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Abstract

One of the most significant challenges of our era is the transition to clean and renewable
energy sources. The most abundant energy source on Earth is the sun, yet it is not con-
sistently available due to the variability in solar irradiance. The most significant impact
on local fluctuations in solar irradiance is the presence of clouds. Nowcasting systems
provide intra-hour forecasts to anticipate this short-term variability. These forecasts are
beneficial for grid control, the reduction of ramps in large-scale photovoltaic parks, and
the operation of concentrating solar power (CSP) plants.

A common approach to nowcasting is to use ground-based sky images from All-Sky Im-
agers to detect clouds, which are then further tracked in a physical nowcasting system
to estimate the future irradiance. The quality of these nowcasts depends highly on the
quality of the cloud detection, which is commonly performed on the pixel level. Re-
cent years have demonstrated that deep learning-based methods outperform all existing
conventional approaches on these kinds of tasks. The challenge of deep learning-based
methods is that they require a significant amount of high-quality, human-annotated all-
sky images with annotations at the pixel level, which are in practice costly to obtain.
Furthermore, the uncertainty in the predictions of systems based on artificial intelligence
is often di Ccult to predict.

This thesis proposes an approach based on semi-supervised learning that fuses measure-
ments from a ceilometer, which is a LIDAR sensor used to measure the cloud base height,
into the learning process of a camera-based cloud detection model to improve the detec-
tion of three dilerent cloud layers. A dataset of all-sky images with over 47000 weakly
annotated images is created based on heuristics. This dataset is employed in conjunc-
tion with 770 human annotated all-sky images to train a cloud detection model, utilising
semi-supervised learning techniques such as pseudo-labeling and consistency regularisa-
tion. Furthermore, a probabilistic calibration method is applied as a post-processing
step to calibrate the uncertainty estimates of the developed cloud segmentation model
for predictions on unseen all-sky images.

Evaluation on a benchmark of 36 all-sky images from three cameras shows the e [edtive-
ness of the two methods. The semi-supervised learning method demonstrated superior
accuracy and loU, respectively, by 2.4% and 3.5% compared to the current state-of-the-
art method for semantic cloud segmentation. Calibration error metrics, such as ECE and
MCE, are reduced significantly from 0.176 to 0.037 and from 0.276 to 0.111 through the
probabilistic calibration, indicating a notable improvement in uncertainty estimation.
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1 Introduction

1.1 Motivation

Detecting clouds in ground-based imagery is important for many applications, including
meteorology and climatology [1] and supporting optical satellite downlink operations to
optical ground stations [2].

Another increasingly important application of cloud detection is related to solar energy,
one of the main drivers for a sustainable and clean future in terms of energy production.
One of the challenges for solar energy is the spatial and temporal variability of solar
irradiance. Variations due to diurnal and seasonal changes can be easily accounted for
and are predictable. Intra-hour and intra-minute variations in local solar irradiance are
mostly caused by clouds [3], which are di cult to predict.

Especially large Photovoltaic (PV) parks can benet from reliable solar irradiance pre-
dictions, for instance for the ramp rate control [4], and can be optimized in terms of
e ciency [5] and grid stability [6]. PV, another technology of solar energy, is also ef-
fected by the variability of solar irradiance. Concentrating Solar Power (CSP) consist
of large mirror structures that focus solar radiation onto a receiver to heat transfer u-
ids. Spatial variations of solar irradiance on the solar eld are challenging, because they
can impose damaging thermal stresses on the materials that must be minimized while
maximizing energy Yield using complex control strategies [7].

So-called nowcasting, based on ground-based observations using all-sky imagers, provides
solar irradiance predictions with high spatial- and temporal-resolutions with prediction
horizons up to 20 minutes. Highly resolved nowcasts with coverage of sevetiain? can

be reached using using multiple all-sky imagers with stereographic approaches [8]. Cov-
erage of several thousandm? can be reached with large scale all-sky imager networks
[3]. Physical nowcasting models use a chain of processing steps beginning from cloud
detection, cloud tracking and cloud geolocation [9]. As the cloud detection is the rst
processing step, undetected errors in the cloud detection will be propagated through the
whole chain into the solar irradiance prediction and possibly even into the decision mak-
ing in the target application. Thus cloud detection needs to be accurate in its predictions
and reliable in its uncertainty estimates.



1.2 Objectives and Challenges

This thesis aims to further develop deep learning-based cloud detection in ground-based
imagery using all-sky imagers. The World Meteorological Organization (WMO) cate-
gorizes clouds into the following three layers:Low-layer, mid-layer and high-layer [10].
These categories are used for cloud detection in this work. Speci cally, each pixel within
a sky-image is to be classi ed into either one of the three cloud layers or to be classi ed as
clear-sky. In computer vision terms this task is de ned as semantic segmentation. Thus
cloud detection will be further referred to assemantic cloud segmentationthroughout
this thesis.

The categorization of clouds into three layers is a strong simpli cation considering ten
di erent cloud generas, with several species each, as de ned by the WMO [10] and
illustrated in gure 1.1. From a solar irradiance prediction standpoint this categorization
can still be bene cial. Low-layer clouds are mostly dense water clouds with strong
dampening e ects on the solar irradiance. High-layer clouds on the other hand consist
out of ice particles only, appear often hazy, and have a higher transmittance. Clouds
in the mid-layer are a mixture of both, resulting usually in a transmittance in-between
the transmittance of clouds in the other two layers [11]. Also, dierent cloud layers
move often into di erent directions due to di erent wind directions in the atmosphere.
Thus this categorization into di erent cloud layers has the potential to improve the cloud
tracking in physical nowcasting systems.

Even for human experts, distinguishing these three cloud layers can be challenging for
various reasons: Complex multi-layer conditions with varying lighting conditions, and the
lack of sharp boundaries and e ects as oversaturation make semantic cloud segmentation
particularly di cult. Also, aerosols and atmospheric turbidity are easily confused with
thin clouds in the high-layer. Thus apart from the semantic cloud segmentation a pixel-
wise con dence estimation is required, providing reliable uncertainty estimates for each
prediction. The development of a method to provide these pixel-wise con dence estimates
is the rst main objective of this thesis and has not been studied for multi class semantic
cloud segmentation in the literature so far.

The second challenge for deep learning-based semantic cloud segmentation is the need
for a signi cant amount of annotated images at the pixel level that represent the ground
truth, as discussed in [12]. The process of annotating all-sky images at the pixel level
is di cult due to ambiguities as previously mentioned, which makes it extremely time
consuming, and usually not feasible for large volumes due to economic and time con-
straints, particularly in research. A previous study [13] demonstrated that unlabeled all-
sky images can be leveraged with self-supervised learning to reduce the need for human-
annotated images and that e ective training of semantic cloud segmentation models with
limited human annotation is possible. In the recent years impressive successes have been



demonstrated on a variety of computer vision tasks, by training deep learning models
with a limited number of human-annotated samples and a large amount of unlabeled and
weakly annotated samples using semi-supervised learning techniques [14][15][16]. Hence,
the second primary objective of this thesis is the development of a semi-supervised learn-
ing method for the purpose of leveraging weakly annotated all-sky images based on
additional sensor measurements for semantic cloud segmentation.

The remainder of the thesis is organized as follows. In chapter 2, the state-of-the-art
techniques in terms of ground-based cloud detection as well as for semi-supervised learn-
ing, weak supervision, and uncertainty estimation in neural networks are presented. In
chapter 3, the utilized sensors and datasets are presented. The developed methods are
presented in chapter 4. The experimental results are presented and discussed in detail in
chapter 5, while the conclusion and an outlook on future research are provided in chapter
6.

Figure 1.1: lllustration of the main cloud generas de ned by the WMO [10]. The ten cloud generas:
Cumulus (Cu), Stratus (St), Stratocumulus (Sc), Cumulonimbus (Cb), Altocumulus (Ac), Altostratus
(As), Nimbostratus (Ns), Cirrus (Ci), Cirrocumulus (CC), Cirrostratus (Cs) are grouped by their
base height into low-layer, mid-layer and high-layer.



2 Related work

The chapter rst presents various methodologies for cloud detection in ground-based
imagery. This is followed by an analysis of the current state-of-the-art techniques in
computer vision for deep learning-based semantic segmentation, semi-supervised learning
and uncertainty estimation.

2.1 Cloud detection from ground-based imagery

Cloud detection in ground-based imagery has been a topic of active research for the past
two decades. Historically, thresholding-based methods were initial attempts to distin-
guish between clear-sky and cloud pixels, leveraging the observation that during daytime,
the sky appears blue and clouds appear white. Methods based on thresholding of the
red-blue ratio of the color channels with xed thresholds [17], and hybrid thresholds [18]
and based on the di erence of the red and blue channels [19] have been proposed. Other
methods included also the green color channel [20], transforming the image into other
color spaces such as as hue, saturation, intensity (HSI) and deciding based on saturation
[21]. These methods work under certain conditions, but their performance is signi cantly
compromised in presence of excessive saturation of the color channels and in turbid at-
mospheric conditions with a high concentration of aerosols in the atmosphere, due to
shifts in the red, green, blue (RGB) ratio.

Over the past decade, deep learning-based methods have been applied to cloud detec-
tion. Initially, shallow fully-connected architectures were utilized [22]. This was followed

by SegCloud [23], which was the rst reported success in using a deep Convolutional
Neural Network (CNN) for cloud detection. This method showed superior performance
compared to the existing thresholding methods. All of these methods have in common to
di erentiate between sky and cloud pixels, but not between di erent cloud layers or cloud
generas as de ned by the WMO. The rst approach to di erentiate between the di erent
cloud generas was proposed by [24] and the rst approach to di erentiate between the
three cloud-layers was proposed by [13].

A deep learning-based method for probabilistic cloud detection di erentiating between
clear-sky and cloud pixels was recently proposed by [25]. However, the literature lacks



a comprehensive approach to probabilistic cloud detection for multiple cloud generas or
cloud layers in ground-based imagery.

2.2 Deep learning for semantic segmentation

Semantic segmentation is a computer vision task that assigns class labels to pixels in
images. It is a highly active research topic due to its relevance to a vast array of target
domains, including biomedical image segmentation, automated driving and robaotics.

The foundation for deep learning-based semantic segmentation was established by [12]
with the introduction of Fully Convolutional Networks (FCNs), which replaced fully-
connected layers with convolutional layers. This allowed for end-to-end training for
pixel-wise predictions. In the context of deep learning, convolutions are small matrices,
often of shape 3x3, which move with a prede ned stride over the image and act as lters
to detect shapes such as edges, textures, and patterns [26]. The introduction of residual
skip connections by [27] made the e ective training of deep architectures possible, as
it addressed the vanishing gradient problem in deep neural networks and led to the
invention of the widely used ResNet architecture.

The next signi cant advancement in deep learning-based semantic segmentation was the
U-Net proposed by [28]. This involved the introduction of an encoder-decoder architec-
ture with symmetric skip connections that link corresponding layers in the encoder and
decoder parts. This U-shaped architecture allows for the e cient abstraction of context
information into high-dimensional feature vectors through the encoder and precise lo-
calization of these features back into the image dimensions through the decoder. This
approach permitted the implementation of e cient high-resolution semantic segmenta-
tion.

One of the current state-of-the-art (SOTA) architectures for semantic segmentation is
DeepLabv3+, proposed by [29], which incorporates several innovative techniques for se-
mantic segmentation, such as an encoder-decoder architecture, as illustrated in gure
2.1. Atrous convolutions, also known as dilated convolutions, permit the creation of
larger receptive elds without the necessity to introduce more parameters or compro-
mising the image resolution. Atrous Spatial Pyramid Pooling (ASPP) are modules that
apply convolutions with varying dilation rates in parallel, capturing image context at
multiple scales. ASPP enhances the ability of the network to extract both local and
global contextual information, which is highly bene cial for tasks such as semantic cloud
segmentation.

One of the most signi cant challenges for deep learning-based semantic segmentation
is the necessity for substantial volume of human-annotated ground truth images. The



Figure 2.1: lllustration of the DeepLabv3+ encoder-decoder architecture. Credits: [29]

process of annotating images for semantic segmentation is particularly labor-intensive
due to the requirement of pixel-level annotation for end-to-end training. Training on a
limited number of samples often results in the model memorizing the training data rather
than learning abstract, generalizable features, which leads to poor generalization capa-
bilities on unseen data during inference. This phenomenon is also described as over tting
[30]. Several strategies have been developed to mitigate the need for large volumes of
human-annotated images and still train deep neural networks without over tting. Two of
these methods are semi-supervised learning and weakly-supervised learning, which will
be discussed in detail in the following section.

2.3 Semi-supervised learning

This section provides a de nition of semi-supervised learning, and then presents a brief
overview of the four assumptions that all semi-supervised techniques are based upon. It
then goes on to discuss two speci ¢ techniques, pseudo-labeling and consistency regu-
larization, which are used by the semi-supervised learning approach developed in this
thesis. Finally, the chapter is concluded with an overview of weakly supervised learning,
which is the second pillar of the proposed semi-supervised learning method.



2.4 De nition of semi-supervised learning

In machine learning, four distinct approaches exist for learning from data: supervised
learning, unsupervised learning, self-supervised learning, and semi-supervised learning.

In supervised learning, the model is trained on a labeled dataset, which means that each
training sample is paired with an output label. The goal of supervised learning is to learn
a mapping from inputs to outputs that can be applied to new, unseen data as described
in [31]. When the labels are continuous, the task is called regression. When the labels
are discrete, the task is called classi cation.

In contrast, unsupervised learning functions without any labels. The goal is to nd
hidden patterns or intrinsic structures in the input data. Common applications include
clustering, dimensionality reduction, and anomaly detection [32]. A special case of un-
supervised learning is self-supervised learning. In self-supervised learning, the data itself
provides the supervisory signal by generating arti cial labels during so called pretext
tasks. This is often achieved by predicting portions of the input from other portions or
by creating target labels through clustering [33].

Semi-supervised learning is a hybrid form of supervised- and unsupervised learning, typi-
cally utilizing a small amount of labeled data and a large amount of unlabeled data. The
objective is to leverage the vast amount of unlabeled data together with limited amount
of labeled data to learn more accurate decision boundaries [34]. The necessary condition
for semi-supervised learning to work is that the unlabeled samples utilized must be rel-
evant to the task the model is trained to perform. Formally, this can be expressed as
follows: the distribution of the input data, denoted as p(x), must contain information
about the posterior distribution p(yjx), wherey is the label to be predicted [35]. This
condition gives rise to four assumptions that all semi-supervised learning methods are
based on.

2.4.1 The four assumptions of semi-supervised learning

The four assumptions underlying semi-supervised learning, as de ned in [35], are as
follows: cluster assumption smoothness assumptignlow-density assumption manifold
assumption which are de ned in [35] as follows.



Cluster assumption

The cluster assumptionstates that data points belonging to the same cluster, i.e. data
points that are more similar to each other are likely to share the same label. This can
be visually illustrated by stating that data points that are close to each other in gure
2.2, should belong to the same class.

Smoothness assumption

The smoothness assumptionalso known as thecontinuity assumption, states that when
two data points are proximate in the input space, they should be also be proximate in
the output space.

Low-density assumption

The low-density assumptionstates that the decision boundary of a classi er should tra-
verse low-density regions of input data distribution. As illustrated in gure 2.2 (a),
semi-supervised learning that complies with the low-density and smoothness assump-
tions can inform a superior decision boundary than supervised learning with a limited
number of labeled data points.

Manifold assumption

The manifold assumption states that the high-dimensional input data of the same class
lie together on a lower-dimensional manifold than the input space. This implies that the
high-dimensional input data can be projected into a lower-dimensional space, where it is
more easily separable. Semi-supervised algorithms are designed to learn the projection
into the lower-dimensional space, which is also known adimensionality reduction. This
involves mapping the input data into relevant feature representations, as illustrated in
gure 2.2 (b).



Figure 2.2: lllustration of the smoothness, low-density and manifold assumptions. The blue crosses
and the orange triangles represent labeled data, while the points resemble unlabeled data. Credits:
[34]

2.4.2 Semi-supervised learning techniques

Pseudo-labeling

Pseudo-labelingalso known asself-training, is a technique employed in semi-supervised
learning to generate arti cial labels on unlabeled data using the predictions as labels.
Pseudo-labeling is built on the cluster assumption, which assumes that data points in
the same cluster share the same label [36]. In most cases, the arti cial labels are se-
lected based on the con dence in the model's predictions, under the assumption that
high con dence predictions are correct and can provide useful training signals [37]. The
generated pseudo-labels are subsequently treated as if they were true labels, thereby en-
abling the unlabeled data to contribute to the training process. The fundamental idea
is to leverage the model's predictions to enhance its learning capacity by expanding the
labeled dataset. Self-training has been demonstrated to be an e ective methodology for
enhancing semantic segmentation [38].

Consistency regularization

Another semi-supervised learning technique is consistency regularization. This technique
encourages a machine learning model to produce consistent outputs when the input
data is perturbed in various ways. It leverages the smoothness assumption by assuming
that various perturbations of the input data should have the same label. Perturbations
in a semantic segmentation context can include transformations, also known adata



augmentation such as geometrical transformations such as ipping, rotating, or scaling.
Additionally, transformations in the color space and Gaussian blurring are frequently
employed in the literature [39]. It is crucial to acknowledge that the data augmentations
must to be selected in a manner that ensures the smoothness assumption remains valid
under these transformations. In other word the perturbed images need to be realistic, as
stated by [40], which is highly dependent on the speci ¢ domain.

A framework that combines both pseudo-labeling and consistency regularization with
impressive results is the weak-to-strong consistency framework, proposed by [15]. Im-
ages are rst weakly augmented using a ne transformations such as ipping, rotating
and cropping, and then fed through the model to generate pseudo-labels using con dence
thresholds. In a second step, the weakly augmented images are then strongly augmented
and fed again through the model. The objective of this process is to to match the pre-
diction on the strongly-augmented images to the pseudo-labels on the weakly augmented
images, as illustrated in gure 2.3. This framework could achieve impressive results with
88.61% accuracy with only 4 labeled samples per class on the CIFAR-10 [41] benchmark
for image classi cation.

Figure 2.3: lllustration of the weak-to-strong consistency regularization framework popularized by
FixMatch [15]. Credits: [15]

Pseudo-labeling-based methodologies are often challenging to implement in real-world
problems due to the potential for inaccuracy in the pseudo-labels, which are further
reinforced through the self-training process. Another challenge is con rmation bias as
the con dence values for minority classes may be lower than those for majority classes.
This can result in an even more pronounced class imbalance in the selected pseudo-labels
due to con dence thresholding, as discussed in detail by [42].

10



2.4.3 Weakly supervised learning

Weakly supervised learning is an umbrella term for a variety of methodologies to learn un-
der imperfect supervision. This imperfection can take several forms, such as incomplete,
inaccurate, or inexact labels [43]. Incomplete supervisiondescribes the situation when
only a small subset of the data is labeled and the rest is unlabeled. This can be seen as a
form of semi-supervised learning, as described abovinaccurate supervisiondescribes a
situation in which the provided labels are noisy, i.e., they do not always accurately re ect
the ground truth. This can occur due to errors made by the annotator or in ambiguous
situations. Inexact supervisiondescribes a situation, in which only coarse-grained super-
vision is provided. To illustrate, consider the context of semantic segmentation. In this
domain, labels can be provided at the image level, rather than at the pixel level, which
is often more feasible in a large volume. In practice, these three forms of supervision
frequently occur simultaneously, as described in detail by [43]. One prominent example of
weakly supervised learning in computer vision is CLIP, proposed by [44]. CLIP employs
weak supervision on a large scale to learn robust image representations from 400 million
image-text pairs.

2.5 Uncertainty estimation in neural networks

Real-world decision making systems, require classi cation networks not only to be accu-
rate, but also to indicate when they are likely to be incorrect. This means that a network
should provide acalibrated con dence measure in addition to its prediction, which should
re ect the ground truth correctness likelihood [45]. A common problem with modern deep
learning-based methods is that they tend to fail silently on unseen data. This implies,
that despite predicting with high con dence, predictions can be catastrophically wrong.
Such errors can have drastic consequences in domains, such as medical imaging [46] or
autonomous driving [47], if undetected. This phenomenon is particularly pronounced
when the input data distribution undergoes a shift, which is also referred to aglomain
shift. In the context of semantic cloud segmentation, domain shift can occur due to
changes in camera hardware or a relocation of the observation site, which di ers from
the site on which the model was trained on. This motivates a variety of approaches to
obtain calibrated con dences, which are discussed in the remainder of this section.

Bayesian Neural Networks (BNNs) [48] are a class of neural networks that incorporate
Bayesian inference by directly modeling probability distributions. Exact Bayesian infer-
ence is computationally expensive and infeasible for large scale datasets and complex ar-
chitectures. Consequentially, a number of methods have evolved to approximate Bayesian
modeling, including Dropout [49], Monte Carlo Dropout [50], and Deep Ensembles [51].
Dropout is implemented in most architectures and the latter two require multiple for-

11



ward passes for each prediction during inference, increasing the computational cost as
a consequence. Recently, Denoising Di usion Probabilistic Model (DDPM), originally
introduced for the purpose of image generation [52], have been demonstrated to be appli-
cable for semantic segmentation for implicit ensembling to obtain con dence estimates
[53]. Due to the numerous di usion steps required for each prediction, training and in-
ference for di usion models is lengthy and computationally expensive. One solution to
this problem is to decrease the image resolution, which is not ideal for semantic cloud
segmentation, as it may result in the loss of important details.

The study about calibration in neural networks [45] introducedtemperature scalingin the
context of probabilistic model calibration. Temperature calibration is a simpli ed version
of platt scaling [54], introduced in the context of Support Vector Machines (SVMs).
Temperature calibration is performed as a postprocessing step after training to estimate
a single parameter T to calibrate the outputs, of a previously trained network. During
inference almost no additional computational costs arise, as it works with a single scalar-
matrix multiplication. Temperature scaling is, as stated by [45], the simplest, fastest,
and most straightforward calibration method, and surprisingly often the most e ective.

The method of Local Temperature Scaling (LTS), which is based on temperature scal-
ing, was proposed by [55] for the specic purpose of semantic segmentation tasks. It
employs a small weight-calibration network that estimates a calibration map based on

both the input and predictions. This calibration map is used to scale the con dence of

the predictions for each pixel and is presented in detail in section 4.2.
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3 Datasets of All-Sky Images

A reliable database of su cient volume and diversity with respect to the conditions of the
target domain is of fundamental importance for the development of reliable data-driven
methods, such as deep learning-based semantic cloud segmentation models. All data
utilized to implement the methods presented in chapter 4 and to obtain the experimental
results presented in chapter 5 are presented in the following sections of this chapter. In
total, two datasets were created as part of this thesis. Furthermore, an additional dataset
of all-sky images that has was created previously is presented.

In the rst section a brief overview of the observation site and the sensors used for
the data acquisition is presented. The utilized and created datasets for this work are
then presented in the following sections. First, the human-annotated training dataset

is introduced. Then, a detailed description of the creation of a weakly labeled dataset
using heuristics on the measurements of a sensor, apart from All Sky Imagers (ASIs), is
provided. The nal section of this chapter presents a benchmark dataset with images

from multiple ASls, that has been created as part of this thesis.

3.1 Observation site and utilized hardware

3.1.1 Plataforma Solar de Almeria

All image data and meteorological measurements for the datasets presented in the fol-
lowing sections were acquired with the sensor infrastructure of the Plataforma Solar de
Almeria (PSA). The PSA is located in the desert of Tabernas in south-eastern Spain and
is property of the Centro de Investigaciones Energéticas, Medioambientales y Tecnolég-
icas (CIEMAT), a public research center of the Spanish government. It is regarded as
the world's largest and most comprehensive research and development facility dedicated
to CSP [56].

The PSA has a network of meteorological measurement stations equipped with ASIs and
other sensors distributed across the entire area, as illustrated in the aerial view of the
PSA in gure 3.1. The all-sky images for the human-annotated dataset presented in
section 3.2 were acquired at the meteorological measurement statidgfontas. The all-sky
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