResNet24,...) [29].

For the CNN grid search, we start with a relatively simple architecture, the one used for the ablation
study on additional features, and modify the most crucial hyperparameters. The number of channels
for the convolutional layers, the number of pooling layers, the number of FC layers, and how many
artificial neurons they contain. However, we keep them relatively shallow and with parameter counts
around 1 million. For deeper and more complex networks we rely on the ResNet family, which will not
suffer from vanishing gradients. In particular, we tested 7 ResNets, with the number of layers ranging
from 10 to 50. For all of the experiments we train the network until it is fully converged and report
the validation loss. The results of the experiments can be seen in Table 5.5 and Table 5.6. We also
tried modifying other parameters of the convolutions, such as the padding, or kernel size and average
pooling instead of max pooling, but none of these yielded significant improvements.
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Conv-Pooling FC # Parameters | Validation loss
[32,64,8] [5612, 256, 1] 1.21 M 1712

[32,64,64,32] [512, 256, 1] 1.25 M 1691
[32,64,16] [256, 128, 1] 1.11M 1811
[32,64,8] [612, 256, 128, 1] 1.5M 1819

Table 5.5: Validation loss for different CNN architectures.

ResNet # Parameters | Validation loss

ResNet10 4.66 M 2417
ResNet14 6.46 M 2237
ResNet18 11.2M 2284
ResNet22 12.7 M 2336
ResNet26 17.5M 2395
ResNet34 21.3 M 2271
ResNet50 23.8 M 2329

Table 5.6: validation loss for different ResNets.

Analyzing the results, we observe that among the CNN architectures, the model with convolutional
layers [32, 64, 64, 32] and FC layers [512, 256, 1] achieved the lowest validation MSE of 1691, sur-
passing the "baseline” model by a small margin. Adding an extra Conv-Pooling block to further reduce
the height and width of the tensor while increasing the depth yields a slight performance improvement.
On the other hand, shifting some of the parameters from the FC layers to the Conv-Pooling blocks is
detrimental.

For the ResNet architectures, the best-performing model was ResNet14, with a validation MSE of 2237.
Despite the more depth and sophistication of ResNets, none of the architectures outperformed the sim-
pler CNNs. Furthermore, increasing the depth of the ResNet models did not consistently improve
performance; in fact, some deeper networks performed worse than shallower ones.

These findings suggest that, for our specific task of irradiance prediction from sky images, relatively
simple CNN architectures without residual connections suffice, and more complex models might be at
risk of overfitting.

5.2.3. Training on Generated Frames

So far, we have trained all image processing networks on true photographs of the sky. The reader
will have noticed that this is not exactly our use case. The images that the CNN will take as input are
not true photographs, but frames generated by the DM. In this section, we bridge this gap between
training data and the intended application. We experimented with augmenting the training dataset by
incorporating generated images from the DM. The objective is to determine whether including synthetic
data can improve the network’s performance on generated images without significantly compromising
its accuracy on true images.

Our findings are illustrated in Fig. 5.20, which depicts the trade-off between performance on true im-
ages and generated images as the proportion of synthetic data in the training set varies. The network
trained exclusively on true images performed best when evaluated on true photographs, as expected.
However, introducing small amounts of generated images during the training of the network did not de-
teriorate the performance on true data by a lot, while it did improve the network performance when eval-
uated on the generated dataset. Notably, a moderate inclusion of synthetic data of 5-15% enhanced
the network’s ability to generalize to generated images without a substantial decrease in performance
on true images. Increasing this share even further, to around 50%, we observe that the performance in
generated data keeps improving, but this time at the cost of a notable degradation of performance in the
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true dataset. Interestingly, increasing the proportion of generated images beyond a certain threshold
led to a decrease in performance across both true and synthetic images.
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Figure 5.20: Pareto plot of RMSE in generated and true images

It is important to note that slight inconsistencies might be observed (e.g. the outlier network trained
on 20% generated images), which can be attributed to factors such as the randomness in network
initialization and the stochastic nature of sampling during training. However, we conclude that while
the training dataset must predominantly consist of true images, including a small share of generated
images so that the network can be acquainted with their particularities can yield slight performance
improvements.

5.3. Case Studies

5.3.1. Point predictions

In this case study, we analyze the performance of four irradiance prediction models: ConvLSTM, Diffu-
sion, Optical Flow, and Persistence. We evaluate their effectiveness using three performance metrics:
Mean Absolute Error (MAE), MSE and the coefficient of determination R?.

The overall performance of the models across the dataset is summarized in Table 5.7 and Fig. 5.21.
As expected, the persistence model performs remarkably well, achieving the lowest RMSE and a near-
perfect R? of to 0.96. Regarding the "intelligent’ models, optical flow show reasonable performance
but is outperformed by Diffusion while ConvLSTM performs the worst by a significant margin. As ob-
served in Fig. 5.21 and 5.22, all the models but persistence show a bias towards positive residuals (i.e.
underestimating irradiance).

Model \ MAE \ RMSE \ R2 \
ConvLSTM | 432 | 87.1 | 088
Diffusion 304 | 708 | 0.92

Optical Flow | 33.8 78.4 | 0.90
Persistence | 30.8 73.0 0.92

Table 5.7: Overall performance comparison
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Figure 5.21: Scatter plot of true vs predicted irradiance
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Figure 5.22: Distribution of residuals

As mentioned throughout this work, we expect persistence to be a very strong predictor in the overall
dataset given that the vast majority of time irradiance changes are smooth. Nevertheless, persistent
situations do not pose a challenge for grid stability, hence we analyzed the models on sequences
exhibiting more than a 15% change between consecutive irradiance measurements. The results are
presented in Table 5.8. In this case, the diffusion model performs the best achieving the lowest MAE
and the highest R? among all models. When we remove the persistent situations from the test set, the
persistence model naturally experiences a substantial drop in performance, with the highest MAE and
the lowest R?, underlining its intrinsic limitations during dynamic situations. Surprisingly, ConvLSTM,
which performed worst in the global benchmark comes now second, followed closely by optical flow.

Model | MAE | RMSE | R? |
ConvLSTM | 151.1 | 199.2 | 0.31
Diffusion 138.3 | 191.9 | 0.36
Optical Flow | 155.1 | 210.7 | 0.23
Persistence | 184.6 | 237.2 | 0.03

Table 5.8: Performance during large swings

Finally, as presented in Section 5.2.3, there were some performance improvements to be attained
when introducing some synthetic samples during training the CNN. We quantify this phenomenon for
the more interesting subset of the data (sequences with drops or jumps). For sake of simplicity, we just
analyze the models found on the Pareto front, where optimal trade-offs between performance metrics
are found. The results, shown in Table 5.9, indicate that incorporating synthetic data into the training
process indeed leads to marginal gains in the model’s overall performance. When a small proportion of
synthetic data was introduced (15%), the model exhibited an improvement of around 2.5% in terms of
MAE. As we increased the percentage of generated images even further (50%), the model continued to
show improvements, though to a smaller degree. In conclusion, acquainting the model with synthetic
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data when we train it is beneficial, since the images that the model will see during inference are syn-
thetic. Nevertheless, we quickly reach a point of diminishing returns, in which adding more and more
generated images does not actually boost performance. As we have already demonstrated, when the
share of synthetic data becomes too large the performance of the model is notably weak (recall Fig.
5.20).

Model | MAE | RVSE | R? |

Diffusion 138.3 | 191.9 | 0.36
Diffusion 15% | 135.8 | 182.1 | 0.42
Diffusion 50% | 134.5 | 176.6 | 0.46

Table 5.9: Performance of DM-CNN pipeline with different fractions of synthetic data during training

Overall, the proposed diffusion pipeline consistently achieves the best performance across all evalu-
ations, matched only by the persistence model when considering the entire dataset. However, when
we focus on sequences with sharp drops or jumps, which are the primary concern of this project, any
predictive model outperforms persistence.

5.3.2. Probabilistic predictions
In this section, we present a probabilistic framework designed to leverage the stochasticity of diffusion
models for the irradiance prediction task. We aim to use the variations in the DM outputs to forecast
a probability distribution instead of point predictions. The framework involves constructing a mixture
model that combines prior knowledge with a data-driven component.
For a given input (i.e. an image), we can run the diffusion model multiple times to obtain a set of
stochastic predictions:

(P}

where:

* p; is the i-th prediction for the input. In particular we predict the CSI, which can be easily converted
to irradiance by multiplying it by the clear sky model irradiance.

* N is the total number of predictions generated.

We propose a mixture model that combines a prior distribution Py(p) with a data-driven component
based on the stochastic predictions:

HMz

P(p) =an - Po(p) + (1 —an)- N(p|pior) (5.1)

where:
* ay € [0, 1] is the mixing coefficient.
* Py(p) is the prior distribution of the target variable r.
N (p| pi,o?) is a Gaussian distribution centered at p; with variance o2.
« o2 represents the variance (uncertainty) associated with each prediction.

The prior P,, represents existing knowledge about the distribution of p. We opt for a relatively straight-
forward choice, and parametrize it using a normalized histogram of the dataset (see Fig. 5.23). Then
each prediction {p:} is associated with a Gaussian distribution centered at the prediction itself and with
variance o2. The mixing coefficient a balances the influence between the prior and the data-driven
component A higher a places more weight on the prior, indicating that the model predictions do not
provide significant new information, while a lower ay emphasizes the data-driven component, which
means that the model predictions are informative.
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Figure 5.23: Histogram-based Prior

To fully specify the mixture model, we need to determine the values of ay and o2. We achieve this
by maximizing the likelyhood of the observed data under the model (minimizing the Negative Log-
Likelyhood (NLL)). We use the numerical optimization toolbox provided by the scientific computing
library SciPy [97]. To gain a deeper understanding of our probabilistic framework, we plot the NLL
surface, as shown in Fig. 5.24. The surface shows a U-shape along the o2 axis, for very small values
of o2 the NLL is relatively high, but as o2 increases the NLL improves until it reaches an optimal point.
Beyond this optimal point, the NLL begins to increase again as o2 becomes too large. There is an
intermediate value of o2 that balances the uncertainty in the model, resulting in the best fir to the data.
As for ay, when this parameter decreases from 1 towards 0, we see that the NLL improves, which
means that the model performs better when the data-driven component is weighted more heavily than
the prior. However, as ay becomes too small, especially in combination with a very small o2, the NLL
begins to increase sharply. Relying too much o the stochastic predictions without enough variance to
capture the uncertainty leads to poor performance. It must be said that each variation of the framework
has a slightly different NLL surface, hence each configuration needs to be optimized separately.
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Once the model is fully tuned we can use it to predict probability distributions instead of point estimates.
The process is as follows. Given a conditioning sequence we first inference the DM repeatedly (N
times) to generate a set of possible future frames. We run each of the generated frames through the
CNN, which yields a set of irradiance predictions. Using Eq. 5.1 and the optimal parameters, we can
compute the final probability function. Some samples can be seen in Fig. 5.26 and Fig. 5.26.

Predicted Probability Functions

c c =
a 4 a a
0 /-/"\
P P P
8
6
= c =
a4 a .
0
P P P
8
6
S ) S
Ty T [
2
0
0.00 0.25 0.50 075 1.00 125 1.50 0.00 025 0.50 075 1.00 1.25 1.50 0.00 025 0.50 075 1.00 125 1.50
P P P

Figure 5.25: Different probabilistic predictions



5.3. Case Studies 61

[ Predicted Probability Function [

— Individual Predictions
35

30 HH

05 //T_“"j/ \
00

00 02 04 06 08 10 12 14
o)

Figure 5.26: Example of probabilistic prediction with individual predictions

We conduct an experiment to evaluate how varying the number of stochastic samples affects the per-
formance of our probabilistic framework. The experiments were performed using the diffusion model
and the optical flow model. We find the optimal parameters for each model ax and o2 by minimizing
the NLL as described before.

Model ‘ N ‘ Optimal a; | Optimal o2
Diffusion Model 1 0.1657 0.00283
Diffusion Model 5 0.1335 0.00195
Diffusion Model 10 0.1273 0.00145

Diffusion Model (Median) | 1 0.1624 0.00253
Optical Flow Model 1 0.1795 0.00298

Table 5.10: Probabilistic model tuning results

As can bee observed, as N increases from 1 to 10 in the diffusion model, the optimal mixing coefficient
ay decreases. This implies that the model relies less on the prior distribution P, and more on the data-
driven component, derived from the stochastic predictions. Similarly, when the number of samples
increases, the optimal variance o2 decreases, indicating that the model requires narrower distributions
if there are more samples. Among the models with a single sample, we can see how the diffusion with
median has the least reliance on the prior, as well as the lowest 2.

The optimized models are tested by means of the NLL on an unobserved dataset. The results, shown in
table 5.11, indicate that the models with the least reliance on the prior also perform comparatively better.
Therefore, the diffusion model with 10 stochastic samples outperforms the rest, followed by the diffusion
model with 5 samples and the diffusion model with the median. All the models perform significantly
better than just using the prior. It has to be said that the better performance comes at the cost of
additional computational resources. Generating a single sample takes 1.5 seconds in the available
hardware (Nvidia Quadro P5000 GPU with 16 GB memory), hence gefnerating a single prediction with
the best performing model takes around 15 seconds.
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Model ‘ N ‘ NLL NLL per sample
Diffusion Model 1 | -4366.16 -0.873
Diffusion Model 5 | -5050.08 -1.01
Diffusion Model 10 | -5376.05 -1.07

Optical Flow Model 1 | -4110.72 -0.822
Diffusion Model (Median) | 1 | -4626.61 -0.925
Prior Py - | 171042 0.342

Table 5.11: Probabilistic model performance results

Another interesting metric to analyze is the entropy (H). The entropy measures the uncertainty in the
model’s predictions. Unlike the NLL, which directly evaluates how well the model fits the observed
data, the entropy simply quantifies how confident the model is about its predictions. The entropy for a
continuous probability distribution with probability density function p(z) over a domain D is calculated
with Eg. 5.2, and has units of nats if we use the natural logarithm.

H(X) = - /D p() log(p(x)) dx (5.2)

It is important to emphasize that a low entropy value indicates the model is highly confident in its predic-
tions, not necessarily that those predictions are correct. A model can be confidently wrong, meaning
it may produce low-entropy predictions that are consistently inaccurate. Fig. 5.27 shows predictions
with different levels of entropy.

—— High Entropy Prediction. H = — 0.04
6 —— Low Entropy Prediction. H= —0.98
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Figure 5.27: Example confident and uncertain predictions

In this context, we evaluate the average entropy of the different models. As shown in Table 5.12, the
diffusion model with 10 stochastic samples has the highest entropy. This suggests that while this model
fits the data better (as indicated by the NLL), itis less confident in its predictions, producing more spread
out distributions. On the other hand, the diffusion model with 5 samples achieves the lowest entropy
indicating that it generates narrower distributions. All the models with a single sample lie somewhere
in between. To further contextualize these entropy results, it's useful to compare them with the entropy
of a uniform distribution, which is 0.406, and the entropy of the prior distribution, which is 0.22. The
fact that all model entropies are lower than these baselines reflects that the models are more certain
in their predictions than a random guess (uniform distribution) or prior-only assumption.
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Model | N | H [nats]
Diffusion Model 1 -0.91
Diffusion Model 5 -1.03
Diffusion Model 10 -0.74
Diffusion Model (Median) 1 -0.96
Optical Flow Model 1 -0.85
Uniform distribution [0, 1.5] | - 0.406
Prior - 0.228

Table 5.12: Average entropy of different models

In conclusion, the models that rely less on the prior (i.e. those with more samples) tend to perform better
in terms of NLL, meaning they are overall more accurate. However, the relationship between the num-
ber of samples and entropy is less straightforward. In fact, while more samples lead to better accuracy,
they do not always results in higher confidence. The diffusion model with 5 stochastic samples seems
to strike the best balance between accuracy and confidence while requiring half the computational
resources of the 10-sample model, making it a strong candidate for real-world applications.



Discussion and Conclusion

6.1. Answers to Research Questions

» What are current state-of-the-art techniques in weather forecasting using ML and how do they
compare to traditional methods?

Some of the current state-of-the art techniques in ML-driven weather forecasting involve complex mod-
els such as ViTs, GNNs or DMs, often with parameter counts in the hundreds of millions or billions.
These models have demonstrated improvements over traditional NWP methods in terms of accuracy,
but the most important advantage is their significantly lower computational requirements. While these
ML models can be very challenging and resource-intensive to train, once trained, they allow for rela-
tively cheap and fast inference. Over the last few years the field has experienced a surge in interest,
and the body of research is growing rapidly. However, our particular use case, characterized by short
term predictions with high spatial resolution was found to be relatively unexplored.

+ Do latent diffusion models improve the accuracy of predicting short-term irradiance? How do they
perform in stable and challenging conditions?

Diffusion models proved to perform very well in the task of short-term irradiance prediction. One high-
light is their competitiveness in the natural dataset, heavily biased towards persistence sequences.
Even then, DMs were not only able to match persistence models but to improve upon them by a small
margin. When it comes to sequences with fluctuations, again diffusion models proved to be the best
amongst the benchmarked models.

» How to design a diffusion model for the task of irradiance nowcasting? How to use past observa-
tions to condition the denoising process?

DMs were originally designed for image generation rather than regression tasks, hence they cannot
be employed as a standalone model for irradiance nowcasting. To bridge this gap, we employ a two-
step pipeline: first, the DM acts as a next-frame predictor that generates a future sky configuration
based on past observations; second, we use a CNN to compute the irradiance from these predicted
frames. As for the conditioning information to guide the denoising process, there exist a few options
depending on the particular architecture of the U-Net and the intended application. We employed a
relatively straightforward approach by concatenating all past images with the noisy sample in the input.

» Can we inference the model recursively to arbitrarily extend the prediction horizon? How does
this affect its predictive performance?

We can recursively use the model’s own predictions to extend the prediction horizon; however, this
approach leads to a progressive deterioration of the generated samples. Fine details, like cloud edges
and textures become less defined, and the position and shape of clouds increasingly diverge from
reality. Therefore, while recursive inference is possible, it will progressively deteriorate the model’s
predictive accuracy.

64
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* How does the inherent uncertainty of the denoising process affect the results? Can it be leveraged
to quantify uncertainty in the model predictions?

The inherent uncertainty of the denoising process was found to be a valuable feature of DMs. It allowed
us to develop a probabilistic framework capable of producing full probability distributions instead of point
predictions. This is particularly beneficial in power system operation, where understanding the range
of possible future scenarios and being able to quantify the uncertainty associated with each prediction
is crucial to make informed decisions.

6.2. Discussion of Results

The first critical observation comes from the poor performance of the LDM. LDMs have been extremely
successful in text-to-image pipelines aimed at generating high resolution outputs given a prompt. How-
ever, the application of these models to produce relatively low-resolution images that could be efficiently
handled by a CNN did not yield satisfactory results. The LDMs managed to capture the general idea
of the dataset, including the location-specific masks and the most represented shades, but failed to
provide detailed cloud contours and textures, essential to assess the level of irradiance. As we have
discussed, we believe that compressing already small images (128x128 pixels) with a VAE resulted
in a latent space that was too compact, limiting the amount of information that it can possibly encode.
Therefore, the model was only able to capture the general structure of images but not intricate details.
This underperformance led to a shift in the focus of this project leading us to pixel space DMs, which
operate directly on image pixels without relying on latent spaces.

In contrast to LDMs, pixel space DMs were much more effective for our task. The model produced
images that were sometimes indistinguishable from the ground truth. When comparing our next frame
predictor with other relevant methods, we found that the MSE was not the most suitable metric to
quantify performance given our use case. The MSE was heavily influence by slight differences in the
brightness and color of the images, which were sometimes not visually apparent. The SSIM on the
other hand, was a more reliable benchmark, that could accurately quantify whether two images were
similar in terms of the position and shapes of clouds. The DM consistently outperformed the other
models and showed various desirable features. In dynamic scenarios, with rapidly moving clouds, the
DM accurately mapped future cloud positions and outlines, while the other models struggled either by
warping previous frames too much or by producing blurry noncommittal predictions. Furthermore, the
DM’s ability to conceal or reveal the sun was unique among the models, highlighting its peculiar poten-
tial for this application.

Regarding the image processing CNN, we found that feature engineering contributed significantly to the
performance of the network. In particular, giving the network the previous irradiance resulted in a major
performance boost. The rest of the features, such as the binary mask and datetime information, also
were beneficial, although to a smaller degree. Interestingly, increasing the complexity of this network
beyond a certain point did not provide any benefits, as illustrated by the fact that simple Conv-Pooling
architectures outperformed much larger ResNets. Finally, we found that including some generated
frames during training improved the network’s performance on synthetic data (the actual use case).
However, as the proportion of synthetic data increased beyond a certain threshold, the accuracy of the
network collapsed.

Moving on to the case studies, in which we evaluate the full pipeline, we first focus on point predictions.
When comparing our method with other relevant benchmarks we find several important patterns. The
persistence model shows great overall performance, achieving high RMSE and R? scores. This results
was somewhat expected, as persistence is very effective on most of the dataset. However, this good
performance should not be overemphasized, as persistent situations do not challenge grid stability sig-
nificantly. When we move toward more dynamic situations, persistence falls short. In such situations
the diffusion model performs best, highlighting its superior ability to forecast complex scenarios. As
expected given the findings in Section 5.2.3, we can push the performance of our model a few percent-
age points further by incorporating generated images to the training dataset. However, we could likely
improve the performance of the other models, ConvLSTM and Optical Flow, if we trained their CNN
components on images generated by those models. It's reasonable to expect that their performance
could achieve similar gains as the ones obtained by diffusion.

Regarding the second case study, we leverage the inherent stochasticity in diffusion inference to de-
velop a framework capable of predicting full probability distributions rather than single-point predictions.
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The framework uses a mixture model to combine prior knowledge with data-driven predictions. We bal-
ance the two components based on the mixing coefficient ay. The results show that as the number of
stochastic samples increases, the optimal a becomes smaller, indicating that the model increasingly
relies on it's own predictions rather than prior knowledge. Similarly, the variance, which represents the
uncertainty associated with each prediction, decreases with more samples. In terms of performance,
measured by the NLL, the diffusion model with 10 samples outperformed all other configurations. How-
ever this comes at the cost increased computational time.

In summary, we think our proposed pipeline is very effective for the task of irradiance nowcasting. In
the presented configuration, with a prediction horizon of one minute and three conditioning frames, our
method outperforms traditional computer vision algorithms and alternative ML-driven methods. While
the persistence model excels in stable conditions, it struggles with sequences that contain fluctuations,
which actually challenge grid stability. Our pipeline matches the performance of persistence in the
overall dataset, while also displaying promising results in dynamic sequences. In addition to the strong
performance in point-predictions, our pipeline is capable of predicting full probability distribution, a very
valuable feature for real-world applications.

6.3. Limitations and Future Work

Throughout the course of this research, we came up with several ideas that could enhance the per-
formance and applicability of our models. Some of these possibilities were identified at the beginning,
while others only became apparent as we progressed. In this section, we discuss these ideas, acknowl-
edge the limitations of our method and provide insights and recommendations for future work.

As seen in Section 5.1.4, when evaluating the performance of the Next Frame Predictor, we observed
that the SSIM provided a more representative assessment of image quality compared to the MSE. The
MSE tends to be heavily influenced by minor variations in brightness and color, which may not signifi-
cantly impact the quality of the image in terms of using it to derive the irradiance present. An interesting
direction for future work would be to train the network using SSIM as the loss function, or perhaps a
combination of SSIM and MSE. Incorporating metrics like SSIM into the loss function could lead to im-
proved visual quality in the predicted frames, and alleviate the issue of blurriness in the output images.
As we have discussed, models trained on MSE sometimes learn to "hack” this metric by producing
washed-out predictions that are never drastically wrong but do not contain any useful information. By
including the SSIM, the model might produce sharper and more detailed predictions that are more in-
formative to derive irradiance.

For a final application, we suggest a comprehensive hyperparameter search, since ours was limited
given the timeline of the project and the large computational demands of training DMs. Parameters
such as learning rates, network architectures, and regularization techniques can have a big impact
on model performance. We therefore believe that we did not reach the full potential of our proposed
pipeline. There exist frameworks that automate this task using efficient algorithms, and smart features
like pruning of unpromising trials, that can significantly reduce the time required to find the best possible
configuration (e.g. Optuna).

Our implementation conditions the next frame predictor DM by stacking the past sequence of images
along the channel axis of the noisy sample. This method allows the network to access all conditioning
information at the initial layer, but this might not be enough to fully capture all the temporal information
present in the sequence. Exploring more sophisticated conditioning mechanisms could improve the
model’s ability to capture these dependencies. For instance, some of the state-of-the-art text-to-image
models employ a mechanism called cross-attention, where the query from one sequence attends to
key-value pairs from a different sequence, and they give the conditioning information at several points
throughout the U-Net. Using this, or developing custom conditioning strategies tailored to our specific
application could also be a fruitful research direction.

In our experiments, we use three previous images separated by the same time interval that we aim
to predict ahead: 1 minute. This however, is just one of many possible choices. Future studies could
explore alternative frame spacing strategies, like including more conditioning images or varying the
intervals between them. For example, we can think of a logarithmic spacing scheme, which would pro-
vide a few frames from the distant past and increasingly more frames closer to the present, potentially
offering a richer temporal context for the network to model complex cloud patterns.

Although we performed recursive inference of the model, time constraints limited our ability to fully
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explore this path. Recursive inference involves using the model’s own predictions as inputs for subse-
quent predictions, such that the prediction horizon can be arbitrarily extended. This is in theory possible,
but as we demonstrated, compounding errors make the recursive samples degrade quickly, especially
in dynamic situations. A deeper exploration of this topic would be valuable. For instance, it might be
interesting to train models specifically designed to predict further into the future and compare their per-
formance with predictions generated recursively. Another promising direction could involve developing
a model that generates not just a single frame but two frames: one representing the near future and
another for a slightly later time point. This could potentially slow down the error accumulation, mitigat-
ing the rapid degradation of recursive samples.

In our implementation, the Next Frame Predictor and the irradiance prediction model are trained sep-
arately. We consider that a very promising area of research could involve training both models jointly,
which would allow the Next Frame Predictor to receive feedback from the irradiance prediction loss, po-
tentially leading to generated frames that are more informative for the downstream task. We think this
end-to-end training approach, while technically challenging, could align the objectives of both models,
resulting in improved performance.

A big challenge and an ongoing concern throughout this work is the fact that most of the time irradiance
changes are smooth, which contributes to the strong performance of the persistence model. Early ex-
ploratory data analytics showed that less than 10% of the data contained sequences with fluctuating
irradiance levels. Future work could focus on training models exclusively on dynamic sequences where
irradiance changes are identified. An upstream gating mechanism could be developed to classify situ-
ations as either "persistence” or "dynamic.” In cases classified as "persistence,” the system would rely
on the persistence model, while in "dynamic” cases, the specialized models would be employed. This
approach could improve prediction accuracy by adapting the model to fit the specific characteristics of
each situation.

All of the above highlights the wide range of opportunities for improving the models developed in this
work, which could lead to significant advancements in their accuracy and applicability.
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