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Abstract

Accurate cloud coverage forecasts in the Arctic are of increasing importance as declining
sea ice drives a rapid increase in human activity. However, cloud coverage observations
required for forecast validations remain sparse and pose significant challenges.

This study utilizes images of an all-sky camera located in Svalbard to enhance the avail-
ability of cloud coverage observations during the polar night. An image-based machine
learning algorithm is developed to extract the cloud coverage from these observations.
The resulting cloud coverage estimates are then used to evaluate the cloud coverage perfor-
mance of the numerical weather prediction model AROME-Arctic. While AROME-Arctic
captures the overall picture reasonably well, it exhibits notable difficulties in accurately

predicting the cloud coverage during cold air outbreaks.
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1. Introduction

Weather forecasts in the Arctic are of increasing importance with expected increase in
human activity due to the significant reduction in sea ice extent caused by climate change
(IPCC, 2021). New shipping routes emerge, natural resources are more accessible, and
tourism expands.

All of these activities depend on reliable weather forecasts. In particular, the occurrence of
clouds needs to be forecasted precisely as clouds strongly influence visibility, precipitation,
icing, and near-surface temperature.

To ensure high forecast quality, observations are needed for validation (Bauer et al., 2015;
Bengtsson et al., 2017). Observations remain particularly sparse in the Arctic due to its
limited accessibility. Remoteness, complicated logistics, and severe weather conditions
significantly complicate conducting measurements in the Arctic. Most measurement cam-
paigns are restricted to summer months due to the extensive sea ice coverage in winter
(Tjernstrom et al., 2004; Tjernstrom et al., 2012; Moser et al., 2023). Spatially, observa-
tions are limited by the flight path of airplanes or the route of the ship conducting the
measurements. Long-term stationary measurements are constrained to coastal regions and
areas near human settlements (Lee et al., 2022).

Cloud observations are especially difficult to conduct under these conditions. Among the
first to measure the climatology of cloud coverage in the Arctic was Sverdrup (1933). In
his work, he noted that cloud observations are difficult to quantify. Nowadays, several
methods are available to observe cloud coverage. For example, measurement campaigns
with airplanes, research vessels, or ground-based measurements on land, like ceilometers,
radars, and lidars, and satellite observations. Synoptists, for example, at airports, report
cloud coverage as well. However, the quantity of the existing observations is still too sparse

to ensure sufficient data for the evaluation of weather forecasts.

This study aims to help close the gap of too sparse cloud coverage observations in the
Arctic. A long-term deployed all-sky camera located at the Kjell Henriksen Observatory
(KHO, 2026, KHO) near Isfjorden in Svalbard captures nighttime images (Figure 1.1 black
pin and Figure 1.2). Until now, these images were only used for polar lights. This study
explores their utility for cloud coverage observations as we develop a new way to gain
cloud coverage information from these images.

To contribute to evaluating the accuracy of weather forecasts in the Arctic, the newly
developed cloud coverage product is subsequently used to evaluate the cloud coverage pre-
diction in the numerical weather prediction (NWP) model AROME-Arctic, a meso-scale,
convection-permitting weather forecasting model for the European Arctic (Norwegian Me-

teorological Institute, 2025, Figure 1.1).
Chapter 2 introduces the images of the all-sky camera and the NWP model AROME-
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Arctic. Chapter 3 extracts the cloud coverage from the images, and in Chapter 4 the
model’s cloud coverage prediction is validated both statistically and on a case studies

bases.
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Figure 1.1.: Spatial domain of AROME-Arctic on the 2023-11-29 00:00 UTC. Landmasses
show the topography, and sea areas show the sea surface temperature. The
black pin marks the location of KHO (78.148°N, 16.043°E).

B. Strathmann 2025

Figure 1.2.: KHO looking towards Isfjorden. The all-sky camera sits below one of the
domes on the roof of KHO (2026).



2. Datasets

This study utilizes two datasets. One of which is an all-sky camera, and the other is the
NWP model AROME-Arctic.

2.1. AIll-Sky Images

The main protagonists of the study are the all-sky images (Figure 2.1) captured by the
all-sky camera located at KHO in Svalbard (Sony AT7s, 2026, Figure 1.1). The primary
purpose of the camera is to observe polar lights. Thus, the camera only operates during
the polar night, which is approximately between mid-October and mid-March.

The camera is a Sony A7s all-sky camera with a Sigma 8mm {/3.5 EX DG Circular Fisheye
lens. Minutely images are taken during the polar night. The images have a resolution of
480 x 480 pixels. For this study, the field of view of the equidistant camera is reduced
from 180° to 169° to remove surrounding instruments and mountains from the horizon of
the images. The new size of the images is a circle with a radius of 210 pixels (Figure 2.2).
Until now, the image has been solely used to study polar lights. Clouds were only a
byproduct and were filtered out. This study now utilizes the captured clouds. Images
taken between 2019 and 2023 are manually labeled with cloud coverage in okta. Chapter
3 discusses a physical approach and develops a machine learning approach to extract the
cloud coverage from these images. Images from 2019 and 2020 are later used as training

data, while images from 2021 - 2023 are used as testing data.

2.2. AROME-Arctic

AROME-Arctic is a convection-permitting NWP model for the European Arctic (Figure
1.1) and is developed and operated by the Norwegian Meteorological Institute (Miiller
et al., 2017). It has been running operationally since November 15th, 2015. AROME-
Arctic is based on the NWP model HARMONIE-AROME (Gleeson et al., 2024) with a
horizontal spatial resolution of 2.5km extending vertically up to 24km over 65 vertical
layers in hybrid sigma-pressure coordinates. A semi-Lagrangian spectral advection scheme
serves as the dynamical core (Seity et al., 2011)

AROME-Arctic uses multiple parametrization schemes: A one-moment bulk microphysics
scheme (Pinty and Jabouille, 1998) with special adaptations for cold conditions (Gleeson
et al., 2024), a statistical cloud and condensation scheme (Bougeault, 1982; Bechtold et al.,
1995; Rooy et al., 2022), a radiation scheme (Fouquart and Bonnel, 1980; Mlawer et al.,
1997) employing six spectral bands for shortwave and 16 for longwave radiation, a surface
scheme (Le Moigne, 2009), a 1.5 order turbulence scheme based on turbulent kinetic energy

(Lenderink and Holtslag, 2004) and a dual-updraft shallow convection scheme (Neggers
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Figure 2.2.: Differences between unprocessed and processed image.

et al., 2009). The turbulence and shallow convection scheme are combined in an eddy-
diffusivity mass-flux framework (Soares et al., 2004; Siebesma et al., 2007).

All operational model data of the Norwegian Meteorological Institute can be freely accessed



2.2. AROME-Arctic

via Norwegian Meteorological Institute (2024). For the years 2021 - 2023, the periods of

January - March and October - December are extracted and used for this study.






3. Cloud Coverage Retrieval

Extracting cloud information from all sky cameras has already experienced various ap-
proaches, of which a substantial portion are based on machine learning (Zhang et al.,
2018; Kim et al., 2021; Gonzélez-Ferndndez et al., 2024). Gonzalez-Fernandez et al. (2024)
utilizes a convolutional neural network (CNN) to determine cloud coverage from all-sky
cameras in Spain. Allowing for an offset of & 1 okta in predicting cloud coverage, they
gained an accuracy of above 93%. However, the camera providing the images for their
study only produces daytime images, which is different from this study since only night-
time images exist.

Studies that utilize nighttime images of all-sky cameras to optimize the usage of tele-
scopes by detecting clouds include Mommert (2020) and Zhong et al. (2024). The former
compares a residual neural network (ResNet) with a gradient-boosted tree-based model
(light GBM) with an accuracy of 85% and 95%. The latter developed an eXtreme Gradient
Boosting (XGBoost) with particle-swarm optimization (PSO) and achieved an accuracy
of 96.91%.

In this study, we utilize two different methodologies to extract cloud cover information
from nighttime all-sky images. The first one was developed by Alessandro Marocco and
utilises a quasi-physics-based model to detect cloud coverage in okta (Marocco, 2025, per-
sonal communication Prof. Noora Partamies, UNIS). We refer to this as the "physical
approach" (Section 3.1). The second one is based on machine learning, we refer to this as
the "machine learning approach" (Section 3.2). Finally, both approaches are combined to
achieve the best possible results, yielding the "combined approach" (Section 3.3).

The approaches mentioned above are benchmarked against each other. The cloud coverage
distributions of all approaches are benchmarked with Makhotina et al. (2021), who finds
that cloud coverage in the Arctic during polar night underlays a bimodal distribution of
clear and completely cloudy. The intermediate cases occur much less than the edge cases,
clear (0/8) and completely cloudy (8/8).

3.1. Physical Approach

The first approach to extract cloud coverage from all-sky camera images, by Alessandro
Marocco, can be divided into two steps. First, a support vector machine (SVM) is applied
to classify all images into 3 classes: clear, cloudy, and intermediate. SVMs work by
finding boundaries in the dataset of images to separate these images into classes (Cortes
and Vapnik, 1995). Only the intermediate cases get analyzed further, as clear and cloudy
are classified as 0/8 and 8/8 (Figure 3.1). The intermediate cases are analyzed further by
accounting for the image’s brightness and colors, or by counting stars within a customized
grid box.

The training dataset for the SVM ranges from November 2019 to February 2020 (polar

11



3. Cloud Coverage Retrieval

night only) and is labeled by me into clear, cloudy, and intermediate. The dataset consists
of 2409 clear, 3496 cloudy, and 2177 intermediate images for the training (using 80%) and
the testing (using 20%).

[0 % cloud cover

K m\ Cloud cover from red
and blue channels
i -m\—

Cloud cover from
stars detection

Cloudy 100 % cloud cover

Intermediate

Input Image
(Camera)

Machine Learning Model
Brightness

Moon detection

Data set
(Cloud sensor)

Figure 3.1.: The flow chart of the physical approach is created by Alessandro Marocco.

In a second step, the intermediate cases are analyzed based on an algorithm that first
detects the moon’s position based on date and time. This gives indirect information
about the image’s brightness. If the moon is 5° below the horizon, the image is considered
to be dark, and a star detection algorithm is applied (Figure 3.1). The star detection
algorithm lays a grid over the images. If there are two or more stars within a grid box
(later changed to one), this part of the image is considered to be clear. Each grid box gets
assigned cloudy or clear, and the sum of all grid boxes provides the cloud coverage of the
image.

In the case of the moon being higher than 5° below the horizon, different steps are required
to determine the cloud coverage. First, the overall brightness of the image is calculated
by analyzing the mean of every pixel’s type of color, color intensity, and brightness of the
color. If the brightness is lower than a threshold of 170 (later changed to 120), the star
detection method is chosen. If the brightness is above the threshold, the image is too
bright for stars to be seen. The cloud coverage is then determined by analyzing the red

and blue channels of the image. Further details can be found in Marocco (2025).

Performance physical approach

All results and evaluations presented here are based on my own test cases and manually
labeled references. First, the performance of the SVM is analyzed separately. Figure 3.2
visualizes the SVM results based on the manually labeled images from 2021 - 2023 (Chap-
ter 2). The SVM can reliably discriminate among the three categories. Only 7 images
are misclassified as clear or cloudy when they are labeled as cloudy or clear, respectively.
When it comes to the intermediate cases, 9.9% of the clear images and 11.6% of the
cloudy images are misclassified. Vice versa, 24.9% of the images depicting intermediate
cloud cover get misclassified as clear, and 18.7% get misclassified as cloudy. The overall

accuracy of the SVM based on equation

12



3.1. Physical Approach

n

> e
1=0

2D Gy (3.1)

i=0 j=0

Accuracy =

n = number of classes

i,j = truth, prediction € {0, 1,2,3,4,5,6,7,8}

is 77.6%.

Figure 3.3a visualizes the performance of the physical approach. Displayed is a heatmap
with the truth in okta on the x-axis and the prediction on the y-axis. The color intensity
and the annotated values in each bin represent the number of images classified into that
bin, i.e., 925 images are 8/8 and are predicted as such, while 147 images are 7/8 but are
predicted as 8/8. If the physical approach were perfect, only the bins on the diagonal
would be filled. On the top and the right are the marginal distributions.

The heatmap shows a recognizable diagonal, indicating that the physical approach man-
ages to predict the cloud coverage well. However, there is an overprediction of 0/8.

The accuracy (Equation 3.1) is 63%. However, allowing for an offset of +1 okta

n n—1 n
> Ci+ Y Ciir1+> Ciica
-0 =0 i=1

Accuracyy; = L T
2.2 Gy (3.2)
i=0 j=0

n = number of classes

i,j = truth, prediction € {0,1,2,3,4,5,6,7,8}

increases the accuracy to 86%. The mean distance to the diagonal

> Cijli—jl

i=0 j=0

> Gy (3.3)

i=0 j=0

Distance to diagonal =

n = number of classes

i,j = truth, prediction € {0, 1,2,3,4,5,6,7,8}

is +0.66 okta. All values are listed in Table 3.1. Regarding cloud coverage in okta being
subjective, as it is not a measurement, this offset is deemed acceptable. The marginal
distribution of the prediction aligns with the U-shaped distribution of the observations,
which is also found by Makhotina et al. (2021).

Nevertheless, there is room for improvement as Gonzalez-Fernandez et al. (2024), Mom-

mert (2020), and Zhong et al. (2024) achieved more accurate results.
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Figure 3.2.: Results of the SVM with the truth on the x-axis and the prediction on the
y-axis. 0 = clear, 1 = intermediate, 2 = cloudy. The colors and numbers
indicate the number of classified images.
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Figure 3.3.: Results of all approaches to extract cloud coverage represented as a heat map
with the truth in okta on the x-axis and the prediction in okta on the y-axis.
The colors and numbers indicate the number of classified images. At the top
and the right of each heat map are the corresponding marginal distributions.

3.2. Machine Learning Approach

The following section introduces a machine learning approach with the idea of outper-
forming the physical model. When it comes to image classification, a machine learning
model learns to recognize patterns in images and assigns them to categories like types of
animals or, in this case, cloud coverage in okta. The images are converted into numbers
representing pixel values, which are then processed through layers of connected nodes.
These layers are, among other things, responsible for finding patterns. During training,
the model adjusts the connections of the nodes to improve the prediction. Once trained, it
can classify new images that are independent of the training dataset. Special types of ma-
chine learning models that are often used for image classification are CNNs and ResNets.
For the machine learning approach, a ResNet (personal communication Are Frode Helvig

Kvanum, MET Norway) is chosen.
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3.2. Machine Learning Approach
Details about ResNets

Before going into the details of a ResNet, a CNN is explained first. A CNN consists of mul-
tiple layers. There are convolutional layers that apply filters to find patterns, activation
functions allowing the CNN to learn more complex patterns, pooling layers reducing the
spatial resolution to make the CNN more robust, and fully connected layers to combine
all the learned features (LeCun et al., 1998). A ResNet, which is used in this study, is a
special form of a CNN. In addition to all these layers of a CNN, a ResNet includes the
so-called skip connections. These skip connections have the advantage that, unlike in a
CNN, the input is not directly mapped to the output. Instead, the ResNet only learns
the residual, thus, the difference between the input and the output. This provides the
opportunity to make a ResNet much deeper and more trainable than a CNN (He et al.,
2015). The deeper a CNN, the more likely it can be subject to the vanishing gradient
problem, which the skip connections in a ResNet can alleviate (Bengio et al., 1994; He
et al., 2015). The gradients are responsible for adjusting the connections of the nodes. If
these gradients converge to zero, the network is not trainable anymore.

The architecture, the combination of the different layers, is taken from the outstanding
work of He et al. (2015). Additionally, there is a set of important parameters influencing
the performance of the ResNet. These parameters are not directly taken from He et al.
(2015). They are subject to a hyperparameter tuning to find their best combination. Pa-
rameters of interest are the number of epochs (number of training loops), which is tested
between 20 and 400 epochs. As a loss function the cross-entropy loss (pyt, 2025¢, Equation
3.4) and the Focal loss (Lin et al., 2017, Equation 3.5) are tested. The Adam optimizer
(pyt, 2025a, Equation 3.6), and the AdamW optimizer (pyt, 2025b, Equation 3.7) are
tested, as well as different learning rates (107°,107%,1073). The usage of learning rate
decay was also tested. Additionally, different batch sizes of 16, 32, and 64 were tested.
The loss function measures how far off the ResNet’s prediction is from the truth, whereby

the type of loss function can be chosen. The Cross-Entropy loss function

N
L==Y yilog(pi)
=1

N = number of classes (3.4)
y = truth

p = predicted probability for class i

and the Focal loss function

N
L==> yii(l—p;)" log(p:)

i=1
N = number of cases
y = truth (3.5)
p = predicted probability for class i
a = class weighting factor

~ = focusing parameter
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3. Cloud Coverage Retrieval

are two possible options. The Focal loss is a modified version of the Cross-Entropy loss,
which takes imbalances in a dataset into account. This is done by weighting classes ac-
cording to their prediction difficulty (Equation 3.5, @ = 1 in this setup). v (Equation 3.5)
equals 2 in this setup and can be interpreted as reducing the loss contribution of easily
classified examples. It draws the focus to difficult cases.

The optimizer adjusts the ResNet’s weights according to the loss, using gradients to up-
date the weights in the direction of decreasing loss. In the case of the Adam optimizer,

the gradient descent is calculated as follows

1y
Opr1 =0 —a———
VU + €

L My
mt_il—,@{
Y 7
tTIR (3.6)

my = Bimy—1 + (1 — B1)g:
vy = Bovi_1 + (1 — B2)g?
gt = VL.

« is the learning rate, m; and v; denote the first and second moment (exponentially
weighted mean of past and square gradients). 1 and (2 are the exponential decay rates.
€ is a small constant for numerical stability, and ©; denotes the model parameters at iter-
ation t. The AdamW optimizer is calculated following

0t+1 = Qt - - a)\Gt (37)

my
“ Vot e
with A being the weight decay coefficient. Compared to the Adam optimizer, AdamW is
more stable during the training process and improves generalization by applying weight
decay separately from the gradient update, ensuring proper regularization of the model’s
weights (Loshchilov and Hutter, 2019).
The learning rate quantifies how much the weights and biases in the ResNet are adjusted
to continue decreasing the loss. The decaying learning rate works as follows. If the vali-
dation loss does not improve for 5 consecutive epochs, it is multiplied by 0.5.
The batch size controls how many training examples are seen by the ResNet before the
weights and biases are updated.
The hyperparameter tuning revealed that the best set of parameters is 200 epochs, the
Focal loss, the AdamW optimizer, a decaying learning rate with an initial value of 1074,
and a batch size of 16.
It is important to note that this ResNet needed a substantial amount of memory and was
trained on the supercomputer from Deutsches Klimarechenzentrum (DKRZ) (2025) using

GPU acceleration.
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3.3. Combined Approach

The training of the ResNet

The images from 2019 to 2023 are split into testing, training, and validation datasets.
Images covering the period from 2019 to 2020 are taken as training and validation data,
and images covering the period from 2021 to 2023 are taken as testing data. The split
is chosen to make the results comparable to the physical approach. This is one reason
why the split is not chosen to be random, as is usually done. Another reason is that some
images are taken shortly after one another. A random split could cause the testing data
to be closely related/correlated to the training data, which would falsify the results. The
training and validation datasets are balanced over all oktas to avoid the ResNet favoring
certain cases, which leaves 80 images per case for the training and validation datasets.
The data is randomly split into training and validation subsets in an 80:20 ratio, while

maintaining a balanced distribution of cloud coverage cases in both subsets.

Performance machine learning approach

Figure 3.3b shows the results of the fully machine learning based approach. A striking
aspect is the marginal distribution of the prediction shown on the right of the panel. It
disagrees with the common marginal distribution of the truth that both edge cases occur
most frequently (Makhotina et al., 2021, marginal distribution of the truth Figure 3.3b).
While 8/8 okta is still predicted most frequently, the occurrence of 0/8 okta is strongly
reduced, with 1/8 okta being predicted more often. Furthermore, the intermediate part
is predicted more often compared to the testing data (truth). While the main diagonal is
clearly visible, a substantial distance to the diagonal of + 1.2 okta is present (Equation
3.3). The predicted values exhibit a reduced slope relative to the diagonal, resulting in an
overestimation of low oktas and an underestimation of high oktas. Clear-sky conditions
(0/8) are systematically overpredicted: when the true cloud coverage is 0/8, predictions
of 1/8 occur more frequently than correct 0/8 classifications. Conversely, fully overcast
conditions (8/8) are underpredicted. This leads to a performance decrease in predicting
the edge cases compared to the physical approach (Figure 3.3a).

The accuracy of the machine learning based approach is 39% and thus, worse than for the
physical approach. Allowing for an offset of 1 okta increases the accuracy to 77%, which
is still lower than the physical one (Table 3.1).

3.3. Combined Approach

The machine learning approach does not outperform the physical method. However, since
the physical approach’s SVM performs well and the ResNet appears to grasp the under-
lying relationship (see the heatmap in Figure 3.3b), a combination of the two methods
may yield the most accurate results and potentially outperforms the physical model. This
approach might not seem promising, since the physical approach performs better than the
machine learning approach. I gave it a shot regardless and ended up outperforming the
physical approach.

In this combined approach, the SVM from the physical approach is applied first to classify

the images into clear, intermediate, and cloudy. If an image is classified into clear or
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3. Cloud Coverage Retrieval

cloudy, the cloud coverage extraction is done with being set to 0/8 or 8/8 okta, respec-
tively. However, if an image is classified as intermediate, a modified version of the ResNet
is used. This ResNet classifies the intermediate images into cloud area fractions between
1/8-7/8. Here, the new ResNet differs from the previously employed version (see Section
3.2) as it now only classifies into 7 classes instead of 9. Hence, the ResNet needs to be
retrained.

For the retraining, the SVM’s predictions are prioritized over the ReNset’s, such that
images labeled as intermediate by the SVM are excluded from being classified as either
clear or cloudy. This differs from the physical model, where images initially classified as
intermediate by the SVM could still be subsequently labeled as clear or cloudy. Due to
the ResNet focusing on only the intermediate cases (1/8 -7/8), cloud-free and fully cloud-
covered cases are omitted from the training. This is why 81 images (clear but predicted
as intermediate) and 121 images (cloudy but predicted as intermediate, Figure 3.2) are
excluded from the testing data of the 7-class ResNet. Another reason why a 7-class and
not a 9-class ResNet is chosen for the combined approach is that not many images labeled
as 0/8 and 8/8 are expected to be part of the images that are predicted as intermediate
by the SVM. This would cause the training dataset for a 9-class ResNet to be unbalanced
and too small.

Another practical reason to remove images that are neither labeled nor predicted as in-
termediate is the whole idea of combining both methods and testing a new approach to
outperform the physical model. The physical approach that is not the SVM also only
deals with the intermediate images since the edge cases are handled by the SVM (Figure
3.1).

Performance of the combined approach

The performance of the combined approach is depicted in Figure 3.3c. As already found
by Makhotina et al. (2021) in the Arctic during polar night, the marginal distribution
of the prediction favors the edge cases 0/8 and 8/8. Furthermore, the diagonal is nicely
visible. By giving the SVM more weight, the overall performance of the combined approach
outcompetes the physical approach (Figure 3.3a). Overpredictions of 0/8 are only possible
if the SVM predicts 8/8, and underpredictions of 8/8 are only possible if the SVM predicts
0/8. Another interesting aspect is that the 7-class ResNet in the combined approach does
not struggle as much with its edge cases 1/8 and 7/8 as the 9-class ResNet in the machine
learning approach. These improvements are reflected by an increased accuracy compared
to the physical and machine learning approaches. The accuracy with zero tolerance is
83%, and the accuracy for a tolerance of +1 okta is 92%. The distance to the diagonal is
with £ 0.32 okta smaller than for the other approaches.

All accuracies and distances to the diagonal are listed in table 3.1. The combined approach
performs best with a considerable margin, followed by the physical and machine learning
approach. Hence, the combined approach is used in the following chapter to generate a
cloud product used for validating the operational AROME-Arctic NWP model.

18



Table 3.1.: Accuracies and distances to the diagonal of the different cloud detection meth-

ods.
accuracy ) )
distance to diagonal
truth = pred | truth = £ 1 okta pred
physical 63% 86% 0.66 okta
machine learning 39% 7% 1.2 okta
combined 83% 92% 0.32 okta







4. AROME-Arctic Evaluation

We now use the developed combined approach to evaluate the operational NWP model
AROME-Arctic. If not stated otherwise, all model investigations use the first model out-
put step of AROME-Arctic (lead time of Oh). Furthermore, only the cloud coverage above
500m is considered due to the camera being located 520 m.a.s.l..

The evaluation is split into two parts. First, a general statistical overview of the model’s
performance is generated. Then, a selection of cases where model errors exceeded 5 okta
are discussed individually.

Keeping in mind that the combined approach is not ideal, especially not in the interme-
diate part, the model evaluation in the second part focuses mainly on problematic edge
cases, completely cloudy forecasted as completely clear and vice versa. These are also the

forecast misses that can be considered most severe for operational weather forecasting.

4.1. Statistical Evaluation

Before the performance of AROME-Arctic can be evaluated, an actual cloud coverage
value comparable to the estimated truth needs to be calculated. The cloud coverage in
AROME-Arctic is defined between 0 and 1. Every grid box in every level contains a cloud
area fraction value. To estimate total cloud cover in a way that matches what a meteorol-
ogist or a ground-based cloud camera would see looking upward, a cloud overlap scheme
needs to be chosen to calculate the total cloud cover for a model grid column. The most
common schemes are the maximum overlap -, random overlap -, and maximum-random
overlap scheme (Figure 4.1), which are used by i.e. Arbizu-Barrena et al. (2015) and
Hlingworth et al. (2007). They are defined as follows:

¢ Maximum cloud overlap scheme: Assuming maximum overlap of all cloud frac-
tions in one column by simply taking the largest cloud area fraction of a column
(Figure 4.1a). In the example, the highest cloud coverage is 5/8, thus the total

cloud coverage is 5/8.

« Random cloud overlap scheme: Assuming the vertical overlap to be random

(Figure 4.1b) with the following equation
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n

Crana =1—[J(1 = @) (4.1)

i=1
n = number of layers

¢ = cloud fraction [0, 1].

In the example n is 8 and ¢; to cg are 3/8, 4/8, 0/8, 2/8, 4/8, 1/8, 5/8, and 1/8,
respectively. This results in Cy.qqg = 0.97, which translates to 8/8.

¢« Maximum-random cloud overlap scheme: Assuming maximum overlap if the
cloud fraction is non-zero for adjacent vertical layers. If there is more than one con-
tiguous block of clouds, these blocks are assumed to overlap randomly (Figure 4.1c;
Equation 4.1, n being the number of cloud blocks and ¢ being the cloud fraction of
a cloud block based on maximum overlap). In this example, n = 2, ¢; = 4/8, and
co = 5/8. This results in Crgpdmaz = 0.8125, which translates to 7/8.

(a) Maximum cloud overlap (b) Random cloud overlap (¢) Maximum-random cloud
scheme - 5/8 cloud cover- scheme - 8/8 cloud cover- overlap scheme - 7/8
age. age. cloud coverage.

Figure 4.1.: Sketches of different cloud overlap schemes of the same modeled situation.

The different cloud overlap schemes can be sorted by the amount of cloud coverage they
see
Cmax <= Crand,max <= Crand‘ (42)

Hogan and Illingworth (2000), who conducted a radar-based cloud overlap study in south-
ern UK during winter, found that vertically continuous clouds overlap more randomly
than assumed. Moreover, the degree of overlap depends on the type of clouds.

Since our study is conducted in the Arctic during polar night, it is, to some extent, compa-
rable to Hogan and Illingworth (2000). Thus, the random cloud overlap scheme is chosen
for this study. The impact on the forecast performance of using the other overlap schemes

is investigated as well.

Similar to the overlap schemes, a spatial domain that maps the camera’s field of view into

AROME-Arctic needs to be chosen. One can find a multitude of approaches for mapping
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the observation of cloud coverage into NWP models in recent studies. Hogan et al. (2001),
who use ground-based radar and lidar data, and Arbizu-Barrena et al. (2015), who use
ceilometer and all-sky camera data, both map the observed value on the nearest pixel
within the model. Hogan et al. (2009) and Illingworth et al. (2007) use a more sophisti-
cated method taking into account the horizontal extent of the cloud and its movement,
which are both mapped into the model of interest. Crocker and Mittermaier (2013) com-
pare using a pixel with using a cylinder of 30 km radius in der model.

Since the all-sky camera in this study has a cone-shaped equidistant field of view, at an
altitude of 5km the radius already exceeds 50km (Chapter 2). This and Crocker and
Mittermaier (2013) cylinder approach motivates the use of a cylinder with a radius of
30km to map the camera’s field of view into AROME-Arctic (Figure 4.2 red circle). The
impact on the forecast performance of using only the pixel closest to the camera’s location

to map the observations into AROME-Arctic is investigated as well (Figure 4.2 black pin).
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Figure 4.2.: Sketch to show pixel (black pin) and cylinder (red circle) in AROME-Arctic.

Overlap Scheme and Spatial Domain Analysis

The usage of a cylinder together with the random overlap scheme yields the results seen
in Figure 4.3a. A perfect model only has hits on the diagonal, which is not the case for
AROME-Arctic. Nevertheless, there are accumulation points at 0/8 (99 cases) and 8/8
(262) that show that AROME-Arctic manages to predict the majority of the edge cases
correctly. However, the truth of 0/8 is sometimes overpredicted as intermediate and even
8/8 (left column in Figure 4.3a), vice versa, the truth of 8/8 can be underpredicted (right
column in Figure 4.3a). AROME-Arctic tends to overpredict the intermediate part as it
favours 8/8 for the truth being 1-7/8 (upper row/frame in Figures 4.3a). Based on this
analysis, the performance of AROME-Arctic only shows little skill in predicting cloud
coverage. Later, the case studies (Section 4.2) reveal further details in favor of AROME-
Arctic.
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4. AROME-Arctic Evaluation

As mentioned before, the impact on AROME-Arctics forecast performance using a pixel
as a different spatial domain and using different cloud overlap schemes is analyzed in the
following paragraph. Figure 4.3b shows the random overlap scheme in combination with a
pixel. The frame-like distribution favouring the edge cases is even more pronounced than
for the cylinder (Figure 4.3a). Furthermore, the intermediate cases are subject to error
compensation. If the truth is intermediate, AROME-Arctic favours 0/8 or 8/8 and hardly
predicts 1-7/8. This can be explained by the pixel being blind to its surroundings, which is
especially problematic if the overall situation is intermediate, as the part seen by the pixel
is either cloudy or clear. If the truth is 0/8, AROME-Arctic favours 8/8 as the second
priority and predicts 1-7/8 equally often. Vice versa, if the truth is 8/8, AROME-Arctic
predicts 0/8 as the second priority and 1-7/8 equally often as the third priority.
Interestingly, considering the marginal distributions (Figure 4.4) the pixel with the ran-
dom cloud overlap scheme seems to perform best compared to all other compositions of
spatial domain and overlap scheme. This is a direct consequence of the error compensation
done by the pixel. Thus, only considering the mean values over the investigated period
can hide very important details and falsify the believed results.

Figure 4.4 also includes the marginal distributions of the cylinder and the pixel in combi-
nation with the maximum and the maximum-random overlap scheme. It is striking that
the cylinder with the maximum and the maximum-random overlap scheme, compared to
the cylinder with the random overlap scheme, systematically overestimates the interme-
diate cases and 0/8, and drastically underestimates 8/8. This is not surprising as the
maximum, and the maximum-random overlap scheme show lower values than the random
overlap scheme (Figure 4.1, Equation 4.2). Similar arguments hold for the pixel with
the maximum and the maximum-random overlap scheme compared to the pixel with the
random overlap scheme. They overestimate the intermediate cases and 0/8 and underes-
timate 8/8.

To sum up the different methods to calculate cloud coverage in AROME-Arctic, it can be
said that the cylinder with the random overlap scheme provides the most realistic results.
However, choosing a different composition of spatial domain and overlap schemes does
not favour the prediction quality of AROME-Arctic as they all show a similar trend in

overpredicting the intermediate cases and underpredicting the edge cases.
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Figure 4.3.: Joint probability distribution of the true cloud coverage okta on the x axis
and the cloud coverage prediction by AROME-Arctic on the y axis. Both
the color and the numbers in the joint distribution indicate the number of
corresponding cases. At the top and the right are the marginal distributions
of the truth and the prediction. Figure a) uses a cylinder with a radius of
30km around KHO, and Figure b) uses the model grid box closest to KHO.
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Figure 4.4.: Marginal distributions of the truth (red), the prediction by AROME Arctic
based on a cylinder (green), and a pixel (brown). Both spatial domains are
considered for all three cloud overlapping schemes. The x-axis shows the
cloud coverage in okta, and the y-axis shows the occurrence probability for
the different okta.
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Lead Time Analysis

This section utilizes the cylinder in combination with the random cloud overlap scheme to
analyze the cloud cover predictions by AROME-Arctic across multiple lead times. Figure
4.5 gives insights into the forecast performance with respect to increasing lead times. The
Pierce Skill Score

PSS=H - F (4.3)
H = hit rate

F' = false alarm rate,

which is the difference between the hit rate (H)

a

H= 4.4
a—+c (44)
a = hits "almost clear"
¢ = overprediction
and the false alarm rate (F)
b
F=— 4.5
b+d (4.5)

b = underprediction

d = hits "clouds present",

is chosen to quantify the skill. The binary definition of H and F results in a 2x2 contingency
table. Therefore, the 9 value-based cloud coverage value is simplified and separated into
"almost clear" (0-1/8) and "clouds present" (2-8/8) (Table 4.1). Other separations were
tested as well, but did not provide any additional information.

The results in Figure 4.5 show that there is no trend visible for increasing lead times.
AROME-Arctic shows some skills across all lead times as all points in Figure 4.5 are
located left of the diagonal. This shows that AROME-Arctic has some skill even if it is
not very high, as discussed with Figure 4.3a. However, the PSS might not be the most
suitable skill score to evaluate AROME-Arctics forecast quality.

The findings from this section are set into perspective by the next Section 4.2, which

reveals further insights into AROME-Arctics forecast quality.

Table 4.1.: 2x2 contingency table for cloud coverage prediction in AROME-Arctic.

Observation (0-1/8) Observation (2-8/8)
AROME-Arctic a) hits “almost clear” b) underprediction
(0-1/8)
AROME-Arctic ¢) overprediction d) hits “clouds present”
(2-8/8)
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Figure 4.5.: Pierce Skill Score (PSS) for increasing lead times, separated between clear (0-
1/8) and cloudy (2-8/8). The best skill would occur if the values were located
in the top left corner. The diagonal itself has no skill, and to the right of the
diagonal stands for worse than a random model.
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4.2. Case Studies

The second part of the AROME-Arctic evaluation analyzes case studies. These case stud-
ies focus on situations where deviations exceeding 5 oktas between the estimated truth
from the all-sky images (combined approach, Section 3) and the modeled cloud area frac-
tion occurred. Analyzing these cases revealed three particular situations that led to large
systematic errors with high deviation in AROME-Arctic (prediction) and the cloud cam-
era (truth). One being cold air outbreaks with high cloud overprediction (case 1). Second,
there are cold air outbreaks with too effective cloud shadowing downstream of Isfjorden
or with too weak cloud formation over Isfjorden (case 2). Case 3 shows a displacement
problem during which AROME-Arctic predicts the cloud coverage well, but in the wrong
location. An additional Case can be found in the Appendix B.

4.2.1. Cold Air Outbreaks

More than 50% of the cases that depict a difference of at least 5 okta between the ob-
served and modeled cloud cover occur during cold air outbreaks (CAO). CAOs can be
connected to high-impact weather events in the Arctic associated with huge waves, mar-
itime icing, and polar lows (Businger and Reed, 1989; Papritz and Pfahl, 2016; Samuelsen
and Graversen, 2019). A CAO occurs when cold, dry air, originating over cold surfaces
like sea ice or snow-covered land, is advected over a much warmer ocean surface. The
strong air—sea temperature contrast leads to increased upward sensible and latent heat
fluxes of up to 1000 Wm~2 (Grossman and Betts, 1990). As a result, the initially cold,
dry, and stably stratified boundary layer rapidly transforms into a warmer, more humid,
and unstable boundary layer. This instability enhances convection and vertical mixing,
promoting cloud formation that often organizes into characteristic cloud streets (Hart-
mann et al., 1997; Etling and Brown, 1993). Once these air masses flow over land, they
are usually subject to cloud shadowing. Clouds are blocked by topography, typically rain
out, or dissolve over land due to increased stability.

A typical method to quantify the intensity of a CAO is the CAO index, which is defined
as the potential temperature difference between the surface and 900 hPa. The CAO index
is also used by related studies (Papritz and Sodemann, 2018; Kdahnert et al., 2021).

Cold Air Outbreaks - high cloud overprediction

The first case we discuss here occurred on 2022-12-25 12:00 UTC and depicts a problem of
overpredicting high clouds during a CAO. The majority of the CAO cases, during which
the cloud coverage is overpredicted shows this behaviour. During the event, Svalbard
is completely covered with clouds in AROME-Arctic (Figure 4.6a) while the camera evi-
dences clear-sky conditions (Figure 4.7). The low cloud area fraction (below 500 m, Figure
4.6b) indicates weak cloud streets west of Svalbard, which are typical for CAOs (Etling
and Brown, 1993; Hartmann et al., 1997; Kédhnert et al., 2021). The cloud coverage above
500 m west of Svalbard intensifies directly after the air is blown across the sea ice edge
(Figure 4.6a red line indicating the sea ice edge and arrows indicating the wind speed

and direction). Simultaneously, the CAO index increases, already before the sea ice edge
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is passed, due to leads in the marginal ice zone. The CAO index reaches a maximum
of 16 K. Latent and sensible fluxes increase to more than 800 W m™2 downstream of the
sea ice edge (Figure 4.6¢/d). Boundary layer clouds do not overspill Svalbard during the
CAOQO as the colder land masses hempen convection and cause cloud dispersion. Figure
4.6b shows that the low clouds quickly dissolve over land.

A north-to-south cross section (yellow line in Figure 4.6a) reveals insight into the verti-
cal cloud structure (Figure 4.8a). The clouds responsible for the overprediction are not
boundary layer clouds but relatively thin, high-level clouds at around 9 km. These clouds
are not connected to the boundary layer processes triggered by the CAO. An animation
(Nellesen, 2026a) showing the next hourly time steps of the same model run reveals that
the thin layer of clouds at a height of 9 km vanishes in the following time steps and gets
replaced by a thicker layer of lower clouds, which is also independent of the CAO as they
do not originate from north of Svalbard. Moreover, they are at heights above 4 km which
would be very high for Arctic boundary layer clouds. This finding might hint towards an
initialization problem in AROME-Arctic of the analyzed model run. However, the model
run three hours prior shows that these high clouds are already predicted (Figures A.1).
Figure A.1d shows the model run of 2022-12-25 09:00 UTC with a lead time of 3 hours,
coinciding with the time of the initial model run. The same thin cloud layer at 9km is
present. This earlier model run partially feeds the model run 3 hours later at 12:00 UTC.
Another explanation for these high clouds could be an error in the European Center for
Medium-Range Weather Forecasts (ECMWF) Integrated Forecast System (IFS), which
serves as boundary conditions for AROME-Arctic (Miiller et al., 2017). The source for
these high clouds can either be found in AROME-Arctic at even earlier lead times or in
the IFS. Despite the high clouds, AROME-Arctic captures the boundary layer processes
above Svalbard during the CAO adequately.

While not relevant for the found overestimation during this case another interesting model
error is revealed by the west to east cross section (green line in Figure 4.6a, Figure 4.8b)
showing convective cells west of Svalbard which are the cloud streets seen in Figure 4.6b.
These convective cells are surrounded by a homogeneous cloud layer masking the mesoscale
organization when evaluating, e.g., cloud cover or outgoing longwave radiation. The exact
cause of this phenomenon in the model is not yet clear. Entrainment of water vapor from
the cloud cells into the cloud-free areas takes place. Instead of being transported down-
wards with the vertical velocity, this water vapor is converted to cloud ice instead by the
microphysics. As a consequence, the downdraft regions are being filled by clouds as well.
Hence, while the model captures the atmospheric dynamics correctly (cloud streets here),
investigating the cloud area fraction would give the impression that the model would er-
roneously simulate a stratus layer instead (personal communication Marvin Kéhnert).
The brightness temperature based on remote sensing by satellites (Figure 4.9) underlines
the existence of the typical cloud streets west of Svalbard. This shows that AROME-Arctic
shows the correct dynamical processes for low clouds. At the location of the camera, it
is difficult to differentiate whether the low brightness temperature originates from a cold
surface or from clouds. However, given that the entire area of Svalbard shows the same
homogeneous brightness temperature that differs from the surrounding ocean, it is likely

that no clouds are present. However, this has to be taken with care as remote sensing
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observations have known weaknesses like detecting clouds in high latitudes during polar
night (Liu et al., 2004).

To sum up the first case. Overall, AROME-Arctic gets the CAO above Svalbard correctly
but predicts too many high clouds within the whole domain (Figure 4.6a and 4.8a), which
causes the erroneous cloud coverage at the camera’s location. Although the high clouds
coincide with the CAO in time, they seem to be independent of the CAO and potentially

originate from the IF'S model.
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Figure 4.6.: Case 1: 2022-12-25 12:00 UTC. The red line indicates the area where the sea
ice concentration exceeds 50% of the grid box, and the red circle indicates the
camera’s area of sight in AROME Arctic. The pressure lines at sea level are
shown in white (upper panels) or in black (lower panels).

Cold Air Outbreaks - missing cloud formation over Isfjorden

The second case (Figure 4.10) on the 2023-11-15 03:00 UTC shows a CAO with similar
boundary processes as in case 1. The cloud coverage intensifies after being advected over
the ocean, and the clouds disappear again with landfall (Figure 4.10a and 4.10b). Com-
pared to case 1, the boundary layer needs more time to build up after the air has flown
over the sea ice edge. This can be seen by the cloud-free gap downstream of the sea ice
edge (Figure 4.10a). Figure 4.10b shows the, for a CAO, typical cloud streets that are
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Figure 4.7.: Case 1: 2022-12-25 12:00 UTC. All-sky camera at KHO at 11:34 UTC showing
clear sky conditions, and stars are visible.

1.0 1.0
10{ — Topography 101 —— Topography

-- Center X -_— 0.8 -- Center 0.8
[ < - <
o
E 8 ,g E 8 2
~ 1 0.6 3 ~ 0.6
g ° = g° =
2, 049 2, 049
= 5 = =

< <
2 025 2 023
b= o o A 2
VAV -V ViVa e NSNS
0 AW S 0.0° 0 a 00"
76 77 78 79 80 5 10 15 20 25
Latitude / °N Longitude / °E

(a) North to south cross section through yellow  (b) West to east cross section through green line
line in Figure 4.6a. in Figure 4.6a.

Figure 4.8.: Case 1: 2022-12-25 12:00 UTC. The cross sections show the vertical structure
of the clouds. The dotted vertical line shows the location of the camera, and
the solid line at the bottom indicates the topography.

Figure 4.9.: Case 1: 2022-12-25 12:00 UTC. Brightness temperature (?) visualized by
NASA Earth Observing System Data and Information System (EOSDIS)
(2024) at 2022-12-25 16:52 and 18:20 UTC. The darker the color, the colder
the brightness temperature. Purple indicates cold surfaces like clouds, sea ice,
and snow.

also seen in case 1. The CAO index only increases downstream of the sea ice edge and
not, like in case 1, before it is passed (Figure 4.10c). The latent and sensible heat fluxes
(maximum < 700 Wm~2, Figure 4.10d) indicate that the CAO is not as strong as in case
1.

Despite the similarities to case 1, the error in cloud coverage during this case is opposite.
AROME-Arctic predicts the CAO and the boundary layer conditions fairly well. Only
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the cloud formation over Isfjorden is not captured. The truth (Figure 4.13) shows com-
plete overcast, while AROME-Arctic predicts cloud-free conditions over Svalbard (Figure
4.10a). As the air flows over Isfjorden, the situation resembles a miniature CAO, with cold
air from Svalbard advected over the warmer waters of the fjord. (see CAO-index Figure
4.12b). Likewise, clouds start to form over Isfjorden just before they get advected towards
its southern coast (Figure 4.12a). They vanish shortly after landfall. The all-sky camera
(Figure 4.13) shows overcast conditions and thus suggests that clouds form over Isfjorden
and do not dissolve immediately after landfall.

A possible explanation is that Isfjorden is not resolved in IFS, which, among others, ini-
tializes AROME-Arctic’s sea surface temperature. This could cause an excessively cold
Isfjorden, which hampers convection and thus cloud formation. Another possible expla-
nation might be channeling through the valley away from the camera towards Isfjorden.
This potentially prevents the clouds in AROME-Arctic from being transported to the cam-
era’s location. A possible solution could be the 500 m resolution model AROME-Svalbard
(Valkonen et al., 2020). Mack et al. (2025) has shown that AROME-Svalbard represents
channeling through valleys better than AROME-Arctic.

Similar to case 1, a stratus layer is seen west of Svalbard. The lower layers show cloud
streets (Figure 4.10b) while the upper layer shows a homogeneous cloud layer (Figure
4.10a). Figure 4.11b also depicts this phenomenon. The satellite image confirms the exis-
tence of cloud streets (Figure 4.14).

To sum up case 2, it can be said that, similar to case 1, AROME-Arctic manages to pre-
dict the CAO correctly. Only over Isfjorden cloud formation is too weak, and the clouds

disperse too soon before they get into the camera’s field of view.
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Figure 4.10.: Case 2: 2023-11-15 03:00 UTC. The red line indicates the area where the sea
ice concentration exceeds 50% of the grid box, and the red circle indicates
the camera’s area of sight in AROME Arctic. The pressure lines at sea level
are shown in white (upper panels) or in black (lower panels).
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Figure 4.11.: Case 2: 2023-11-15 03:00 UTC West east cross section through the green line
in Figure 4.10. The dotted vertical line shows the location of the camera,
and the solid line at the bottom shows the topography.
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Figure 4.12.: Case 2 zoomed.
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Figure 4.13.: Case 2: 2023-11-15 03:00 UTC. All-sky camera at KHO at 03:12 UTC show-
ing overcast conditions.

Figure 4.14.: Case 2: 2023-11-15 03:00 UTC. Brightness temperature (?) visualized by
NASA Earth Observing System Data and Information System (EOSDIS)
(2024) at 2023-11-14 16:50 and 18:27 UTC. The darker the color, the colder
the brightness temperature. Purple indicates cold surfaces like clouds, sea
ice, and snow.

4.2.2. Displacement Problem

The following case addresses a displacement problem. It discusses a larger synoptic regime
with displaced pressure systems. AROME-Arctic correctly predicts the situation, but does

not manage to get the spatial location right. Among the high offset cases, displacement
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problem cases were found for approximately 20% of them.

Displacement Problem - wind divergence

Case 3 (Figure 4.15) on the 2021-12-01 18:00 UTC shows the displacement problem. A
diverging wind field is located in the southern part of Svalbard (Figure 4.15a), which causes
sinking motions and thus cloud dissipation. The diverging wind field itself is caused by
synoptic conditions. A high-pressure system sits east of Svalbard, and a second, weaker,
high-pressure system sits west of Svalbard, a bit more to the south than the first one. A
low-pressure system is located north west of Svalbard (Figure 4.15b pressure lines). The
two high-pressure systems form a saddle region in between them with high pressure but
no strong gradients, which causes low and diverging wind speeds. The cloud-free regions
in AROME-Arctic are located on the saddle south-west of Svalbard and below the high-
pressure system east of Svalbard (Figure 4.15a). At the camera’s location, AROME-Arctic
sees overcast conditions, while the camera shows that the conditions are clear (Figure 4.16).
Since the brightness temperature measured by a satellite is not very good at showing clouds
over polar land masses during nighttime, the calculated cloud area fraction is chosen for
this case study as an additional source for validation (Figure 4.17). Known weaknesses
of remote sensing cloud detection should be kept in mind (Liu et al., 2004). The satellite
sees the cloud-free region further north than AROME-Arctic and aligns with the all-sky
camera (Figure 4.16).

It seems like AROME-Arctic predicts the synoptic situation and the interplay of the
pressure systems fairly well and only misses the exact location. The origin of misplaced
synoptic situations might come from the boundary conditions fed into the AROME-Arctic
by the IFS (Miiller et al., 2017). A possible solution could be ensemble model runs as
they vary the initial conditions. This might lead to a different cloud formation behavior.
Furthermore, the wind divergence zone might be slightly more north, which could cause
the camera’s location to be cloud-free.

To sum up case 3, it can be said that AROME-Arctic predicts the situation fairly well

except for the wrong location of the pressure systems, which is likely caused by the IFS.

35



4. AROME-Arctic Evaluation

=220

—240

(b) Outgoing longwave radiation at top of the
(a) Cloud area fraction and wind arrows. atmosphere.

Figure 4.15.: Case 3: 2021-12-01 18:00 UTC. The red line indicates the area where the sea
ice concentration exceeds 50% of the grid box, and the red circle indicates
the camera’s area of sight in AROME Arctic. The pressure lines at sea level
are shown in white (upper panels) or in black (lower panels).
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Figure 4.16.: Case 3: 2021-12-01 18:00 UTC. All-sky camera at KHO at 18:01 UTC show-
ing clear sky conditions. Stars and aurora are visible.

Figure 4.17.: Case 3: 2021-12-01 18:00 UTC. Cloud area fraction (?) visualized by NASA
Earth Observing System Data and Information System (EOSDIS) (2024) at
2021-12-01 17:10 and 18:47 UTC. Blue colors indicate clouds.
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5. Summary and Discussion

This chapter summarizes the main findings of this study and discusses its limitations and
uncertainties.

To summarize Chapter 3, it can be said that among the three investigated approaches
(physical, machine-learning, and combined), the combined approach provides the best re-
sults. However, there is still potential to improve the combined approach further. First,
one could increase the number of manually labeled images to improve the training and
validation dataset, both for the SVM and the 7-class ResNet. Most of the earlier studies
utilize a larger training dataset than this study and achieved higher accuracies (Mommert,
2020; Gonzalez-Fernandez et al., 2024; Zhong et al., 2024). Due to a lack of time only the
years 2019-2023 were manually labeled for this study. Doubling the dataset might already
improve the performance of the combined approach.

A downside of machine learning compared to physical models is that their reasoning is
often outside of our comprehension. They do not rely on explicit physical laws, which
makes their internal decision processes difficult to interpret. A physical model can be
improved by understanding the physics and adding them to the model, while a machine
learning model is more like a black box that can only mimic the training dataset. In this
particular case, the ResNet is only as good as I, the person labeling the training dataset.
The ResNet learns to classify the images the way I classify the training dataset.

The labeling of the images introduces the first uncertainty to the final results. Cloud
coverage in okta is not a measurement; it is a subjective value given by a meteorologist
who eyeballs the cloud coverage of the whole visible sky. Another meteorologist might
conclude on a different value. To assess my own subjectivity while labeling the images a
"labeling party’ was conducted. Seven meteorology students from the University of Ham-
burg labeled the same subset of images. It appears that I have a small positive bias
compared to the average value of each image labeled by the others (Figure A.2). Potential
consequences for further studies might be that the labels could be double-checked by other
meteorologists to reduce the subjectiveness of the datasets.

Furthermore, more time could be spent on tuning the SVM by Marocco (2025) to improve
the performance of the prefixed model in the combined approach. The SVM and the
ResNet could be tested with different or deeper architectures or even more loss functions

and optimizers that have not been considered yet.

To sum up the evaluation of AROME-Arctic (Chapter 4), the used scores to evaluate
AROME-Arctic statistically might be misleading. The case studies revealed that AROME-
Arctic usually manages to predict the overall situation fairly well, but the clouds are spa-
tially very variable, and for scores to be good, AROME-Arctic needs to capture the cloud
at the right location and the right time.
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5. Summary and Discussion

The statistical analysis shows that a cylinder together with the random cloud overlap
schemes (Figure 4.3a) provides more realistic results compared to the pixel and the max-
imum and maximum-random cloud overlap schemes. This algins with Hogan and Illing-
worth (2000) results that the vertical cloud overlap during winter in the UK is random.
Furthermore, the cylinder is a more realistic than the pixel because it matches the cam-
eras field of view better. The pixel in combination with the random cloud overlap scheme
appears to perform well in Figure 4.4, however, this performance results from error com-
pensation, as illustrated in Figure 4.3b. Error compensation means that in this case, if the
true cloud coverage is clear or cloudy, the prediction is intermediate, while on the other
hand, if the true cloud coverage is intermediate, the prediction is clear or cloudy. The
consequences of error compensation are that it would have been fatal to only consider the
marginal distribution (Figure 4.4) because the joint distribution (Figure 4.3a) might pro-
vide very important insights. The frame-like distribution of Figure 4.3a and 4.3b, which
also aligns with the U-shaped nature of cloud coverage (Makhotina et al., 2021), is also
found by Hogan et al. (2009), who compare the cloud fraction modeled by the Deutscher
Wetterdienst (DWD) with radar and lidar-based cloud observations.

A lead time analysis shows that there is no dependency of cloud coverage forecast accuracy
and lead times. The used skill score PSS shows that AROME-Arctic only has little skill
in predicting cloud coverage. This is in contrast to the case studies in Chapter 4.2 that
demonstrate an adequate representation of large, as well as smaller scale, synoptic fea-
tures in AROME-Arctic. Thus, the PSS used in this study might not be the best choice to
evaluate the cloud coverage forecast performance of an NWP model. Alternatively, multi-
categorical skill scores like the Heidke Skill Score (HSS) or the Gerrity Skill Score (GSS)
could be tested. However, as mentioned before, these skill scores have to be handled with
caution. More detailed investigations like case studies potentially yield clearer results.
The case studies highlight the importance of considering details of specific situations so
that one is not blindfolded by the falsify results of skill scores. The case studies focus
on often-seen synoptic conditions with at least 5 oktas difference between the observed
and the modeled cloud coverage. The boundary processes during CAOs (cases 1 and 2,
Figure 4.6 and 4.10) were resolved adequately. Despite the huge prediction errors, only
distinct and local processes (high clouds in case 1 and missing convection over Isfjorden
in case 2) can be responsible for these offsets. This underlines the challenges in evaluating
cloud coverage. The origin of the increased high cloud coverage (case 1) might originate
from the IFS, which provides the boundary conditions for AROME-Arctic (Miiller et al.,
2017). The lack of cloud formation over Isfjorden (case 2) might be caused by the fact
that Isfjorden is not well resolved in AROME-Arctic. Thus, the sea surface temperature
in Isfjorden might be too cold, leading to too weak convection. Further investigations
of the sea surface temperature in Isfjorden could be conducted based on a buoy system
deployed in Isfjorden by UNIS or weather stations deployed on ships sailing in Isfjorden
(Frank et al., 2023).

Another interesting aspect is the fact that both case 1 and case 2 show a very similar CAO
in AROME-Arctic but case 1 shows clear sky conditions in the all-sky camera while case
2 shows overcast conditions. This might be explainable by local processes that are not
fully resolved by AROME-Arctic. It might be that in reality case 1 has a lot less cloud
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formation over Isfjorden which impacts the camera’s location. Another possible reason for
the different cloud coverages could be local wind channeling through surrounding valleys
that either blow the clouds away from the camera (case 1) or towards the camera (case
2). It is difficult to isolate the exact reasons since these local processes are not resolved in
AROME-Arctic. The 500m resolution model AROME-Svalbard (Valkonen et al., 2020)
might yield further insides as Mack et al. (2025) has shown that channeling through valleys
is represented better in AROME-Svalbard than in AROME-Arctic.

Case 3 shows a displacement problem during which AROME-Arctic correctly predicts the
synoptic situation, but is shifted in space. It is likely that the displacement happens due to
the boundary conditions of the IFS. Ensemble runs could be a good way to approach this
problem since small deviations in the initial conditions might lead to a different location

of the wind divergence zone and thus of the cloud free area.
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6. Conclusion and Outlook

This study introduced a methodology to gain cloud coverage estimates from all-sky images
taken during the polar night. Furthermore, this cloud cover product was used to evaluate
the NWP model AROME-Arctic.

The methodology is based on a machine learning approach which combines an SVM to
classify the images into 0/8, 8/8, and intermediate cases, and a ResNet to classify the
intermediate cases into 1-7/8 (Chapter 3). Compared to a testing dataset spanning over
3 years, an accuracy of 83% could be achieved.

The statistical evaluation of AROME-Arcitc leads to an ill-conceived conclusion that it is
not able to represent cloud coverage (Section 4.1). A central result of this study is that
average scores need to be used with care. The case studies show that AROME-Arctic can
predict to overall situation fairly well. Only a few processes in AROME-Arctic, of which
not all are completely understood yet, can mess up its cloud coverage.

Cloud coverage, per se, is a lot more complicated to validate in an NWP model than, for
example, temperature. The first reason is that cloud coverage in okta is subjective and not
based on exact measurements. Another reason is the uncertainties with the cloud overlap
schemes and the mapped spatial domain in the NWP model. Additional difficulties, espe-
cially for the location of KHO, are the complex terrain around it consisting of mountains,
valleys, and a fjord close by. Local differences in e.g. channeling through valleys can lead
to spatial displacement of cloud and thus huge misses between the all-sky camera and
AROME-Arctic.

AROME-Arctic does an acceptable job, keeping in mind that the location of the camera
is rather difficult to model due to the complex topography.

There is a lot of potential to continue this study. The transferability of the combined
approach to extract cloud coverage from all-sky images can be explored with additional
cameras at different locations (Figure 6.1). Not only can the extension to other cam-
era locations be tested, but also the extension to daytime images, and thus all seasons
can be explored. This is where the combined approach, which is mainly based on the
7-class ResNet, has a huge advantage compared to the physical approach. It is likely that
the ResNet only needs a new training dataset to adapt to daytime images, whereas the
physical approach simply does not work during daytime since it is, among other things,
based on the moon’s position and the number of visible stars. If the combined approach
is reusable for other locations and daytime images, there is a huge potential in extending
the cloud coverage validation of AROME-Arctic. How well does AROME-Arctic predict
the cloud coverage at different locations? Are there daily or seasonal differences in cloud
coverage accuracy in AROME-Arctic? Are high offsets usually related to CAOs? Is the
initialization by the IFS better at lower latitudes?
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6. Conclusion and Outlook
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Figure 6.1.: Spatial domain of AROME-Arctic 2023-11-29 00:00 UTC with potential cam-
era locations.

Even the current setup can be used to continue evaluating the cloud coverage prediction
of AROME-Arctic, as the time series can easily be extended up to the current date.

The findings about the cloud coverage prediction in AROME-Arctic can be used to further
tune and improve the model. It is possible to isolate, and thus detect, the single processes
that are responsible for the (non)existence of clouds. This will give insights into potential
ways to improve AROME-Arctic.

While not the main purpose of this study, the weaknesses of remote sensing cloud coverage
in high latitudes at night are shown. The cloud coverage retrieved from the all-sky camera

can be further used to validate the cloud coverage detection of satellites.
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A. Additional Figures
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Figure A.1.: Case 1: North-south cross-section of AROME Arctic model run of 2022-12-25
09:00 UTC for different lead times.
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A. Additional Figures
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Figure A.2.: The results of the labeling party are calculated based on November 2022
as a reference month. The mean okta per image is used to calculate the
bias (left y-axis and blue dots). The score is calculated by multiplying the
number of labeled images by one over the bias (right y-axis and red dots).
Comparing the bias for ’leonie’ with the other biases shows the offset of my

labels compared to meteorology students.
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B. Additional Case

This case (Figure B.1) on the 2021-01-20 09:00 UTC shows topography blocking of clouds
at the east coast of Svalbard. AROME-Arctic predicts almost clear sky conditions at the
camera’s location (Figure B.1a), while the camera itself shows fluctuating cloud coverage
(Figure B.2).

Svalbard is impacted by a strong high-pressure system with its core north-east of Svalbard.
The cloud area fraction in Figure B.1a shows an inhomogeneous pattern over Svalbard and
a denser cell-like cloud cover over the sea, downstream of Svalbard. The wind field shows
intense and diverging wind speeds away from Svalbard, and colder air over land flowing
as northerlies and north-easterlies over the warmer sea. Once the air reaches the sea,
convective cells begin to form, which is nicely visible in the outgoing longwave radiation
(Figure B.1b).

At first, it was believed that AROME-Arctic already sees convection-like cloud features
over land. However, an animation (Nellesen, 2026b) shows that these clouds are almost
constant in space and time. The fact that Figure B.2 shows fluctuating cloud coverage at
the camera’s location might hint towards the cloud shadowing being too strong. Another
potential error could be wind channeling through a nearby valley towards Isfjorden. Is-
fjorden might have cloud formation, which impacts the location of the camera.

Local weather situations like that are very difficult to forecast correctly. A potential so-
lution could be increased resolution. AROME-Svalbard (Valkonen et al., 2020) the 500 m
resolution model could be used to study if higher resolved topography might impact the

cloud coverage distribution.
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Figure B.1.: 2021-01-20 09:00 UTC: The red line indicates the area where the sea ice
concentration exceeds 50% of the grid box, and the red circle indicates the
camera’s area of sight in AROME Arctic. The pressure lines at sea level are
shown in white (upper panels) or in black (lower panels).
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B. Additional Case
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Figure B.2.: C2021-01-20 09:00 UTC: All-sky camera images at times before and after the
case study. The images show fluctuation in cloud coverage.
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