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Abstract

The transition toward sustainable and renewable energy sources represents a significant
challenge. Among different alternatives, solar power is the most abundant, however,
its integration into the global energy mix is complicated, due to the variability of solar
irradiance. While seasonal and diurnal changes are predictable and well-researched,
intra-hour fluctuations, which primarily come from cloud cover, introduce instability
into the power generation grid. The development of reliable short-term Nowcasting
systems is important to maintain grid stability, prevent damages through power ramps
in photovoltaic parks and optimize the thermal efficiency of concentrated solar power
plants. A state-of-the-art approach to Nowcasting utilizes ground-based all-sky imagers
(ASI) to capture hemispherical sky images. Clouds are detected and tracked in real-time
to generate future irradiance maps. Furthermore, the utility of ASI systems extends to
optical satellite communications, where a clear line of sight is mandatory. By leveraging
thermal infrared sensors, which remain operational during night, cloud-free windows can
be detected to optimize transmission schedules.

The fidelity of these nowcasts is highly dependent on the accuracy of the cloud de-
tection phase. In recent years, deep learning methods have emerged as dominant, out-
performing conventional detection techniques. However, those models introduce the
critical dependency on large amounts of high-quality manually labeled ground truth
data. Since manual pixel-wise annotation is time-intensive and costly obtaining such
datasets remains a primary bottleneck in the field.

This thesis aims to remove that bottleneck by using the recently acquired long-wave
infrared data to generate an automatically labeled ground truth height map dataset. A
combination of infrared imagery and reanalysis data is used to generate height maps as
pixel-wise ground truth to train a convolutional neural network for cloud detection and
pixel-wise height estimation. The current state-of-the-art cloud detection model is used
to generate binary ground truth masks for cloud detection in infrared images.

Evaluation on a predefined test set containing different cloud formations, shows ac-
curate cloud detection with a mean IoU of 0.777. The cloud base height is predicted
with a mean absolute error of 1046.09 m and a bias of -399.76 m from a single visible
light input image. The conversion capability from the obtained height predictions to
cloud height layer maps is limited with a mean IoU over all 4 classes of 0.372. The cloud

detection in infrared images performs strongly on the test set with a mean IoU of 0.835
and F1 score of 0.908.
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Kurzfassung

Der Ubergang zu nachhaltigen und erneuerbaren Energiequellen stellt eine erhebliche
Herausforderung dar. Unter den verschiedenen Alternativen ist die Solarenergie am re-
ichlichsten vorhanden; ihre Integration in den globalen Energiemix wird jedoch durch
die Variabilitdt der Sonneneinstrahlung erschwert. Wahrend saisonale und tageszeitliche
Schwankungen vorhersaghar und gut erforscht sind, fithren kurzfristige Fluktuationen
innerhalb einer Stunde — primér verursacht durch Bewolkung — zu Instabilitdten im
Stromnetz. Die Entwicklung zuverlassiger Nowcasting-Systeme ist daher essenziell, um
die Netzstabilitdt zu gewéhrleisten, Schiaden durch Leistungsgradienten (Power Ramps)
in Photovoltaikanlagen zu vermeiden und den thermischen Wirkungsgrad von konzen-
trierenden Solarkraftwerken (CSP) zu optimieren.

Ein aktueller Ansatz fiir das Nowcasting nutzt bodengestiitzte All-Sky-Imager (ASI),
um hemisphérische Himmelsbilder aufzunehmen. Wolken werden dabei in Echtzeit
erkannt und verfolgt, um zukiinftige Einstrahlungskarten zu generieren. Dariiber hinaus
finden ASI-Systeme Anwendung in der optischen Satellitenkommunikation, bei der eine
freie Sichtverbindung zwingend erforderlich ist. Durch den Einsatz von thermischen
Infrarotsensoren, die auch nachts funktionsfahig sind, konnen wolkenfreie Zeitfenster
identifiziert werden, um Ubertragungspléne zu optimieren.

Die Genauigkeit dieser Nowcasts hidngt mafigeblich von der Préazision der Wolken-
erkennungsphase ab. In den letzten Jahren haben sich Deep-Learning-Methoden als
dominant erwiesen und iibertreffen konventionelle Erkennungstechniken. Diese Modelle
weisen jedoch eine kritische Abhéngigkeit von grofen Mengen hochwertiger, manuell
annotierter Referenzdaten (Ground Truth) auf. Da die manuelle pixelweise Annotation
zeitintensiv und kostspielig ist, bleibt die Beschaffung solcher Datensétze ein primérer
Engpass in diesem Forschungsfeld.

Das Ziel dieser Arbeit ist es, diesen Engpass durch die Nutzung seit kurzem ver-
fiigbarer langwelliger Infrarotdaten zu iiberwinden und einen automatisch annotierten
Referenzdatensatz von Hohenkarten zu erstellen. Eine Kombination aus Infrarotbildern
und reanalysis- Daten wird verwendet, um Hohenkarten als pixelweise Ground Truth
zu generieren, mit denen ein Convolutional Neural Network (CNN) fiir die Wolken-
erkennung und die pixelweise Hohenschatzung trainiert wird. Zur Generierung binarer
Masken fiir die Wolkenerkennung in Infrarotbildern wird das aktuelle State-of-the-Art
Modell verwendet.

Die Evaluierung auf einem vordefinierten Testset mit verschiedenen Wolkenformatio-
nen zeigt eine prézise Wolkenerkennung mit einem mean IoU (mloU) von 0,777. Die
Hohe der Wolkenbasis wird basierend auf einem einzelnen Bild im sichtbaren Licht mit
einem mittleren absoluten Fehler (MAE) von 1046,09 m und einem Bias von -399,76
m vorhergesagt. Die Fahigkeit zur Konvertierung der gewonnenen Hohenvorhersagen
in Wolkenhohen-Layer-Karten ist mit einem mloU iiber alle vier Klassen von 0,372 be-
grenzt. Die Wolkenerkennung in Infrarotbildern erzielt auf dem Testset starke Ergebnisse
mit einer mIoU von 0,835 und einem F1-Score von 0,908.
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1 Introduction

1 Introduction

1.1 Motivation

The automatic detection and classification of clouds is essential across several scientific
and industrial fields, ranging from meteorology [1] and aviation |2] to satellite communi-
cations |3} |4] and renewable energies [5]. Clouds have always been studied however the
shift towards automation is driven by the need for consistent, high-resolution data that
removes human subjectivity factors.

The world shifts away from fossil fuels toward renewable energy including solar power
generation [6]. A critical challenge is the variability of solar irradiance, which is highly
influenced by geographical location and weather. While large scale phenomena, like sea-
sonal or even daily changes are predictable, intra-hour fluctuations, which are mostly
caused by passing clouds [5], are far more difficult to anticipate. Two main technologies
are affected by this: Photovoltaics (PV) and concentrated solar power (CSP). As pho-
tovoltaics become more and more present in electrical power generation, growing each
year, it is responsible for about 10% of all electricity generation [6]. One downside of the
technology are the sharp drops in electricity caused by short-time weather phenomena
like clouds. This can lead to a destabilization of power grids and induce high financial
penalties [7]. CSP on the other hand relies on direct normal irradiance (DNI) from
the sun to heat heat transfer fluids (HTF). The DNI changes with cloud cover varia-
tion. If this variation is too large the plant can not be operated effectively, not reaching
predefined market agreements again inducing financial penalties [8].

To manage these risks, so-called Nowcasting systems are installed to provide short-
term cloud or irradiation forecasts |9, 10, 5]. While satellite data and numerical weather
prediction (NWP) models can supply broad large scale data, they lack fine grid spatial
and temporal resolution crucial for real-time plant operation [11]. Ground-based All-
Sky Imagers (ASI) aim to fill this gap by providing high-resolution spatial and temporal
data for the region of interest. This enables the projection of cloud shadows to generate
irradiation maps on the ground and forecast DNI variation [5|. To widen the coverage
over larger areas up to several square kilometers multiple ASI systems can be combined to
imaging networks using stereographic approaches|5, 12|, enabling large scale Nowcasting.

Beyond the energy sector, cloud detection is vital for optical satellite communication
[3, |4]. Laser- based satellite communication requires a clear line of sight to not loose
information in the atmosphere [4]. Hence the prediction of cloud-free windows allows the
optimization of data transfer times between ground station and satellite. While solar
applied Nowcasting approaches are only relevant during daytime and therefore mostly
use visible light cameras, satellite communication also needs to be available during the
night, motivating the use of thermal infrared cameras, which do not rely on visible light.
Other critical applications include aviation safety and climate science. Accurate real-
time data on cloud height and coverage helps pilots avoid transitions into instrument
meteorological conditions when flying under visual flight rules [2]. In climate science
ground-based observations can be used to validate satellite-based measurements.
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1.2 Objectives and challenges
The work is guided by the following three objectives:

e To explore the possibility of using long-wave infrared (LWIR) data to obtain cloud
base height (CBH).

e To establish a method to generate automatically labeled ground truth data using
LWIR all-sky images.

e To develop a real-time applicable cloud detection system for infrared cameras.

Several technical challenges complicate the fulfillment of those goals. First, as the
LWIR all-sky cameras were just recently installed there is a very limited amount of
historical data. The acquisition, processing and enhancing of the newly captured data
is therefore of high importance for future research.

Although there has been a lot of research on cloud detection in infrared images [13,
14, |15], the accurate detection in real-time remains challenging. Certain cloud types,
especially high cirrus clouds are difficult to distinguish from clear sky [16]. Additionally
hazy atmospheric conditions can cause unexpected camera responses. In all-sky infrared
imagery there is the additional challenge of view distortion from the fish-eye lens, yield-
ing different responses dependent on the elevation angle [17]. Those near horizon regions
pose challenges for different reasons. The different atmospheric path lengths from zenith
to horizon and the accumulation of particles towards the horizon causes enlarged atmo-
spheric radiance, influencing the output image. Furthermore clouds near the horizon
appear very small even though physically they are of large scale.

A major bottleneck for deep learning (DL) approaches in the topic of cloud detection
and segmentation remains the need for large amounts of high quality ground truth
data. In past research this was typically done manually, requiring meteorological experts
and large amounts of time [18]. This work will try tackle this issue by creating an
automatically labeled dataset with the use of LWIR data.

1.3 Physics principles

To fully understand the work, this section introduces how clouds form and what types
exist, some basic principles about radiation, atmospheric behaviors and how this in-
fluences infrared imagery. To close of the introduction, the different possible camera
observations are discussed.

Cloud formations

Cloud formation is primarily driven by the process of adiabatic cooling. This occurs
when moist air rises in the atmosphere and expands due to lower ambient pressure.
This additionally causes the air parcels to cool down and the air becomes saturated with
water vapor, reaching its dew point. At this point the vapor starts to condense into
liquid droplets or directly form ice crystals at the surface of microscopic particles [19].
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Figure 1: Tllustration of the cloud genera defined by the WMO [20]. The cloud gen-
era: Cumulus (Cu), Stratus (St), Stratocumulus (Sc), Cumulonimbus (Cb),
Altocumulus (Ac), Altostratus (As), Nimbostratus (Ns), Cirrus (Ci), Cirrocu-
mulus (CC), Cirrostratus (Cs)

The composition of a cloud is mainly governed by the ambient temperature. In lower,
and therefore warmer layers of the atmosphere, clouds consist of liquid water droplets.
As altitude increases the temperature decreases drastically, and even though supercooled
liquid droplets may persist, clouds eventually consist almost exclusively of ice crystals
19).

Those thermodynamic conditions are almost entirely limited to the troposphere be-
cause it contains the majority of water vapor and temperature decreases with an almost
constant gradient. The overlying stratosphere is characterized by extreme dryness and
thermal inversion, preventing vertical air motion and the formation of clouds [20]. Given
those atmospherical constraints a visible cloud can be described and classified based on
its dimensions, shape, structure, luminance and color resulting in ten cloud genera .

A schematic of the different cloud genera as defined by the World Meteorological
Organization (WMO) is shown in Figure [

Now that the general types of clouds have been introduced the focus is shifted towards
atmospheric behavior.
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Figure 2: Atmospheric transmittance over wavelength through 1976 US Standard Atmo-
sphere model, simulated using MODTRANG [22]

Atmospheric radiation

All particles and molecules emit thermal radiation due to their vibrations and rotations.
Kirchhoff’s radiation law states that the absorptivity must equal the emissivity for a
body to be in thermal equilibrium [21]. This principle also applies to the atmosphere.
Consequently the radiation absorbed by the atmosphere is emitted at corresponding
wavelengths [16].

Figure 2 shows an atmospheric transmittance- wavelength diagram calculated using
MODTRANG [22] for a zenith path from sea level to space.

Regions with high transmittance are called atmospheric windows [16]. The focus in
this work is set to the long-wave infrared window between 8 — 14um. This window is
disrupted at 9.6um by ozone absorption mainly present in high altitudes. Otherwise
the LWIR transmittance is highly vulnerable to the water vapor contained inside the
atmosphere |16]. The combination of high atmospheric transmittance and it being highly
effected by water vapor content, makes the window ideal for cloud detection. This itself
motivates the use of long-wave infrared cameras for cloud detection purposes.

Infrared cloud imagery

Infrared imagery is excellent to detect clouds in different conditions, since it does not
depend on lighting conditions and is not affected by sun scattering. Especially low and
mid layer clouds are easily distinguishable. However clouds like cirrus clouds that are
more transparent and yield a different spectrum can be challenging to distinguish from
clear sky [16]. If they have visible structure they often can be detected, however if the
sky is covered the detection is almost impossible.

The clear sky atmosphere itself also emits radiation in the infrared spectrum. The so
called clear sky radiance depends highly on precipitable water vapor (PWV), hence the
water vapor content inside the atmosphere. This water vapor content can be used to
calculate the clear sky radiance inside the desired wavelength spectrum.

As seen above, the atmosphere has a high transmission window between the LWIR
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wavelenghts 8 — 14um. Inside this window opaque clouds emit thermal radiation with
emissivity close to 1 and a near cloud temperature, similar to a black body. Therefore
Plancks radiation law can be used to obtain cloud temperatures from the camera
response.

Planck’s radiation gives a relationship between emitted spectral radiance of a black
body Ly, wavelength A and temperature T'. It states

2hc? 1

L\ T) = (1.1)

where h = 6.626 - 107! Js is the Planck constant, & = 1.381 - 1072* the Boltzmann
constant and ¢ = 2.998 - 108%. This relation can be used to obtain temperature values
from the sensor response of the infrared cameras, by assuming black body emissivity
¢ = 1 or measuring cloud emissivity in another way. The temperature obtained from this
relation by transforming the spectral radiance from the camera response to temperature
is less than or equal to the physical temperature of the clouds depending on the emissivity
e of the cloud and is often times referred to as brightness temperature [16].

Atmospheric temperature

As described previously there is a direct relation between height and temperature in the
troposphere, which can be used to approximate a clouds base altitude using the obtained
image information. The temperature values typically range from 15 °C to -56.5 °C as
defined in the international standard atmosphere (ISA)[23|. There are multiple options
to obtain a temperature height relation. For the most exact information one can use
data from a nearby radiosonde, which is rarely available.

The relationship can also be described using formulas. Since the temperature decreases
almost linearly in the troposphere, where most clouds are present, a first approach can
be to simply assume a linear temperature height relation. The ISA suggests the use of
an environmental lapse rate of dp g = —6.5%.

Other approximations vary with humidity and pressure ranging from dry lapse rates
TLRdry ~ —9.8C/km to moist lapse rates T moist & —4.5C/km. Note that the moist
lapse rate depends highly on location specific thermodynamics and can be lower [24].
Those approximations can yield acceptable results, however a more accurate approach is
to use reanalysis data. Reanalysis data combines measurements from weather stations
and simulation results from NWP models to provide accurate climate information which
is physically sound over a large scale area [25].

To detect the clouds correctly and accurately estimate a clouds temperature careful
and accurate radiometric calibration of the LWIR cameras is necessary. In the scope of
this work this is done by the company Miratlas. All the available calibration information
is given in section [3]
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1.4 Camera detections

This part briefly introduces all the objects and conditions that are observed in the visible
and infrared cameras. What the cameras show depends highly on the weather conditions.
Rain and snow can block the sensors and result in unusable images. Depending on the
infrared camera type those weather conditions can produce unwanted artifacts that
are visible even hours after the rainfall. Furthermore birds, animals and humans can
enter the cameras FOV and produce unwanted artifacts inside the captured images.
Such images are fairly rare but nevertheless present. More present artifacts include the
consequences of sand storms or hazy conditions. Those can produce soiling on top of
the cameras which only disappears after manual camera cleaning. The final artifact in
that sense comes from camera errors and false responses, leading to unwanted stripes or
different artifacts. How they are treated is discussed in section [3

Now that the artifacts have been mentioned, the actual monitoring possibilities are
described.

Visible light images can detect all kinds of clouds and cloud conditions. For a human
it is fairly easy to distinguish between aerosols, clouds and clear sky. Additionally it is
easy to detect contrails. Depending on the conditions and camera exposure time the sun
can yield very high scattering effects, making parts of the image hard to differentiate.
However to really distinguish all the conditions, the sky colors are important, and there-
fore the imagery is only suitable during day hours. For night time the exposure time
can be adjusted, so clouds can be detected, this however yields only a grayscale image,
which makes differentiating between different conditions a lot harder.

This is where one of the advantages of infrared imagery comes into play. Low and
mid level clouds are easily detected with very clear borders. However the sensors have
difficulties distinguishing highly transmissive clouds from clear sky atmospheric radia-
tion. Artifacts can appear in the same way as they do in visible light images, without
the presence of sun scattering effects. The cameras are not sensitive to flaring or halos.
They are however more vulnerable to humidity and when the captured scene is foggy,
the sensors yield obscured responses. Since the atmosphere itself emits infrared radia-
tion and the cameras have a high FOV where the atmospheric path is longer near the
horizon, there exists an elevation dependent radiation offset. The elevation dependence
is often described using airmass instead, which aims to describe the relative ratio from
the longer atmospheric path compared to the shortest one at zenith. This visual effect
is stronger the wetter the air is and needs to be considered when processing the images.
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2 State of the art

Now that the usage and necessity of a cloud Nowcasting system was introduced and
motivated, this chapter will turn to some previous works, that relate to the problem
at hand. A few basic terms and practices in the field will be introduced and previous
works done on the topic of ground based cloud observation, infrared cloud imaging and
Nowcasting systems will be discussed. Special attention will be given to the approaches
previously developed and examined at DLR that this work builds upon.

2.1 Ground based cloud classification

In the past there have been a lot of different approaches to classifying clouds in images
obtained from ground based cameras [26], [27, 28, |29 130]. Since the problem is very
complex, it is often times split into multiple subtasks. One of the most important tasks
is binary cloud segmentation and cloud cover estimation. A lot of works have been
published on different criteria which can be used to distinguish clouds from the clear
sky. Often times they use image statistics based on RGB channels. They range from
basic color criteria like the RB- criterion to more complex algorithms (OTSU, HYTA ...
[27, 31]) and since recent years the application of different machine learning techniques
(e.g. 32,33, 134, |18} 135]).

Algorithmic techniques

The algorithmic techniques make use of different statistical image parameters. Those
statistics can be used to apply thresholds to distinguish between clear sky and clouds.
One can use the fact that for clear sky conditions without aerosols the atmosphere scat-
ters more blue light than red. From this different color ratio criteria can be defined [29].
One of the most basic approaches is to take the ratio or difference between the red and
blue channel to define a threshold [29, 26]. Those fixed thresholding techniques yield
good results in single layer conditions with sufficient lighting, however often times mul-
tilayer cases are not considered and the ratios do not perform as well. More advanced
techniques use histogram thresholding combined with, for example, standard deviation
to better distinguish the clouds |27]. Hasenbalg et al. [31] benchmarked different thresh-
olding algorithms and improved upon the original HYTA technique.

A very general limitation using thresholding techniques is that they work well for
low aerosol conditions but struggle as soon as the conditions vary from the ideal and
the atmosphere is hazy. To tackle this issue clear sky Libraries (CSL) [36] are used for
reference for similar sky conditions. They consist of historical data for various conditions
and help a lot in segmenting hazy conditions, especially in near sun pixels and near the
horizon where more total aerosols are present due to a larger atmospheric path lengths.

Other techniques classify using graph cuts |28|. They work by considering the pixels
as connected nodes and weigh the edges between them using a cost function. If two
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pixels have similar value separating them has high cost and vice versa. The image is
then separated into two groups by finding the cheapest graph cut.

Deep learning techniques

Since the binary detection of clouds from ground based images is an image classifi-
cation problem many Machine learning (ML) techniques can be applied. One of the
first approaches by Taravat et al. |37] already indicated improvements over traditional
thresholding methods. Later convolutional neural networks (CNN) became the primary
used binary cloud detection model, due to their capability of extracting different cloud
features [34].

Other researches went on to distinguish the WMO defined cloud types |l inside visible
light images [33].

Fabel et al. [18] aimed to classify clouds into three separate height classes.

A big problem however remains the need for good ground truth data. There are always
new ways being developed in the topic of self-, semi- and unsupervised learning |13} |18,
38| or other ways to artificially enhance already available datasets [39]. However up until
now it was almost always unavoidable to label at least some of the data by hand, which
is not only time consuming but also expensive and prone to human errors.

2.2 Cloud height estimation

Another important cloud parameter is the cloud base height. It is used to validate
numerical weather prediction models [40| and climate models [41]. It is also of interest
for air traffic controllers in aviation [42|. For solar irradiance Nowcasting applications
cloud height is needed to accurately calculate the cloud shadow projection [43].

The most accurate cloud base height retrieval technique are Lidar systems also called
ceilometers. They work with a light backscattering technique and yield the cloud base
height for a single point accuracy of typically up to 30m. However for higher clouds this
error can get bigger to up to +-1050 m [44].

Other techniques include cloud radars, stereo camera systems, numerical weather
predictions or approximations from satellite imagery [45, 46]. Another approach is to
obtain cloud height from infrared imagery. This has mainly been done using satellite
imagery and cloud top height [47] but with the rise of ground based infrared imaging
systems this can also be applied to approximate cloud base height [48, |49, |50].

2.3 Infrared sky imagery

Infrared imagery has been used in the past for cloud detection purposes and different
researchers have considered using infrared images to obtain cloud base height information
[49 [51} [14]. Using infrared imagery for cloud detection is promising as motivated in [I]
but a clear distinction from clouds and clear sky is challenging. Fixed thresholds often
fail due to hazy conditions, fogs or aerosols and make detecting thin cirrus clouds hard
[52]. Other researchers opted to an adaptive thresholding strategy which is triggered
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using cloud lidar responses, which can detect high cirrus and aerosol levels [53]. This is
an option for processing the data, where ceilometers are available, however this is not
always the case.

Most other authors are using fixed empirical thresholds to detect cloud presence in
infrared images [51]. Another approach is to use atmospheric radiative transfer models to
calculate clear sky thresholds individually per image [54]. Similar to visible light cameras
wind information can also be used in infrared imagery to distinguish different cloud layers
[14]. With the rise of Deep learning methods they have also been applied with success to
infrared imagery |15} |50]. Sommer et al. [15] have used a U-Net architecture to segment
clouds in non-all-sky infrared images with high accuracy.

Just like in visible light images, most works used manually labeled data for training.

2.4 Previous works at DLR

The topic of Solar Nowcasting has been continuously researched at the Institute of Solar
research at DLR in recent years. There have been multiple different approaches making
use of all sky imaging systems in different ways.

The start of the series of works which this thesis builds upon was done by Yann
Fabel in his Master thesis [55] which was later published [1§]. In his work a semantic
segmentation model based on the U-Net architecture was trained to classify images
pixel-wise into four cloud height classes. Those layer classes were defined based on the
WMO definitions [20] and Sassen and Wang 56| and slightly adapted. Table (1| gives an
overview over those cloud height classes.

Within his work a hand labeled dataset containing 770 all sky images with pixel-wise
cloud layer annotations was created which is used up till now to validate new approaches.
The trained models achieve around 95% accuracy in binary cloud detection and a mean
intersection over union (IoU) of 74.6% for cloud layer segmentation on the test set. Two
enhanced pretraining methods were investigated which improved the mean IoU to over
80%. Some core issues in the topic have been recognized and addressed as the distinction
of adjacent cloud layers due to their visual similarity. Oftentimes this occurred between
mid and high layer classes, where both clouds contain a mix of water and ice particles.

Afterwards this was improved upon by David Magiera during his Bachelor’s thesis
[38, 35] who developed a semi-supervised learning approach in which ceilometer cloud
height measurements are introduced into the training of a layer detection model. He
created a dataset of over 47000 weakly annotated all sky images. The approach proved
to be successful and yielded mean IoU of 80.52 %.

Raphael Gut then took it further by using time series information to propagate the
original masks to enhance the dataset further [39]. The masks were propagated using
video segmentation models to artificially enlarge the hand labeled dataset by a factor
of 20. He showed that increasing the dataset like this can also increase model per-
formance compared to the imageNet pretrained cloud layer segmentation model. The
model achieved 79.4% mean IoU on the test set. Since images taken just a few seconds
apart often hold almost the same information, this approach needs careful consideration
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Class

Height Level

Cloud Genera

Characteristics

Detached, white, fibrous filaments,

Cirrus narrow bands
i . Thin, white, very small elements
High-Layer > 0 km Clrrocumulus without shading
. Transparent, whitish cloud veil,
Cirrostratus
fibrous or smooth
Altocumulus Whlte anc'l/ or gray, small elements
: with shading
Mid-Layer 1.8 — 8 km e =
Altostratus rayis /Blueish layer, fibrous or
uniform
Cumulus Sharp outlines, detached,
developing vertically, dark bases
Stratus Falr}y uniform gray base, no clear
outlines
Low-Layer 0—24km Stratocumulus Gray and/or whitish, visible
outlines
Cumulonimbus Heavy dense, large vertical extent
(over all layers)
Nimbostratus Gray (often darken) layer, can

extend to high-layer

Table 1: Classification of Clouds by Height Level and Genera [55|
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Input Camera distance | MAE RMSE Bias
Metas-Kontas (Training) 879 m 605.7 m | 979.7 m | -150.7 m
Metas-PVot 833 m 1648.2 m | 2383.2 m | -469.8 m
Mono-cam PSA - 1276.2 m | 16775 m | -774.1 m
Mono-cam Oldenburg - 32214 m | 3635.2 m | -1881.8 m
Cross-Correlation 879 m 1370.8 m | 2231.1 m | +186.8 m

Table 2: Error metrics for cloud base height estimation from [5§]

which data is used for training and validation to not unwillingly take influence on the
evaluation metrics.

Felix Hausler then implemented a fold split, optimizing the training-validation split
during an internship. This concludes the recent works on the topic of semantic cloud
segmentation.

The estimation of cloud base height is also researched extensively |57, |44]. Previously
cloud base height was calculated using stereoscopic Cross-Correlation. Geometric shifts
between different image sections and the knowledge of camera positions are utilized to
calculate the base height.

The most recent thesis by Franka Weiler [58] had a look at CNNs with multiple
input images, compared to a triangulation approach [57| and validated with ceilometer
data. The trained CNN uses two camera RGB images as input and approximates the
ceilometer measurement. Across all cloud heights the model reaches a mean absolute
error (MAE) of 605.7 m and a root mean square error (RMSE) of 979.7 m with bias
of -150.7 m. Generally speaking the model performs best in low-layer conditions with
decreasing accuracy for higher clouds. The evaluation was also performed for different
input images of which the results are summarized in Table

Although this work improved upon the previous approach for a given site a good
cloud base height estimation which is applicable to different conditions and different
geographical locations is still to be developed. This is the goal of multiple ongoing
projects including this one.

11
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3 Dataset

This chapter gives an overview about the available data and the hardware used to acquire
it. Afterwards it is explained how the data is processed and additionally filtered to obtain
a high quality dataset. In current state of the art deep learning methods the accuracy
of the model is highly dependent on the data quality. Therefore a lot of effort was put
into preparing the dataset.

3.1 Data acquisition

The hardware and sensor equipment to acquire the data used for analysis and train-
ing the machine learning model is spread over two different locations. One site is the
Plataforma Solar de Ameria (PSA) located in Tabernas, south of Spain. It is one of the
largest concentrating solar power research centers in the world and run by the Centro
de Investigaciones Energéticas, Medioambientales y Tecnoldgicas (CIEMAT). Since it is
located near the Tabernas desert it has very unique conditions with almost no precipi-
tation. The other site is located in Trauen, Germany. It is part of the responsive space
cluster competence center of DLR. Here the weather conditions are very different to the
ones near Tabernas. This can be estimated by looking at the yearly precipitation for
the two sites, being 772 mm for Trauen and 305 mm for Tabernas [59] [60]. Another
difference is that Tabernas is located near the sea where specific large scale weather
phenomena occur, which do not happen in Trauen. Additionally near Tabernas there
are often air conditions with high levels of aerosols and other small particles present.

The main reasons for using such different sites is the availability of infrared cameras
in combination with the goal of a resulting model that generalizes well and is applicable
in different geographic locations.

The cameras used for this work include All-Sky-imaging systems for visible light and
infrared radiation. The visible light cameras are standard security surveilance cameras
from Mobotix, which fulfill the boundary condition of creating a cheap sky observation
system. At the PSA the Mobotix Q25 is mounted, while in Trauen it is the Q71 model.
Such a camera can be seen in Figure [3

The long wave infrared cameras in use are managed and calibrated by Miratlas. They
provide the images already converted to temperature. This lack of control proved chal-
lenging during the work and will be addressed in the next subsection and will also be
part of the discussion in the end.

Table |3| shows different camera parameters for the infrared cameras.

Site ‘ Camera type ‘ Bandwidth ‘ Precision ‘ Radiometric calibration range
Tabernas External 8—14pum | +/—-2°C —40 to 600°C
Trauen Internal 8—12pum | +/—-5°C —5 to 60°C

Table 3: Camera specifications for the infrared cameras.

As already mentioned in the temperature of the sky in the troposphere varies
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Figure 4: Foto of the external (left) and internal (right) infrared camera types. Image

taken from .

between roughly -56 °C and 15 °C. Therefore the calibration range is not ideal for
our application. Additionally the error in precision can produce errors of more than
thousand meters when transferring temperature to height, depending on current weather
conditions. A rough estimate of the influence on the final result is given in

The camera type refers to the build version of the camera. External refers to a system
where a camera is pointed down onto a gold coated mirror creating the effect of an
effective LWIR ASI system with a field of view (FOV) of 180 degrees. This leads to
a fairly big region in the center of the image in which no information about the sky is
available due to the camera own reflection. The internal camera type has an fisheye lens
built in, leading to a direct availability of a 180 degree FOV. Figure [4] shows the two
cameras that have been used.

To validate the cloud height approximation a ceilometer is used. A ceilometer is a
cloud height measuring device, that enables detecting different particles in the air using
the laser distance measurement technique LiDAR. The available ceilometer CHM15k is

13
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located at the PSA and can measure the cloud base height of up to 3 different cloud layers
and up to 15000 m height. It is based on a single wavelength backscattering technique.
Additionally to measuring CBH it can also create aerosol backscatter profiles, measure
precipitation, cloud cover and distinguish clouds from fog [62]. It is accurate up to
15 meters. The measurement is still to be considered with caution because the errors
can increase with altitude as mentioned in Pl However since it is the most accurate
measurement available and is commonly used as the true cloud base height, its response
value will be assumed to be true in this work. This distinction into clouds and aerosols
will also be part of the analysis later, and can provide challenging conditions.

3.1.1 Camera calibration

The visible light cameras are setup, such that images are taken in a frequency of 30 second
time frames. They take images with different exposure times, to make detection of clouds
possible at different times of the day and for diverse weather conditions. The available
exposure times range from 80us up to 1280us. In the past the works done on this topic
focused on one fixed exposure time. In this work the option of combining multiple
exposure times to one single pseudo hyperdynamic range (HDR) image is explored as
well and will be discussed further later in this chapter.

The cameras also take images at night with higher exposure times, however those
images were excluded from this work. Since the main application of the model in de-
velopment is meant to be for solar forecasting applications, night time images do not
provide additional information, and make the processing even more time intensive, due
to the different image format.

Unfortunately the infrared cameras are setup to take images only every five minutes,
and even then not perfectly regular, making it impossible to match some images with
the ones captured from the visible light cameras. The low sampling rate also prevents
the use of cloud movement information between images. The option of using those cloud
shifts in between images to detect and segment clouds in normal and infrared imagery
to distinguish between different clouds is to be explored in the future, when a higher
sampling rate is available. Other authors partly used similar information successfully,
when higher capturing frequency was available [50] [14].

The temporal unalingment is different for the two sites of interest. In Trauen the
LWIR camera takes pictures with an exact frequency of one image every five minutes,
but the timestamp is not aligned with the visible light camera. It it offset by about ten
seconds.

At the PSA the frequency varies and is not set to exactly one image every five minutes,
leading to an offset of up to 15 seconds.

Additionally the PSA infrared camera is placed about 250 meters apart from the
visible light camera, making additional transformations necessary to create valid ground
truth masks.

The sensor of both infrared cameras is an uncooled microbolometer. The cameras are
then calibrated on 4 different temperatures on a hemispherical blackbody. A shutter is
used for non-uniformity correction.
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Figure 5: Angle definitions

The target emissivity used to obtain temperature values is ¢ € [0.95,1]. The exact
value and how it is obtained is not shared with the author. Emissivity can then be
used with the Planck Radiation law which has been introduced in[Il This results in the
parameters mentioned in Table [3]

Since the calibration is done by Miratlas and the hardware is originally from a french
defense subcontractor, there is no further information available on the calibration. Un-
fortunately this absence of information limits some processing and validation options.

In ASI systems the images are strongly distorted due to the high FOV. Hence to work
with the images, there is also a software-sided calibration required.

This is done using a code created at DLR, which makes use of the position of the
sun and moon inside the images to calculate the azimuth and elevation matrices of high
FOV all sky images. Those matrices provide pixel-wise information, to which position
in the sky a pixel belongs. Figure [5| shows the definition of those angles.

In the past this code has only been used on visible light images, which work with
multiple color channels. The calibration parameters for the visible light cameras in use
are already available, since they have been calibrated in the past.

To apply it on the infrared images, multiple challenges have to be overcome. First of
all, the moon is not visible in infrared imagery because it does not emit or reflect enough
radiation in this spectrum. Additionally the sun appears smaller in infrared images and
does not produce scattering effects, making it hard to detect it sometimes.

Finally, the infrared cameras where only mounted end of 2025, the one in Trauen in
October, the one at PSA produces correctly calibrated images since December. Therefore
only low elevation angles are represented in the data and sun elevation from spring and
summer times are missing, which complicates the process further.

Figure [6|shows a plot of the detected and theoretical sun positions after the calibration
has been successfully applied on the camera at PSA.
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Figure 6: Detected and theoretical sun positions for camera calibration between October
2025 and March 2026 at PSA

3.2 Preprocessing regression

Now that the pizel to sky relation is defined for the images, further processing can be
applied. This includes the handling of clear sky radiation, the conversion from tempera-
ture values to height, the transformation of camera frames and image filtering based on
boundary conditions.

To start of, obstacle camera masks are defined. These masks are used to remove
regions from the image that are not of interest. For the external infrared camera at PSA
this mask includes a big part in the center of the image, due to the above mentioned
camera structure. Additionally a zenith cropping angle 0,,, = 80° is defined. The zenith
angle resolution is very high for high zenith angles . For those regions there applies
very strong view distortion. Another reason for the usage of angle cropping is that the
clear sky subtraction in the next chapter works as a function of airmass which increases
drastically for high zenith angles # > 80°. This makes this region prone to higher errors.

Figure [7] shows a raw image and the cropped and masked result.
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Figure 7: Raw image and masked image

From this point onwards the masked image can be referred to as the raw image.

3.2.1 Clear sky subtraction

In section [1] it was introduced that the atmosphere itself emits radiation in the long
wave infrared spectrum. In section [2] different state of the art ways for calculating or
approximating the clear sky radiation were mentioned.

To tackle the elevation dependance of the clear sky radiation and enhance the image for
further processing Klebe et al. [17] ran multiple MODTRAN simulations to obtain the
clear-sky radiance as a function of PWV. They then showed that this clear sky radiation
is almost identical to the lower envelope of an infrared sky image in normalized radiance
units for standard atmospheric conditions. More accurately, the lower envelope of the
normalized radiance data per airmass coincides really well with their function of PWV
and airmass. They state that their clear-sky subtracted images are independent of the
conducted simulations, by just using the lower envelope of the normalized radiance data.
Additionally they introduced an offset term which depends on the radiation environment
on the imaging system.

In this work the approach is adapted and slightly modified.

Since the provided images are already given in physical temperature values, it is not
possible to recover the radiance response of the camera without knowing the exact cal-
ibration parameters. A normalized radiance image can only be obtained by assuming
the emissivity ¢ = 1 and using Planck’s radiation law to obtain a spectral emit-
ted radiance, which can then be normalized using black body radiation for a reference
temperature T,.y. After the conversion, a function can be fitted to the lower envelope of
the data. This function is then subtracted from the normalized radiance and converted
back to Temperature.

However since those calibration parameters are unknown their approach is slightly
changed while keeping the core idea the same. The images are already calibrated in
temperature values and since the clear sky radiance can be obtained from the image
envelope, it is not necessary to transfer it to normalized radiance.
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Figure 8: Pixel temperature vs. airmass data for December 09, 2025 16:13 UTC. Black
line is 2nd-order polynomial fit to lower envelope of the minima (red)

If the envelope fitting is applied to the temperature image directly it is a similar
representation, just in the form of temperature.

The only downside to this is that it is hard to embed a physical meaning to it. Since
the images are provided in physical temperature, the lower envelope is in the order of
roughly 250 K. A direct subtraction does therefore not work and makes the temperature
values incorrect. Instead the fitted second order polynomial ps;:(AM(#)) is moved such
that psi(AM(0) = 1) = 0 K and the temperature at zenith is not modified. This is
important to be consistent with the calibration of the camera which provides physical
temperature at zenith. Hence only the change of temperature with airmass AM (6) is of
interest and can be correctly modeled using the described approach. The airmass was
modeled using the formula by Kasten and Young

1

~ cosf+a(b+90° —0)—¢’

where 6 is the zenith angle, and a = 0.50572, b = 6.07995° and ¢ = 1.6364 are
empirically fit parameters. Figure [§ shows the fitted function to the lower envelope of
T(AM(0)). Figure[d|shows an example image before and after the clear sky is subtracted.
It also shows why a clear sky subtraction is necessary and how big of an impact it has
on the incoming radiation. The impact or ratio of the clear sky radiation changes highly
in between days, sometimes even in a few hours, depending also highly on the weather
conditions themselves.

The clear sky subtraction proves to be most challenging for very cloudy days, because,
the lower envelope approach assumes that for each airmass bin, there is a clear sky pixel
available. If the sky is covered in clouds this is not the case. Klebe et al. proposed the
usage of a x? goodness of fit criterion to ensure a well fit polynomial, where
prit(z;) is the function to be tested at discrete points 4, v is the degree of the polynomial

AM(6) (3.1)
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Figure 9: Raw temperature image vs clear sky subtracted image for December 09, 2025
16:13 UTC. The camera mask is set to the image minima for visualization
purposes.

and o is the standard deviation.

RS = prie(@)) £ 5 (3.2)

14 o;
i 3

If this criterion is under a predefined threshold the fitted polynomial is subtracted,
if not the previous polynomial equation is used. This is also incorporated in this work.
Additionally to that criterion another criterion is used which discards an image if the
previous fit is also not fitting well. This reduces the size of the dataset slightly, but
prevents nonphysical temperature values. Since in between days, there are no RGB
images available, this processing is for now only applied to daytime images. This leaves
a data-gap of a few hours each night, hence it does not make sense to start a new day
using a polynomial criterion from the previous image which was taken multiple hours
before. Therefore a third criterion is added where a weaker fit is allowed if no better
option is available. In that case a polynomial is fitted to only the bins for the higher
airmasses, because they have a higher probability of containing clear-sky pixels. The
fitted function is then evaluated on the whole lower envelope using a similar x? goodness
of fit criterion. This prevents the discarding of images in early-day hours.

Now that the elevation dependent clear sky radiation has been removed successfully
from the images, the pixel values correspond to actual sky temperature everywhere. In
the following it will be discussed how we can use that temperature information to obtain
knowledge about the cloud base height.

3.2.2 Temperature to height

As mentioned in section [I] the best option to acquire a relationship between temperature
and height is the use of a radiosonde. This is unfortunately not available at the locations
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where the cameras are located. Hence primarily, different linear lapse rates have been
investigated for simplicity. Other authors have used formulas for a moist adiabatic lapse
rate based on atmospheric pressure, temperature and the dew point [50] to improve
accuracy. Since basic ground based meteo data is available, this approach has also been
investigated. However since the PSA is located between mountains and near the sea in a
very hot and dry region there exists very complex winds and weather phenomena, that
also influence the temperature height relations.

Therefore for this work ERA5S reanalysis data on pressure levels is used |25, (66| for a
best possible approximation of the true relation. The Climate Data Store from Coper-
nicus Climate Change Service provides many meteorological variables hourly from 1940
until today. The data is gridded on a regular latitude-longitude grid and has a resolution
of 0.25° x 0.25° which is about 30km x 30km. The vertical resolution ranges from 1000
hPa to 1 hPa in 37 different pressure levels.

The provided variables include fluid dynamics parameters like wind velocity vector
components, vorticity and divergence, and meteorological variables like geopotential,
humidity, temperature and more.

In this work only the geopotential ® and temperature 7" data is used. Those variables
are close to the true values and have been validated for the eastern Mediterranean region
by Hassan et al. [67]. The values are assumed to be accurate to a similar degree for
southern Spain and Germany. The geopotential data is used to obtain a value for the
geopotential height z above sea level z = % where g = 9.80665%.

The data is interpolated bilinearly in between grid points to match the sites locations.
Additionally the data is also interpolated in time to match the exact timestamps of the
images.

Figure [10[ shows the height plotted over temperature for the environmental lapse rate
and the ERA5 reanalysis data for an example day in December.

For the chosen timestamp the assumption of a constant lapse rate is reasonable. How-
ever this is not always the case.

Furthermore there exists the phenomenon of temperature inversion in the troposphere.
While temperature typically decreases with increasing altitude, an inversion occurs when
a layer of warmer air overlies a layer of cooler air. In such a special case, the Temperature
to height mapping is not well-defined anymore, because a single temperature can yield
multiple heights, hence the mapping is not injective. However those conditions are very
rare at the observation sites. Additionally they occur mostly in the highest layers of the
troposphere, where infrared imagery is fairly limited anyways. If such conditions appear
the lower of the two heights is used for the mapping.

Now that a temperature height relation is defined, the image can be transformed into
height space.

Figure shows the previously obtained clear sky subtracted image and the same
image converted into height values for each pixel.

Two important remarks to the data have to be added. First, the presented height
conversion assumes that the measured IR temperature corresponds to cloud base height.
This is generally not true in two conditions. As previously mentioned the infrared image
assigns the temperature where the cloud becomes optically thick, whilst the ceilometer
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Figure 10: Height vs. temperature for December 09, 2025 16:13 UTC. For the environ-
mental lapse rate a reference temperature of 288K is used.
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Figure 11: Clear sky subtracted image (left) and height image (right) for December 09,
2025 16:13 UTC.
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measures the first point of contact. Additionally the clouds which are present at high
elevation angles far from zenith are actually photographed from the side. Meaning the
temperature is more representative for cloud side than it is for cloud base. Hence the
assigned temperature is not really cloud base height. For example a big cumulus cloud
photographed from the side ranges through multiple temperature layers. It is therefore
possible that multiple temperatures get measured for a single cloud. As a consequence
the conversion to height then does not get the cloud base height, but pixel-wise cloud
height. This will be observed, especially for low layer clouds, which often range into the
mid-layer.

Second, the way the infrared cameras are calibrated, they always return a temperature
value hence the conversion to height always yields a height value for each pixel. The
distinction of cloud and clear sky therefore becomes more complicated than in normal
RGB imagery, where the in section [2] introduced criteria can be used. The chosen
approach is explained after the camera frame transformation.

Height- validation Since the ceilometer measures the first contact points with water
particles, the measurements are sensitive to sudden changes, like very small holes inside
the clouds or single particles in the atmosphere on clear condition days. The lower
spatial resolution of the infrared imagery cannot detect small artifacts like this, which
is why the data is filtered for one layer conditions before comparing to image data. To
filter the ceilometer data, a ten minute window is defined. If two measurements inside
this time window vary by more than 1% with respect to the previous measurement, the
complete time window is discarded. This ensures that no small holes or random lower
clouds or haze are detected and makes the measurements comparable to the height maps
obtained by the infrared images. A mean of the ceilometer measurement inside this time
window is taken. An algorithm then searches for the closest infrared image timestamp
to the middle of that time window.

For the five available months of data, 1169 timestamps satisfy this condition and are
used for the comparison. Those days still include clear sky days which were excluded for
the height validation. To obtain a single comparison value from the infrared image the
ceilometer measurement is mapped into the infrared camera frame using its location and
the respective height measurement. Unfortunately except for very low cloud conditions
the sky partition measured by the ceilometer lies behind the obstacle camera mask. This
makes a direct comparison impossible. To circumvent this issue the closest pixel to the
mapped ceilometer coordinate is evaluated. This is not ideal, but since the timestamps
are filtered for one layer conditions, this approximation is valid and should not vary
much from the actual value.

Figure (12| shows the ceilometer measurements on the x- axis and the heights for the
closest non-masked pixel obtained from infrared image on the y-axis.

It is visible that the data does not fit well to the reference line. To improve the models
performance the data is calibrated to better fit the ceilometer measurements. The layer-
wise linear polynomial fits in Figure [12] overlap nicely with a 2nd order polynomial fit
g(x) through all the data-points. Hence this polynomial is chosen to calibrate the system.
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Figure 12: Calibration curve: Ceilometer measurements vs Infrared image height. Black

line is the reference, the colored lines show a linear fit for the different layers,
Red line is a quadratic polynomial fit
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| MAE | RMSE | Bias
1208.97 | 1716.76 | -554.51

Before

After | 1213.54 | 1587.69 | -38.87

Table 4: MAE and bias before and after calibration.

The data-points are transformed using the inverse of the fitted polynomial y/ = g~!(z)
to reduce the bias and MAE. The values before and after the calibration are shown in
Table [4] However this transformation can induce negative height values which is non-
physical. Therefore a correction is implemented, that maps all negative values from its
negative minimum ¢(0) up to a predefined ramp up threshold in this case arbitrarily
chosen to be the end of the low-layer height ~ = 2400 to the interval [0, 2400].

This prevents negative heights and still corrects most of the data to fit a better relation.
The applied function is then applied to all the image data.

Visualizing the data like this also raises a few concerns. For once the mean absolute
error is 1298.97 meters before the correction and 1213.54 meters afterwards and a quite
big spread can be observed in the mid layer range. This comes from error accumulation
up to this point. Starting with measurement sensor errors of +/—2°C which in mid-layer
region often translates to a height error of roughly 500 meters. This overshoot in mid-
layer might also be explained, by the fact that infrared imagery assigns the temperature
to the cloud at the point where it is optically thick while the ceilometer measures the
first point of contact. Low layer clouds are often filled with water and therefore there
is rarely a big difference between first contact point and optical opaque regions. This
changes for mid and high layer clouds which statistically speaking transmit more light.
However from ceilometer measures of 6000 meters and up most of the infrared image
heights are underestimations. Part of this might come from the nature of high layer
clouds and that they are hardly detected in infrared imagery in general. The graph also
shows that the infrared height rarely reaches values above 8000 meters. This might be
a calibration issue because clouds at that height reach temperatures below —40°C to
which the camera is not calibrated. Another explanation is the aggregation of dust and
aerosols inside the atmosphere up to those heights. Since infrared imagery is vulnerable
to hazy conditions, the accumulation of molecules might also cause this limit.

If a ceilometer is available, it might be the best approach to feed the ceilometer height
as additional input into the machine learning model, to not assume some polynomial
relations. The model could then learn a nonlinear relation itself. Nonetheless the large
spread indicates, that there will always be a quite big error range through sensor and
assumption errors.

Although the non-linear data correlation raises concerns, ML models are known to
generalize remarkably well. Since the errors are not simply additive white noise and are
instead linked to the intensity following a non-linear trend, traditional bias correction
alone is insufficient [68]. A ML model however can effectively map the noisy inputs to the
underlying physical trend [69]. Furthermore the inherent measurement uncertainty may
act as a natural regularizer, preventing model overfitting and encouraging the learning

24



3 Dataset

Visible light image Infrared image

Figure 13: Visible light camera image (left) and from the infrared image acquired height
map (right) for December 09, 2025 16:13 UTC.

of more general trends.

In addition the layers defined in Table (1| have a high range of multiple thousands of
meters, suggesting that the model output can be transformed to useful layer maps.

It has to be added, that this validation/ calibration is suboptimal, because there is
always only a single pixel value compared to a single measurement for a total of only
1169 images. Therefore the process is very vulnerable to faulty images and uncertainties
which for now can not be ignored, due to limited data. This process should be repeated
once more data has been gathered and additional filtering can be applied.

In the next step a camera transformation is needed.

3.2.3 Camera transformation

To use the images obtained from the infrared cameras as ground truth for a ML model,
the cloud structures need to match well inside the images. This is not the case without
any transformations. Figure shows a raw image at the same time stamp for the
infrared camera and the visible light camera at PSA.

Without any proper adjustments it is hard to tell which structure corresponds to
which, due to different camera domains. At the PSA the cameras are located roughly
260 meters apart from each other, making it necessary to account for parallax.

Therefore to match the structures inside the images of an infrared camera and a visible
light camera a set of rotations and translations have to be applied.

To achieve this a mapping F from the visible light camera domain €2,;; to the infrared
camera domain ;i is needed. Pixel coordinates in a visible light image are given by
the pixel coordinates in azimuth ., € [0,27) and elevation angle ¢, € (0, §]. To start
of, the camera coordinates are converted from latitude and longitude to the geocentric
coordinate system. The cameras position is then given as P,;s(x,y, 2). In the next step
the azimuth and elevation matrices from the calibration procedure are used to obtain a
unit directional vector vs(dus, ¥uis), that points to the information that is present in
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a certain pixel from the cameras position. This vector is given by

COS qbvis sin %%s
Voyis <¢vi87 1/}1)1'5) — COs ¢vis COS wvis . (33)

sin (bvis

This is then normed by dividing with the Frobenius norm ||v(¢ys, tis)|| to obtain a
unit vector. To transform the actual pixel values, we use the height information given
by the infrared image conversion in the previous step. This is essential such that the
mapping is deterministic. Since the height information h(dys, ¥wis) is only dependent
on azimuth and elevation angles with respect to where the cloud lies in the image, but
not the actual height information, it is only preserved correctly if h(dy;s, tuis) is divided
by the z-component of v,;s(duis, Yvis). The whole information is then preserved in the
following ray equation

Xvis - Pvis +

(3.4)

Arguments are omitted for visibility. The vector X;s(¢uis, Pvis) now describes the cloud
base heights obtained from the infrared image in world coordinates. Afterwards the
position is adjusted to the infrared cameras location and transformed into the azimuth
elevation space of that camera. This happens by adding the translation vector and
applying a world to camera space transformation. This transformation looks as follows

rrr = Xyis — Prr (3-5)
I'rr
VIR = ) (36)
[rzR]
Y = arctan 2 (UIR’x) : (3.7)
VIR,y
¢rr = arcsin(vip..). (3.8)

This defines the geometric projection F : (¢yis, Pvis) — (VIR target, PrR target), Which
provides the ideal angular coordinates in the infrared camera domain €2;z that corre-
spond to a specific pixel in the visible camera domain €2,;.

However, because the infrared image is composed of a discrete grid of pixels with
non-linear spacing due to lens distortion, F cannot be used for direct pixel indexing.
Instead, a set Sy is defined containing the angular coordinates (1, ¢,) of all valid pixels
p in the infrared image domain 2;z:

Sir = {(¥p, ¢p) | p € Pixels g, mask(p) = True} (3.9)

To retrieve the actual height value h;r, a nearest-neighbor optimization problem is
solved for every projected point. For each pixel in €2,;,, we identify the pixel index p*
that minimizes the Euclidean distance in angular space:

p* = arg min \/(wIR,target - wp)z + (¢IR,target - ¢p)2 (310)

PESIR
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To ensure the validity of the match and prevent the mapping of points that fall outside
the infrared sensor field of view, a distance threshold € is applied. The final mapped
height value h,;s in the visible domain is thus constructed as:

hIR(p*> if mianSIR H(wIR,targeta ¢1R,target) - (wpa ¢p)”2 < €, (

: 3.11)
NaN otherwise

hvis(¢m’s; (bvis) = {

This approach ensures that the parallax transformation is robust to lens distortion
and non-linear pixel mapping, as it relies on angular proximity in the physical domain
rather than linear interpolation in the pixel coordinate space.

To smoothen the result pixel defects are in-painted and binary erosion is applied
to the transformed camera object mask. Afterwards the mask is combined with the
obstacle mask of the visible light camera. Figure [14] shows the image before and after
the successful transformation.

Before transformation After transformation

Figure 14: Image in the original LWIR camera space (left) and the same image trans-
formed into the visible light camera space (right) for December 09, 2025 16:13
uTcC

Figure [I5] shows a flow chart of the important transformation steps.

1. Initialization 2. Projection (F) 3 D]\llicrfszllizz:t]on 4. Refinement Final
P,is,Pir = ECEF (——>| v,;s — World point X |——> —>| Filter by distance €  |—> ‘Warped

Height field h X = (Ytargets Prarget) KD?%;;Ze;ezrrlfhéi o Morphological masking Image

Figure 15: Flowchart of the image transformation

Now that both images have a representation in the same domain, the structures of
the clouds can be matched nicely.

Clear sky distinction To differentiate between clouds and sky a distinction method
is needed. Many different techniques were analyzed and evaluated ranging from fixed
thresholds, over dynamic histogram thresholding and many more. Since Miratlas also
provides some meteorological quantities in there Monitoring systems, a more physical
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approach is investigated, which uses the PWYV to calculate a threshold. PWYV is directly
related to downwelling infrared radiance as described in section . Liu et al. [53|
describe the relationship mathematically and suggest its use as a clear sky threshold. Mi-
ratlas already provides downwelling infrared radiance as a parameter for each timestep.
The downwelling radiance can be transformed into an approximated threshold temper-
ature using Stefan-Boltzmann law T = ( %)1/ 4 which can then again be transformed into
a corresponding height value. Everything below that height is identified as cloud, while
every pixel value above it is identified as cloudless. This approach gives reasonable re-
sults for some days, however for the majority of days this thresholding strategy did not
provide satisfactory thresholds. Oftentimes the temperature obtained from the conver-
sion is too high and more detail about the provided variables would be needed. However
those details are not shared from Miratlas in the scope of this work. This distinction is
not accurate enough to train a ML model.

The most accurate solution found for this challenging distinction is to use the current
best segmentation model on the visible light images. The binary segmentation already
yields very good results with an accuracy of 0.949% [39]. However to not inherit too
many errors from the old model, the results are used to calculate a clear sky threshold
for the infrared obtained height maps, instead of using the binary map directly. To do
this the clear sky regions from the binary segmentation are evaluated on the infrared
image. Depending on the size of the region, the lower percentiles of this region are used
as a clear sky threshold for the height map. This percentile approach is necessary to
avoid clouds that might be inside those regions due to the offset in the infrared data to
impact the threshold negatively. This thresholding approach turns out to work really
well and also helps detect high layer cloud one layer conditions, that the pure infrared
image does not distinguish from clear sky on its own. Figure[16|shows an example image
of the thresholding technique.

ASI image Old model Clear sky height  Clear sky mask

“
¥

M

Figure 16: Demonstration of the clear sky masking using the old model. From left to
right: Input ASI image, segmentation result from current RGB model, height
in clear sky masked region, obtained clear sky mask using percentile thresh-
olding.

One drawback of this approach is the need for a segmentable RGB image. Currently
only RGB images with enough lighting can be accurately segmented making a clear
sky distinction during night impossible. However this motivates the need for an IR
segmentation model even further.
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Not all images provide good enough information to identify the same clouds in RGB
and infrared accurately. Why this is the case and how the data is filtered and adjusted
accordingly is explained in the next chapter.

3.3 Data distribution and filters

The performance of a ML model is directly dependent on the quality of the dataset that
is used to train the model. Before the details of the ML model are discussed an overview
of the dataset is given.

Multiple models were trained using either images for just one of the cameras or both
of them combined. The height-distribution of the different site datasets is displayed in

Figure [17]
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Figure 17: Pixel-wise height distribution of the dataset without brightness filter. All
images combined (blue), at Trauen (red) and at PSA (orange).

It can be seen that the low layer peak up to 2000 m is almost solely from the images
of the Trauen camera in Germany. This influences the performance of the different
model runs when it comes to detecting different cloud layers which will be seen in the
evaluation.

Ideally the dataset would be more evenly distributed. Visual observation of the dataset
shows, that a lot of the images are very dark, due to a combination of low sun elevation
and low cloud conditions in Germany. Those images do not provide a lot of useful
information, hence they can be filtered from the dataset. This is done using a simple
mean intensity threshold on the visible light camera images. However this brightness
filtering removes a high percentage of the Trauen images, indicating that more data from
summer months is needed to represent the Trauen site meaningfully. As a consequence
getting useful predictions for sites further North is challenging in winter months.

A possible solution to this is described in the upcoming section.

To enhance the dataset further bad images are extracted and removed by multiple
filtering operations. The first filter is already mentioned in (3| which filters out data where
the elevation dependence of the clear sky irradiation can not be estimated accurately.
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A big problem inherent in how the data is captured from Miratlas is that the times-
tamps do not align with the ones of the visible light cameras. Naturally clouds move in
the atmosphere with different speeds that are mostly unknown. This bad synchroniza-
tion makes a lot of images have non matching cloud borders, because the closest visible
light image timestamp is up to 15 seconds apart from the infrared image.

Figure |18 shows an example of such a timestamp. For visualization purposes a third
image is added where a height threshold is applied.

ASI image

at

Overlay

-

.

Figure 18: (Visible light image (left), normalized height map obtained from infrared im-
age (middle) and a threshold overlay to visualize the difference for December
18, 2025 12:02 UTC

As an attempt to improve the data quality multiple models will be trained, some with
the following filters applied. One approach for filtering is to simply only consider images
for which the timestamps align well and the difference is under a predefined threshold
in this case chosen to be 3 seconds: |t;gr — tyis| < 3s. This is only applicable to the
images obtained at PSA, since the images in Trauen have an almost constant offset of
At = 10s. Applying this reduces the number of usable timestamps from PSA drastically
from 7616 to only 1765. A different approach to filter these images is to imply wind based
conditions and use the available ceilometer data. The Miratlas sky observation system
provides ground measurements for wind speed. Those are used with fixed thresholds
to throw away images in which ground wind speed and the time difference between the
images are high. In reality the wind speed at the ground is not necessarily comparable to
the one at a clouds height, but it is the best approximation available. Additionally those
thresholds are adjusted if the cloud height measured by the ceilometer is low, because
the movement of low layer clouds is more visible in the image than that of clouds that
are located higher. Since there is no ceilometer available in Trauen and the timestamps
are offset by almost constantly 10 seconds the filtering is applied relying on the ground
measured windspeed only, not incorporating cloud height or temporal offset.

Because the images use different channels it is in general challenging to find suitable
metrics to decide if a shift is present or not. Some approaches to reduce shifts (e.g.
Optical flow applied to cloud edges) have been investigated, but did not always improve
the positions as desired. Hence the evaluation of the thresholds is done visually by
manually checking examples of the dataset.
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A combination of brightness and wind filtering reduces the dataset size from 3429
available infrared images to 609 usable images for Trauen and from 7616 to 3792 for the
site at PSA.

Additionally a few images do not have good quality due to different anomalies captured
by the cameras as introduced in [I] Those range from waterdrops on the lense in rainy
conditions, snow or ice blocking the lense in winter, over soiling through dirt or sand up
to people, animals or insects blocking part of the viewing field. Further there are camera
errors that happen fairly frequently and make the affected images unsuitable. This is
problematic because those objects are not present on both cameras, hence the ground
truth obtained from the infrared image is not comparable to the input image from the
visible light camera.

Figure [19| shows examples for present anomalies and errors in the infrared camera.

Person Camera error Raindrops

Figure 19: Example images of captured anomalies in infrared cameras, a person (left),
an error (middle) and raindrops (right).

The detection of such anomalies is in general challenging as well, especially in one
channel images where anomalies can look very similar to clouds. However in recent
years good object detection systems and models have been developed, that can detect
predefined objects with high confidence |71} 72]. In this work a YOLO11 [73] nano model
is trained on close to 400 manually labeled images per camera. It is trained to detect
covered lenses, false images with camera errors and a spot class is added which prevents
misclassifications due to camera spots that are not weather dependent. The YOLO
model performs reasonably well and detects 67 % of covered lenses correctly sometimes
confusing them with the background. Camera errors are detected 80 % of the time. It
is assumed that this filtering improves the model quality a lot more than the additional
few misclassified images would since a lot of unusable faulty images are excluded.

Note that there are some additional enhancements to be made for the dataset in the
future once there is more data available. For example the data should represent different
sun elevation angles spread all over the year. Furthermore some weather phenomena are
maybe only present in specific times of the year which are now not present or overrep-
resented in the data.

31



3 Dataset

3.4 Input images

The model input images are the visible light All sky camera images. In previous works
a fixed exposure time was used for the input images. This was set to perform better
than varying the exposure times between images [55|. However if different sites should
be used for the training of the model a fixed exposure time is not ideal. Due to the
higher latitude in Trauen the sun elevation angle is lower, leading to generally darker
images. In addition the local weather conditions favor low layer clouds as seen in Figure
[I7, which block even more light if a high cloud cover is present. This reduces the usable
images from Trauen drastically.

To tackle this issue one could use location dependent exposure times or combine the
exposure times to obtain a pseudo HDR image that combines different lightning to one
image.

In this work the same exposure time as for the previous best model is used which is
160 ps. This is needed to compare its performance to the old model which only works
with this exposure time. Additionally the 5 different available exposure times are used
to create such a high quality image using Mertens’ ezposure fusion method [74].

It works by taking the series of input images with different exposure times, then com-
putes for every pixel and every image how wuseful that pixel is. Pixel quality weight
is defined based on saturation and contrast information to surrounding pixels in addi-
tion to a term that addresses well-exposedness. This information is gathered in weights
which are added up across images for each pixel and normalized. The images are then
decomposed into a Laplacian pyramid, while the weight maps are decomposed into a
Gaussian pyramid. At each frequency level, the images are blended using the corre-
sponding weights. Finally, the pyramid levels are recombined to produce the output
image.

This produces an image with well-exposed shadows and highlights where sharp details
are preserved.

Figure [20] shows the 5 images captured with different exposure times and the result-
ing improved quality image using the described method for an example timestamp in
December.
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Figure 20: Images captured with different exposure times and the high quality image
using the exposure fusion method for December 04, 2025 12:20 UTC

One issue with this method occurs for weather conditions with low clouds and higher
wind speeds. Although most of those conditions were filtered before, there are still some
critical conditioned images present in the dataset. The exposure fusion method expects
every object to be at a constant position in the image, which is not the case for those
specific timestamps. Figure [2I] shows an example of such a problematic image.

Figure 21: Example images where exposure fusion is flawed.

This bad behavior does not occur often and there was no directly related negative effect
noticed when training the exposure fusion model. This might also be due to an already
present offset between the visible light and the infrared image for those timestamps.
Since both of them are vulnerable to higher wind speeds, the effects are expected to
occur on similar timestamps.

This concludes all the preprocessing steps to obtain high quality input as well as the
best possible output images. Now the dataset can be split into training, validation and
test datasets.
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3.5 Datasplit

Due to the nature of sky imagery timestamps close to each other can look similar if the
clouds are not moving fast. The ASI system also captures a broad FOV such that pixels
near the horizon do not change a lot even if the images are taken a few minutes apart.
This makes it necessary to split the dataset by days to avoid the model seeing images
during training that are very similar to the testing data.

However this datasplit by day is only done for the test set. This is due to the limited
data availability so far. Often times cloud formations vary only in large scale time
windows. Removing specific condition days from the training set could influence the
models performance on those specific conditions negatively because those type of cloud
formations could then be underrepresented or even never seen by the model. Hence for
now the validation set is not sampled per day. This should not negatively impact the
training, because the frequency is of at least 5 minutes, often times more due to the
previously applied filtering process.

The test set consists of seven manually selected days with different conditions at PSA,
to make an unbiased evaluation for all of them possible. Those include clear sky, high
layer, low layer, and multi layer condition days.

Example images are shown in Figure

High Low Multilayer

Figure 22: Example ASI images from the test set. High layer (left), low layer (middle),
mixed conditions (right)

The remaining images are randomly partitioned into training and validation sets using
an 80/20 split. This way the pixel-wise height distribution stays the same in the training
and the validation split. Figure shows the pixel-wise height distribution for the
different splits for the combined PSA Trauen dataset, normalized with total pixel count
of the dataset.

The manually selected test days do not follow the same distribution. This is because
the split is created day-wise. Also there is a lack of low cloud images, because the test
days are only selected from the PSA site.

This concludes all the data preparation steps for training a height regression model.
The data can now be used to train a ML model which is thematized in the upcoming
section after explaining the infrared segmentation preprocessing shortly.
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Figure 23: Pixel-wise height distribution normalized with total pixel count of the com-
bined PSA and Trauen 160 exposure time data. Colors show the different
splits.

3.6 Preprocessing IR segmentation

To prepare the infrared data to train a binary segmentation model, not as many steps
are necessary. It is even preferable to not overload preprocessing of the input images for
real time applicability. The necessary steps consist of masking, cropping, subtracting
clear sky radiation, sun masking and, to create ground truth data, it is also unavoidable
to transform the data to the visible light camera space. The data does not need to be
transferred into height space.

All mentioned steps follow the same logic as described for the regression data prepara-
tion and are summarized here for completeness. First the image is masked and the zenith
angle is cropped at 8 = 80° Then the clear sky radiation is determined using the same
criteria as previously and afterwards subtracted. The image is then transformed into
the camera space of the mobotix camera and the images are resized to 512 x 512 pixels.
To generate ground truth data, the current cloud segmentation model is applied to the
respective visible light image. The infrared image is evaluated in the regions where the
segmentation mask classified clear sky. Based on what percentage of the sky is classified
as clear, a certain percentile is chosen and the infrared temperature is thresholded at
that value. Everything below is set as clear sky and every pixel value above as cloud.
This defines the ground truth data for the binary classification task.

The steps above are applied to all available dates between December 2025 and April
2026 for the data acquired at PSA. The test set consists of the same preselected days.
Since the lighting conditions do not play a role in infrared imagery and the input and
target images lie in the same camera space, additional data filtering is not needed.

After the successful preprocessing the data is now prepared to train a ML model.
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4 Deep learning

In the previous section a lot of steps were taken to prepare a high quality dataset for
deep learning methods. The ground truth is obtained from the temperature calibrated
infrared images and the input images are prepared to obtain the best possible solution.
In the following the chosen model architecture as well as the selected loss functions are
described.

4.1 Model architecture

The previous best model trained for semantic cloud segmentation is a Convolutional
Neural Network. CNNs are very wide-spread architectures and known for there excellent
feature extraction capabilities. In general they consist of a combination of convolution
and pooling layers chained after another. Each convolutional layer convolutes the image
or the output from the previous layer to detect features. This happens by sliding one
or usually multiple kernels over the matrix of numbers and returning the output of
those predefined kernel operations. All of these operations are linear, however real
world data is mostly non linear. To enable the model to learn complex patterns non-
linearity is necessary. This usually happens by applying a rectified linear unit (ReLU)
ReLU(z) = max(0,z). By mapping all negative values to zero, this operation introduces
nonlinearity at x = 0. Afterwards the pooling layer reduces the contained information
to the essential. This is used to reduce spatial size and make it translation invariant.
The most common operation to do this is maxpooling, which simply slides a predefined
sized window over the feature map and saves only the maximum of the window in a
new matrix. The layer weights get adjusted during the training, such that the model
learns, which dimensions and parts of the image are important and which structures are
present.

To obtain a prediction of the same size as the input image the convoluted layers need to
be upscaled again. This usually happens using a combination of interpolation upscaling
and skip connections to keep structural information from early convolution layers. The
exact architecture varies for specific use cases. This convolutional structure allows the
model to learn spatial features and detect structures and edges. They are known to
perform excellent for image classification and semantic segmentation tasks [75], which is
no different for cloud segmentation. The current best model at DLR uses a DeepLabV3+
[76] architecture with a ResNet-50 [77] backbone. This is also the architecture used in
this work. Because the approach in this work follows the concept of image regression,
a slightly adapted DeeplabV3+ architecture is used. By deactivating the final sigmoid
function in the classifier head, the model is fully functional for pixel-wise image regression
tasks.

Nevertheless clear sky distinction can not solely be achieved using a single regression
head. Therefore a second classifier head is used for binary cloud detection, and on all
cloudy pixels the model is trained to learn the cloud height. This enables the model to
distinguish between cloud and no cloud and additionally predict cloud height.

36



4 Deep learning

As a model output a mixed map is produced, giving a binary segmentation and pre-
dicting cloud height for every cloud pixel.

Figure [24] shows a general schematic of the used model. For the exact architectural
design of the DeeplabV3+ model it is referred to the original publication [76].

Classification Binary Mask
> Head >
L (512 x 512 x 1)
DeepLabV3+ Sigmoid
Input Image
>| Encoder-Decoder |—
(512 x 512 x 3) (ResNet50) :
R Reilr es:,llon - Height Map
” e (512 x 512 x 1)
Linear

Figure 24: Schematic of the ML model in use.

For the binary cloud detection model from infrared images a similar architecture is
used. The only difference is that the input images only have one channel and a regression
head is not needed.

4.2 Loss functions

The learning process of the CNN is driven by the optimization of a loss function via an
optimizer. By calculating the gradient of the loss with respect to each weight through
backpropagation, the model iteratively updates its parameters in the direction that
minimizes the cost function, thereby converging toward a more accurate representation
of the target data. The goodness of the model therefore directly depends on the selection
of a well-suited loss function. Those depend highly on the application and the goal of
the model. In this case the model needs to perform two tasks, each needing its own
loss. For classification or segmentation tasks like the binary detection of clouds a typical
loss function is the binary cross entropy (BCE) loss. It encourages correct probability
predictions pixel-wise and works really well when both classes are balanced. If there is a
slight class imbalance it is often combined with the dice loss. It focuses on overlapping
predicted and true masks. This means BCE ensures pixel-wise accuracy, while the dice
loss gives good global mask shape results. They are defined as follows:

N
1
Lpcr = N ( yilog(p:) + (1 —y;) log(1 — pi)>7
— o~ g g
positive class negative class (41)
2 ZZ DiYi

EDice =1- ~— _ | -

E@' Di + Zl Yi
where p is the predicted probability, y the true label, and N the total number of pixels
in the images in the batch.

For the regression task a different loss is needed. Since the clouds in input images
and ground truth masks often do not match exactly a L1 or L2 loss penalizes inherent
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dataset problems strongly often leading to bad convergence. Hence an additional loss is
chosen that tries to match structures, the so called structural similarity index (SSIM) loss
[78]. It is combined with a gradient and L1 loss to improve cloud boundary regions and
nonetheless provide good pixel-wise height information. The Regression loss definitions

are as follows
| N
L= N Z |pi - 9z'|7

N
1
Loras =5 2 || VP =196 (42)

(ZMpNg + Cl)(QUpg + Cy)
p2 4 p2 4 Ch)(02 + 02 + Cy)’

Lssiv =1— (

where p is the predicted value for each pixel, g is the true value, N the number of pixels,

Iip, Hg are local means, o7, o7 local variances and oy, the local covariance, Cy and Cs

are numerical stability constants. |VP| = \/(G,(p);)? + (Gy(p);)? + €, where G, and
G, are the horizontal and vertical Sobel gradients and e is added for numerical stability,
analogous for |VG,;|. The SSIM Loss is always calculated using Gaussian weighted sliding
windows.

This combination with structural loss functions, based on gradients or structural sim-
ilarity index prove to be effective especially for multilayer conditions where distinctions
between lower and higher clouds are needed. Using only L1 Error tends to blur the
clouds edges and the cloud borders are hard to distinguish.

The different loss functions are combined to a total loss

£total = Oé(ﬁBCE + £Dice> + ﬁ‘cLl + 7£SSIM + (Sﬁgradu (43)

with coefficients « = 0.5, =1,v=1and § = 0.2.

Other hyperparameter combinations have not been fully tested, and there might be
better choices available. However further investigation only makes sense, once the hard-
ware synchronization is executed, such that cloud borders can be expected to be captured
well by the model.

The binary cloud detection model is trained using a combination of BCE and dice loss
Ebinary = EBCE + EDz'ce-

To accelerate convergence, a learning rate scheduler was employed in conjunction with
the AdamW optimizer. During most training runs convergence is only reached after the
learning rate decreases from its starting value of LR = 0.0001. The setup is hereby
complete and in the next section the results will be discussed.
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5 Experimental results

In this section the experimental results of the work are presented. The model is val
To guarantee the robustness of the results, a multi-faceted validation approach was
adopted. The direct model performance compared to the ground truth will be discussed.
Furthermore the models performance will be evaluated in predicting the correct pixel-
wise height value for the same timestamps used in [3| to validate the height conversion,
based on ceilometer measurements. Afterwards the model output will be transformed
to the WMO predefined height layers [I| and the performance will be evaluated on the
original hand labeled dataset. Finally a short error analysis and discussion is performed
to track down sources of error and get an estimation how many errors accumulated over
the whole process. The infrared cloud detection model will be evaluated on the test set.

5.1 Model validation

To start of the model will be evaluated in how successful the training procedure is. To
do this the following Error metrics are used. To determine if the clear sky regions are
detected correctly the intersection over union is evaluated. In terms of binary classifica-
tion components, this can be expressed as the ratio of True Positives (TP) to the sum of
True Positives, False Positives (FP), and False Negatives (FN). For all cloud pixels the
regression is then evaluated using the mean absolute error, the root mean square error
and the bias. They are defined as follows

TP
IoU =
°“ T TPfFP+FN’
] — X
MAE:EZM—%L
=1
| (5.1)
RMSE = | = D — )2,
n;(y 7i)
. 1« .
BlaSZﬁZ(yi_yi)a
=1

where n is the number of samples, y; represents the ground truth value, and g; represents
the predicted value for the i-th sample. The MAE measures the average magnitude of
the errors. The RMSE is a quadratic scoring function that also measures the average
magnitude of the error, but it penalizes outliers heavier. Bias indicates whether the
model systematically over-predicts or under-predicts the target value. For pixel-wise
regression tasks this is a common set of evaluation metrics that give good understanding
about the models performance.

Five different models are evaluated in this section. They all share the same architecture
and loss functions but differ in the datasets on which they are trained. The first one
(PSA 160) is trained on all available images from PSA with exposure time 160 us without
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applying timestamp filtering as described in section . The second one (PSA Trauen 160)
additionally incorporated data from Trauen. The third (PSA Trauen 160 dt filtered)
and fourth (PSA Trauen 160 wind filtered) one apply fixed time stamp filtering or wind
speed filtering respectively. The last one uses all available images from both sites but
using the exposure fusion input images (PSA Trauen HDR).

The MAE, RMSE and Bias for the different model runs on the predefined test set are
shown in Table [

Model IoU MAE RMSE Bias
PSA 160 0.740 | 943.06 | 1171.63 | -389.77
PSA Trauen 160 0.775 | 86&8.16 | 1070.94 | -254.17

PSA Trauen 160 dt filtered 0.758 | 1109.2 | 1361.41 | -734.16
PSA Trauen 160 wind filtered | 0.773 | 949.03 | 1196.81 | -184.63
PSA Trauen HDR 0.777 | 834.90 | 1040.14 | -232.07

Table 5: Model performance of the different runs.

For some models the bias reaches high values, but a correction is not yet discussed or
applied before evaluating the performance compared to ceilometer measurements. To
analyze the sources of errors and get insight of potential problems multiple diagnostic
plots are created. First of all the binary cloud detection is evaluated using a confusion
matrix. It shows how well the model predicts which class, showing all combinations of
false negatives, true negatives, false positives and true positives. The row-normalized
(recall) version for the best model from Table [f is shown in Figure 25 It shows, that
the classes are detected with good accuracy.

To investigate the pixel-wise height prediction performance a hexbin plot, shown in
Figure 20] is created, that shows predicted vs true heights for all pixels in the test set.

The general trend follows the ideal red line, which symbolizes the ideal ratio of one to
one. Nevertheless there are a few problematic regions to be mentioned. First, the model
seems to be incapable of predicting heights below 1000 meters. There are close to no bins
in that region, while there are a lot close to 2000 meters predicted height. This suggests
that all values below 1000 meters are predicted to be in the range of 1000 to 2500 meters.
Interestingly, those bins do not appear in datasets without Trauen images, indicating
that this might be due to a calibration step during preprocessing. This is likely related
to the calibration curve [12] which uses only PSA data. Due to the unavailability of a
ceilometer in Trauen, this is the best available option, but it might negatively influence
the performance at other sites or using other hardware. This is to be investigated in the
future. Second, there seems to be an accumulation of data-points at predicted height
8000 meters and above. This might be explained by wrongly misclassified non cloud
pixels which are assigned high layer cloud heights. Furthermore, the ground truth as
well as the model output never go above 10000 meters. This is likely due to the infrared
data not following the ideal trend in Even after the calibration, the pixels above
10000 meters are classified as clear sky and hence are not represented in the graph.
Lastly, the spread from the red line can be quite big, especially in mid layer regions.
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Figure 25: Row-normalized confusion matrix for the PSA Trauen HDR model

This might be explained with the gradient problem in the model output. Cloud border
regions do not represent the cloud base height well. This is inherit to the data, because
cloud borders thin out and hence are more transparent, yielding a smaller temperature
response in the sensor and ultimately a greater height. But the bigger problem is the
data offset from RGB to infrared image. This makes it impossible for the model to learn
the borders correctly, and makes the prediction blurry near the cloud edges. The height
prediction almost always has high gradients in border regions across all cloud heights.
Since it learns that cloud border regions have high gradients, the model struggles to
predict small clouds correctly. It detects them but does not always assign the correct
heights. This is likely due to every cloud pixel being close to a border, hence over-
predicting the whole cloud. To illustrate this a few examples from the test set are shown
in Figure

It shows the input image, the target, the prediction as well as the error heatmap
of target height minus predicted height. The height plots are normalized to enhance
contrast.

As hypothesized the biggest errors occur near cloud borders or for very small clouds
that get highly over-predicted. Especially isolated small low layer clouds yield high
errors.

Generally speaking the model performs worse in less light conditions or image regions.
This includes times with low sun elevation or fully covered skies with low layer clouds
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Figure 26: Hexbin plot for the PSA Trauen 160 model

as seen in the first row of Figure 27 The model can detect the low clouds fairly well,
however since the whole image is quite dark it has problems distinguishing between the
lower and mid-layer clouds. This is to be expected, since the model cannot extract as
much detail and is one of the main reasons why the enhanced image model is trained
in the first place. However for regions that remain without a lot of light even after
enhancement, an accurate prediction is difficult.

To further analyze the bias a histogram of the error distribution is plotted for the test
set. It is shown in Figure [28|

The peak of the histogram is slightly shifted to the negative side, yielding the bias
of -232.07 meters. Interestingly the curve looks like a cutoff gaussian distribution. It is
hypothesized that this is induced due to the cloud border gradients. They are higher in
regions where a low layer cloud is adjacent to high layer clouds or clear sky, hence the
model over-predicts low layer cloud borders. The predicted height is greater than the
ground truth yielding negative bias. This effect is reduced if the adjacent clouds are high
or mid layer, where the gradient does not have a big effect on the absolute height value.
If the model under-predicts a cloud the cloud border gradients smoothen the output and
the model artificially improves in border regions yielding a smaller overall error.

In the next step the model performance is evaluated in regards to predicting actual
true heights as measured by the ceilometer.
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Figure 27: Error visualization, left to right: input image, normalized ground truth
height, normalized predicted height and error heatmap, white pixels represent
masked or clear sky pixels.
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Figure 28: Histogram of errors for the PSA Trauen HDR model, red line indicates 0 error

5.2 Height validation

To get some information about the goodness of the predicted heights the different models
are evaluated for the previously selected calibration timestamps in[3] Due to limited data
availability this is the best possible validation procedure without risking big ceilometer
errors. To begin it has to be mentioned that this comparison is far less than ideal. To
compare a single pixel value from a single prediction is bound to have high errors, as there
might be single pixels inducing great errors, as already seen in Figure 27} Nevertheless
there is no better comparison available.

The same 5 models from the previous section are evaluated in MAE, RMSE and bias
which are displayed in Table[6] The comparison follows the same procedure as during the
calibration process. Timestamps at which the model predicts clear sky are omitted and
removed from the comparison, reducing the available comparison windows even further.
The table shows the number of evaluated timestamps after reduction for completeness.

Model # timestamps | MAE | RMSE | Bias
PSA 160 276 1241.96 | 1569.47 | 183.88

PSA Trauen 160 265 1105.32 | 1402.04 | 184.76
PSA Trauen 160 dt filtered 284 1558.95 | 2025.26 | -715.19
PSA Trauen 160 wind filtered 304 1046.09 | 1375.08 | -399.76
PSA Trauen HDR 274 1691.4 | 2199.75 | -880.91

Table 6: Number of evaluated timestamps, MAE, RMSE and bias compared to ceilome-
ter measurements for the different models.

Interestingly the models trained using the 160 exposure time images outperform the
model trained on the enhanced images if no additional bias correction is applied. To in-
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Figure 29: Ceilometer measurements vs predicted heights. Red: The data-points and
linear regression line for the enhanced image model, Black: The data-points
and regression line for the mixed 160 exposure time model, Blue: Reference

vestigate this the predicted height is plotted over the ceilometer measurements, displayed
in Figure [29]

The pseudo HDR model often times underestimates the true height measured from the
ceilometer. It is hypothesized that this is due to the cloud colors being more equal. In
normal images the colors of clouds with different water content vary highly. This leads to
lower layer clouds appearing darker while high layer clouds are often very bright. In the
enhanced images this effect is softened. Since all the exposure times are combined, darker
regions or shadows are overexposed compared to brighter regions where the underexposed
setting is used. This shortens the overall contrast range. However since the previous
validation on the test set suggest that the HDR model overall performs better, it might
just be a difference in the pixel-wise ceilometer comparison. Unfortunately the true
source can not yet be determined since not enough data has been gathered. A more
relaxed time window selection and a repetition of the validation process with more data
might bring more insight in the future.

The linear fitted polynomial shows a different slope than the ideal behavior. This is
likely due to the data quality already observed in [8] Some bias was corrected before
training, however since the spread is so large it could only be corrected to some degree.
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An additional bias correction could be applied to the model results to minimize errors on
the tested timestamps. However after closer investigation, the bias changes throughout
the heights and also with time of the year. Therefore it is decided to not implement
a postprocessed bias correction, to prevent overfitting on the few available comparison
test timestamp data.

Again this might also be influenced by the limited data and pixel outliers that get
weighted too strong. The model is most likely improvable by recalibrating with more
available data.

5.3 Semantic cloud segmentation

Finally it is analyzed how well the height predictions can be used for semantic cloud
segmentation in a similar manner as it has been done in the previous height layer ap-
proach.

To do this the model is applied to the original hand labeled test set. It consists of 153
images that represent all kinds of different cloud formations. One downside is, that at
this point in time only a fixed exposure time of 160 us was used to capture the all sky
images meaning that no enhanced images can be created. As a consequence the pseudo
HDR model can not be evaluated properly. The evaluation will therefore be limited to
the non enhanced image models.

The models output height map is converted into different layers as defined by the
WMO in Table [II This is challenging since the layer definitions have big overlapping
regions, however the height map does not give information about which of the layers is
the one desired. This raises the challenge to which layer the pixel should be assigned. To
minimize this problem, the height prediction is first converted into a soft classification
map. This classification assigns the low, mid or high class if the pixel value does not lay
inside an overlap region, like a normal classification. If the value is inside this overlap
region, both classes are assigned and weighted based on the distance to the two classes.
A few examples from the original test set are shown in The model performs well
in binary cloud detection, in some cases even better than the currently used model.
The soft classification almost always assigns the mid-layer correctly. The general cloud
detection also yields very good results. High layer clouds are often well presented too.
However for a lot of low layer conditions and also some high layer conditions the high
gradients in the prediction make a clear class assignment almost impossible. To clarify
and discuss the issues Figure [31| displays some conditions in which a clear assignment
fails.

As mentioned before, the conversion to layer classes often fails for the low layer class.
This is mostly due to the border gradients. The model learned to predict high gradients
at cloud borders because the clouds often do not align well due to the inaccurate syn-
chronization of the timestamps. This behavior is worst for low layer clouds, because the
movement induces a high change in the pixel position. Often times the Cloud is detected
to be low layer in the center but then the gradients change that result to mid layer for
outer pixels. This behavior rightly completely ruins class-wise evaluation metrics which
can be seen in the confusion matrix in Figure [33] Some multilayer combinations of high
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Figure 30: Good examples from the original manually labeled test set for semantic cloud
segmentation using soft classification. From left to right: Input ASI image,
hand labeled ground truth, old model prediction, height prediction from the
PSA 160 model transformed using soft classification. Darker regions mark in
between regions, to enhance contrast to them.
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Figure 31: Bad examples from the original manually labeled test set for semantic cloud
segmentation using soft classification. From left to right: Input ASI image,
hand labeled ground truth, old model prediction, height prediction from the
PSA 160 model transformed using soft classification. Darker regions mark in
between regions, to enhance contrast to them.
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Figure 32: Bad ground truth examples from the manually labeled test set. From left
to right: Input ASI image, hand labeled ground truth, old model prediction,
height prediction from the PSA 160 model transformed using soft classifica-
tion. Darker regions mark in between regions, to enhance contrast to them.
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and low layer clouds are hance especially difficult, as can be seen in row one of Figure
Another issue to be discussed are the high elevation angles at which the infrared
temperature obtained does not correspond to the cloud base temperature. The model
adapted this knowledge and can therefore not predict low layer base heights for high ele-
vation angles. As mentioned in previous evaluations small clouds are especially difficult
as well, since they get dominated by the gradient problem.

Before talking about the quantitative evaluation metrics, it is mentioned that the
hand-labeled ground truth data is also not perfect. Especially hazy conditions are hard
to distinguish from clouds and especially hard to assign cloud layer labels. This however
has an impact on the evaluation metrics and results. Figure [32) shows and example for
the test set for similar conditions from the same day with differently assigned labels,
where the models predict more consistent output. The distinction in when a model
predicts hazy conditions as clouds also has strong influence on the evaluation. While
the current model often interprets haze as high layer cloud, which corresponds to the
hand labeled data, the new model often predicts clear sky.

The soft-classification is sufficient for visual comparison, however to get a quantitative
value to compare to other models this soft classification map needs to be transformed
further. TThe most straight forward approach is to assign the nearest class for all pixels
inside the soft classification regions. This allows class-wise comparisons using metrics
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Model mean IoU | clear sky | low mid | high

PSA 160 0.372 0.850 0.037 | 0.356 | 0.245

PSA Trauen 160 0.366 0.851 0.069 | 0.347 | 0.198

PSA 160 dt filtered 0.368 0.838 0.155 | 0.320 | 0.158
PSA Trauen 160 wind filtered 0.357 0.819 0.090 | 0.353 | 0.166

Table 7: Semantic segmentation mean IoU and class-wise IoUs for different models.

like ToU and confusion matrices. Table [7] shows the mean IoUs and class wise IoUs for
the different model runs.
For the combined camera model the row-normalized confusion matrix is shown in

Figure [33]
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Figure 33: Row -normalized confusion matrix for the PSA Trauen 160 model for the
semantic cloud segmentation

The results from the confusion matrix show good performance for clear sky and mid
layer class. The weak performance for low layer is assumed to be mostly related to the
cloud border gradients. Even though the middle of a cloud can be predicted well, the
broad borders are false yielding bad IoU. Additionally the high layer clouds often get
detected as mid layer too. This false prediction behavior aligns with the results from the
height validation. The smaller slope of the regression line in [29| already suggested that
most predictions will fall into the middle layer, over-predicting low and under-predicting
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high layer clouds.

A remark has to be made, that the height regression model might not preform as well
on the original manually labeled test set because it has data spread around the year
representing all possible sun elevation angles and maybe weather conditions that are
only present in summer or autumn. Those angles or conditions are not present in the
training data and have not been seen by the models.

5.4 Error analysis

Although the models yield good results for many different conditions, there are multiple
errors present that accumulate throughout the data processing. Those include sensor
noise, assumptions and estimations in the data preprocessing and model performance.
Since there are many possible error sources it is important to try to narrow down the
potential issues to there sources.

Previously it has been discussed that for large elevation angles the temperature mea-
sured by the infrared camera does not correspond to cloud base height because the cloud
is observed from the side. Therefore the assigned temperature is lower than that of the
cloud base. In this error analysis the large elevation angles will be excluded and only
the error with respect to ceilometer measurements will be discussed. For large elevation
angles it is open to discussion which behavior is desired. For shadow projection for
example it would be more important to have the height of the obstacle in sight and not
necessarily the cloud base height.

The sensor-induced temperature uncertainties range up to +/ — 5°C. Due to the non-
linear relationship between temperature and geopotential height z(T), this thermal noise
can translate into significant altitude errors; for the purposes of this analysis, a maximum
sensor-induced error of egeps0r &~ 1500 m is assumed. It should be noted that potential
calibration drifts at low temperatures may further increase this uncertainty for high-
altitude cloud layers. The way the clear sky subtraction is handled it does not influence
the temperature near zenith but might be a source of errors for higher elevation angles.
If the clouds base height already has a high error or the clouds are extremely low, the
transformation could theoretically move a pixel from higher elevation angles near the
zenith. However this has not been observed for any of the visually inspected images,
hence those cases are excluded from the error budget.

A further source of error stems from the temperature to height conversion. While
ERAS5 provides a highly consistent global dataset, its spatial resolution of ~31 km intro-
duces representation errors for sub-grid scale phenomena such as the present localized
cloud formations.

To evaluate the reliability of the atmospheric Temperature profiles used in this work,
it is referred to the validation work by Hassan et al. [67], who compared ERA5 re-
analysis against radiosonde observations across multiple isobaric levels. Their findings
indicate that while ERA5 temperature remains highly accurate in the lower troposphere,
uncertainty increases at higher geopotential heights due to a decrease in observational
density. They analyzed this for different cites in eastern Mediterranean region and it is
assumed that the accuracy is of the same level for the site in southern Spain. From the
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plots they provided a maximum RMSE for temperature of er pras ~ 1.35°C is provided,
which corresponds to an altitude error of approximatelyer pras m =~ 450m which will be
used as an upper bound for the absolute error. The maximum RMSE for geopotential
height is €Z ERA5 = 30m.

Finally the intrinsic validation error of the model training itself must be considered.
Depending on the chosen configuration the mean absolute error ranges from 834.90
to 1109.2 meters before bias correction. Inside this analysis a representative error of
emoder = 1000m is adopted.

To estimate the overall error, the independent sources are combined using the root
sum square method:

— 2 2 2 2
Ctotal = \/esensor + eT,ERA57m + 6Z,ERA5 + €model

— /(1500m)% + (450m)2 + (30m)2 + (1000m)? (5.2)
— 1858.33m

This concludes the height error analysis and potential improvements are discussed in
section [6

5.5 IR detection model

Now the infrared binary cloud detection model is discussed. The validation is performed
on the same predefined test set. As metrics the mean IoU, accuracy = (TP+TN)/(TP+
TN+ FP + FN), precision= TP/(TP + FP), recall= TP /(TP + FN) and F1-score as the
harmonic mean of precision and recall are evaluated.

Table [§] summarizes the evaluation metrics for the test set.

mloU ‘ Accuracy ‘ Precision ‘ Recall ‘ F1
0.835 | 0910 | 0915 | 0.901 |0.908

Table 8: Evaluation metrics for the IR detection model

The model performs strongly in binary segmentation. The close alignment between
precision and recall suggests a well-balanced classifier that effectively captures cloud
boundaries without significantly overestimating their extent. The row-wise normalized
confusion matrix is shown in Figure [34}

Figure [35] shows some example images for the binary infrared segmentation.

After analyzing a few images the highest errors occur for either high layer conditions,
where infrared imagery comes to its limits or for complex multilayer conditions. In those
multilayer scenarios where one cloud is very low and has a high temperature, the back-
ground is covered with a cloud of a lot lower temperature. An example is shown in the
last row of Figure 35 For the model this appears quite similar as a low cloud in front
of clear sky (compare to one row above), especially when we account for sensor uncer-
tainties. To further improve the performance in those challenging conditions additional
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Figure 34: Row normalized confusion matrix for the IR segmentation model

postprocessing could be applied in the form of temperature thresholds. However this
would most likely again worsen the results for high layer cloud conditions.

Unfortunately there is currently no validation data for nighttime images available.
The model has been applied to randomly selected nighttime timestamps and visually
observed with very good agreement. However to make an absolute and quantitative
statement expert annotations for a few images are necessary as there are some atmo-
spheric temperature changes at nighttime. It might come to temperature inversions
when the surface air cools faster than higher layers. The temperature changes also differ
depending on the height of a cloud. A combination of those effects lead to different
temperature responses in the infrared sensors. Although visually the data looks similar,
it likely differs in absolute values which are unknown to the model.

Nevertheless the results look very promising and suggest that cloud segmentation also
works well for nighttime applications.
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Figure 35: IR segmentation examples for different conditions. IR images normalized to
enhance contrast, yellow: cloud, turquoise: clear sky
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6 Discussion and conclusion

6.1 Discussion

In this work a lot of time was spent on preparing a high quality dataset, and it still
contains data-inherent issues that require hardware recalibration. The low capture fre-
quency and the bad synchronization in time and space of the infrared and visible light
cameras, make training a good model very challenging. The work and its result can be
improved upon by synchronizing the cameras so they take pictures at the same times-
tamps, increasing the amount of usable data. At the same time the capture frequency
of the infrared camera should be increased to 30 seconds. After conversation with Mi-
ratlas the sensor itself and the internal image processing does not last over a second,
so there is no hardware limit to the image capture frequency, theoretically allowing a
higher sampling rate. This would further increase the dataset by factor ten. Addition-
ally such a change in frequency enables the use of time information for layer detection
and improved segmentation [79]. The clouds can then be distinguished in multilayer
conditions by there movement vectors [14].

Furthermore it is not ideal, that the cameras at PSA are located at different weather
stations about 270 meters apart from each other. This introduces errors in matching
the images, especially when it is not known if the movement is due to perspective and
the camera parallax or due to wind conditions and temporal offset. Object matching is
already a challenge in cloud imagery, especially if the cameras capture different wave-
lengths.

All Error sources mentioned so far are theoretically easily preventable and the author
did not know about all the complications before the start of this work.

Ideally a camera system is available to which full control is available. This would close
loopholes that currently exist, when it comes to camera calibration procedures to which
no insight is given. Miratlas states that their cameras are calibrated so they respond with
accurate physical temperature values. They confirmed that the most known approach
of using Planck’s law is used to convert radiation to temperature however they did
not provide information about how a clouds emissivity is obtained. Additionally cloud
detection is easier achieved in infrared imagery if the camera is calibrated in multiple
IR channels instead of the whole range 8 — 14um.

This so called split window technique is commonly used in satellite imagery to deter-
mine sea or land surface temperatures [80, 81]. By using multiple channels the effect of
water vapor can be isolated accurately and hence could help distinguish thin ice clouds
from clear sky in ground based infrared images. However this could only be achieved
with a camera setup of which full calibration control is available.

Overall the height regression results presented in section [5| are satisfactory but far
from perfect. Especially the cloud border gradients and the related detection problems
for small clouds are expected to improve a lot with better matching data.

The infrared binary segmentation model performs very well and is expected to give
similar results for nighttime data. Nevertheless some manual annotated dataset would
be needed to put the night time performance into numbers.

95



6 Discussion and conclusion

6.2 Conclusion

This thesis was driven by the goal of using the newly available infrared all sky image
data to improve the current cloud layer segmentation model. Additionally the CBH
retrieval from LWIR data has been explored and a cloud detection system for infrared
cameras has been developed.

The infrared image data was preprocessed to ground truth height maps using the
temperature height relation obtained from ERAS5 reanalysis data. Two different CNNs
were trained, one to predict cloud heights from visible light images and one to detect
clouds in infrared images.

The best height regression model used a data filter for high wind speeds and dis-
tinguishes between cloud and clear sky with IoU = 0.773. It predicts the pixel-wise
cloud height with MAE = 1046.09m, RMSE = 1375.08m and bias = —399.76m for de-
tected cloudy pixels compared to ceilometer measurements with no clear height specific
error trend on the test set. In addition the possibility to combine multiple exposure
times to create enhanced image contrasts and detect clouds more easily has been ex-
plored. Compared to a fixed exposure time, the enhanced image model performed better
when it comes to pure model validation not against ceilometer measurements yielding
IoU = 0.777, MAE = 834.90m, RMSE = 1040.14m and bias = —232.07m on the test
set.

The predicted height maps were transformed to height layers using the WMO def-
initions from Table [ The best performing model was the one trained only on PSA
images and yielded mean IoU of 0.372 showing the limited layer distinction capabilities.
Visualizing prediction height over ceilometer measurements showed, that most of the
predictions fall into the mid to high layer range of 3000m — 8000m region. An error
analysis using root sum square method gives an accumulated error of e,y = 1858.33m
over all processing steps.

The binary infrared segmentation model performs strongly on the test set with mean loU =
0.835 and F1 = 0.908. Visual observation over multiple nighttime images suggests ap-
plicability during night, providing a nighttime cloud detection tool.

6.3 Outlook

It should be noted that the author initially aimed to investigate most of the topics
mentioned below. However, due to data acquisition challenges and time constraints, it
was unfortunately not feasible to explore all these topics in depth.

As mentioned, there are hardware calibration steps, that need to be taken before
further working on this topic. Those include time synchronization, spatial identity and
higher image capture frequency. Once those problems are resolved and those errors
are minimized the models should be retrained on the newly available data. During this
work the focus was compulsorily set to obtain an automatic high quality data acquisition
tool. This tool can be applied to newly generated data easily, so the dataset theoretically
grows by day. Afterwards there are a lot of additional topics that can be tackled.

For once those changes increase the dataset size drastically enabling the possibility to
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6 Discussion and conclusion

use different model architectures. In recent years there have been many breakthroughs
in image segmentation models one being the use of transformer based architectures [82,
83, 84]. A downside often times is the necessity of bigger datasets, but they generally
yield more accurate results in different benchmarks. With more available data those
architectures would be interesting to investigate.

Additionally the higher frequency capturing and use of cloud movement for layer
distinction looks very promising [14] and should be investigated further.

Miratlas stated that they are working on a reliable LWIR clear sky detection method
that should soon be available. Once this product is available it should be tested and
compared to the current clear sky distinction method. Maybe this product could even
replace the IR segmentation model.

Another interesting approach would be to incorporate cloud optical depth in the
pipeline. This can be obtained from infrared imagery [85] as well and could be of
use to improve cloud border detection.
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