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Abstract High-resolution hemispheric camera images at a meteorological site in western Germany are used
to analyze the multi-dimensional spatial characteristics of continental cumulus cloud fields, and to evaluate
Large-Eddy Simulations on this aspect. Traditional non-hemispheric cloud-detecting instruments provide
additional reference data. The main model-observation comparison focuses on cloud size distributions (CSDs),
employing two methods: (a) directly using three-dimensional model fields, direct CSDs, and (b) using rendered
hemispheric images of the model fields as produced by a camera simulator based on path-tracing. In the latter
method, both the real and rendered images are used to three-dimensionally reconstruct the cloud fields, yielding
hemispheric CSDs. Advantages of hemispheric comparisons over more classic approaches include (a) fair
comparisons between model and data, and (b) full use of the enhanced resolutions and hemispheric spatial
coverage of the camera imagery. Basic evaluation of the simulations demonstrates good agreement on
thermodynamic structure and its diurnal cycle. Cloud heights and cloud cover are intercompared between the
model, camera data and other instrumentation, providing insight into their structural differences. A consistent
alignment is found between the hemispheric CSDs from both the model and the cameras. Power law fits reveal
structurally lower exponents in hemispheric CSDs compared to non-hemispheric CSDs, which particularly
caution against directly comparing hemispheric CSDs to non-hemispheric distributions. This result is robust for
sample size and fitting method. These findings inform future use of hemispheric camera systems for studying
cumulus cloud field morphology and model evaluation.

Plain Language Summary Cumulus clouds are difficult to model accurately in weather and climate
simulations due to their complex and ever-changing structures. Traditional meteorological tools often can't
capture these details. To overcome this, we used high-resolution cameras that provide a detailed view of the
clouds. In this study, we compared cloud simulations from Large-Eddy Simulations (LES) with real cloud
observations from cameras and other instruments in western Germany. We used two methods: the first directly
compared the simulation data, and the second involved rendering images from the simulation using a path-
tracing algorithm to match the camera's perspective. This helped us to better compare the two data sets. Our
results showed that the cloud reconstructions from the simulations closely matched the actual camera images
and other ground-based measurements. We also found that the cloud sizes were more accurately captured using
the cloud reconstructions from camera data than with direct comparisons of the simulation data. This study is
among the first to use camera data for analyzing cloud sizes and it highlights the ability of camera-based
methods to capture smaller cloud structures that are often missed by other methods.

1. Introduction

Cumulus clouds (Cu) exert significant influence on Earth's weather and climate, by impacting radiative transfer
and facilitating the vertical transport of heat, moisture, and momentum within the lower atmosphere. This makes
an accurate representation of cumulus clouds in general circulation models of crucial importance (Myers
etal., 2021; Neggers, Neelin, & Stevens, 2007; Nuijens & Siebesma, 2019; Tiedtke, 1989). A complicating factor
in this effort is the complex spatial geometry of cumulus cloud fields, which plays a key role in all of their impacts.
e.g., radiative transfer is strongly affected by cumulus cloud overlap (e.g., Corbetta et al., 2015), while vertical
transport is effected by lateral entrainment across the heterogeneous cloud boundaries (Dawe & Austin, 2013;
Garrett et al., 2018).

The importance of Cu cloud geometry has motivated and prioritized efforts to reliably observe this feature with
meteorological instrumentation. Traditionally, one-dimensional, vertically pointing remote sensing instruments
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have been used to this purpose, including ceilometers, lidars and radars (Fielding et al., 2020; Schulz et al., 2021;
Zhan et al., 2021). However, due to their limited Field-Of View (FOV) these techniques struggle to simulta-
neously detect the potentially complex spatial geometry of the full cloud field, which might be rapidly evolving.
An alternative to surface instrumentation is satellite or high-altitude airplane imagery, which have the benefit of
covering much larger areas (DeWitt et al., 2024; Plank, 1969; Wood & Field, 2011). A limitation is that such
imagery are mainly vertical projections, and until recently also had too limited spatial resolution to detect ge-
ometry down to the smallest scale. The typically low time frequency of high altitude imagery also acts to limit
their use for fully understanding Cu cloud evolution (Fielding et al., 2020; Schulz et al., 2021).

An attractive alternative for capturing the high resolution complex geometry of Cu cloud fields is stereo
photogrammetry (Beekmans et al., 2016; Crispel & Roberts, 2018; Malkus & Ronne, 1954). This optical tech-
nique detects much finer spatial details, and images are also available at high frequencies (typically every few
seconds). But arguably the biggest advantage is the opportunity it provides to reconstruct geometry in multiple
dimensions, including the temporal one. This is enabled by the use of more than one high-frequency camera, with
two-camera systems often referred to as stereo cameras (e.g., Beekmans et al., 2016). Recently, networks of
multiple cameras have been developed to even further improve the four-dimensional reconstruction of the spatial
and temporal features of the observed cloud fields (Blum et al., 2021; Nouri et al., 2019; Oktem & Romps, 2021;
Romps & Oktem, 2018). Such large camera networks have successfully provided new insights into the geometric
shape and evolution of cumulus clouds.

Apart from observational efforts, high-resolution Large-Eddy Simulation (LES) has proven to be an alternative
numerical tool for investigating Cu cloud field geometry. LES offers unlimited access to full four-dimensional
virtual cloud fields (Angevine et al., 2018; Neggers et al., 2011; Shen et al., 2022; Siebesma & Jonker, 2000).
Profiting from the ongoing surge in the efficiency and capability of High Performance Computing (HPC),
increasingly finer resolutions and larger domains are becoming feasible. This gives access to very fine-scale cloud
geometry, at least virtually. Despite these significant advantages, LES still remains only a model, per definition
being a simplification of reality with inherent limitations. This necessitates validation of LES results on cloud
geometry against observational data, a topic which has been intensely researched in recent decades (Griewank
et al., 2020; Heinze et al., 2017; Senf et al., 2018).

So far, however, few attempts have been made to confront LES with stereo camera data. Burchart et al. (2024)
introduced a novel tool to this purpose, using hemispheric path tracing acting on LES-generated three-
dimensional fields of cloud liquid water content. This tool renders virtual images of model clouds in almost
exactly the same way a real hemispheric camera would see them, thus functioning as a so-called “instrument
simulator” for hemispheric cameras. Such simulators enable a both fair and robust evaluation of cumulus cloud
geometry in LES models against high frequency, high-resolution camera network data.

The primary aim of this study is to conduct a statistical comparison of cumulus cloud geometry between
hemispheric camera data and LES cloud fields. More specifically, the method developed by Burchart et al. (2024)
is adopted to three-dimensionally reconstruct cloud fields from both rendered images from LES fields and real
images from a stereo camera system installed at a meteorological site in Germany. The comparison is extended to
include data from various other ground-based cloud-observing instrumentation at the site, to provide reference
and gain further understanding of how observations of cloud properties fundamentally differ between these
systems. The focus lies on two selected consecutive days in July 2021 on which well defined diurnal cycles of
boundary layer shallow Cu were observed at the site. On these days, hourly radiosondes were launched to
constrain the LES experiments as much as possible with independent observations.

In this study, cloud field geometry is primarily researched by means of the horizontal cloud size distribution
(hCSD), defined as the distribution of the square root of the vertically projected cloud areas. Previous research of
the hCSD has predominantly relied on satellite data (e.g., DeWitt et al., 2024; Wielicki & Welch, 1986;
Yuan, 2011), high-altitude aircraft data (Plank, 1969; Rodsts et al., 2003; Wood & Field, 2011) or high-resolution
model output (e.g., Heus & Seifert, 2013; Laar et al., 2019; Neggers et al., 2003, 2019; Rieck et al., 2014).
Estimating the hCSD from reconstructed cloud fields from camera networks would provide a new independent
source of information in addition to the existing data sets, with particular added value provided by the obser-
vational coverage of much smaller spatial and temporal scales. It is on this aspect where previous studies of the
hCSD have predominantly relied on simulation data. A specific objective of this study is to structurally compare
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hCSDs from both the LES and the cameras for the 2 days of interest, including an assessment of how hemi-
spherically derived hCSDs differ from distributions sampled directly from the model output.

The structure of this paper is organized as follows: Section 2 provides a comprehensive description of the
meteorological site (Section 2.1), the camera-based cloud field reconstruction (Section 2.2), the observational
data (Section 2.3), the LES model setup (Section 2.4), and the algorithm for rendering camera images from LES
data (Section 2.5), followed by the retrieval methods for cloud properties (Section 2.6), including cloud cover,
cloud base height, and horizontal cloud size distributions. In Section 3, the analysis cases are introduced,
accompanied by an initial evaluation of the thermodynamic structure and its diurnal circle. Section 4 presents a
comparative analysis of the reconstructions from real and rendered images, alongside data from other ground-
based instruments and direct LES outputs. Finally, Section 5 discusses the broader implications of these find-
ings, with conclusions presented in Section 6.

2. Data and Methods
2.1. JOYCE

The Jiilich Observatory for Cloud Evolution (JOYCE, Lohnert et al., 2015) is a meteorological mid-latitude
continental site located in western Germany. Its relative proximity to the North Sea ensures a persistent supply
of low level atmospheric humidity, supporting a frequent occurrence of summertime shallow cumulus convec-
tion. These characteristics makes the site well suited for scientific investigation of this cloud regime. The site is
operated by the University of Cologne on a continuous, year-round basis, and features a suite of standard and
more advanced meteorological instrumentation (described in detail in Section 2.3).

2.2. Camera-Based Cloud Field Reconstruction

The schematic workflow for reconstructing cloud fields from camera images is illustrated in Figure 1. This
process is applied to both actual camera observations (see Section 2.3) and images rendered from LES (see
Section 2.4 for the model setup and Section 2.5 for the rendering algorithm). Methods common to both data sets
are highlighted in green, while data set-specific methods are shown in orange or blue respectively. These data set-
specific methods include the Path-Tracing Algorithm for rendering LES images (Section 2.5), the CNN cloud
masking algorithm—trained on either actual or rendered images—and the distortion correction algorithms, which
account for the optical distortions caused by the cameras' protective glass dome. The latter correction is un-
necessary for rendered images, as they are not subject to such distortions.

The common reconstructions steps are rectifying the images by using an epipolar rectification model as described
in Beekmans et al. (2016), to a format where cloud displacements are constraint to the x-axis, which is crucial for
the inter-camera matching. The Semi-Global Block-Matching algorithm (Hirschmuller, 2005) is then employed
to align cloudy pixels between cameras, producing disparity maps that quantify pixel shifts during camera
transitions. Triangulation, using both the disparity maps and camera calibration parameters, reconstructs the
location of the cloudy pixels in 3D space. The effective Field-Of-View (FOV) used in the reconstruction process
isa6 x 7 km rectangle. The precision of this reconstruction process relies on the accurate identification of cloudy
pixels, as facilitated by the cloud mask. For more details, see Beekmans et al. (2016).

Additionally, minor discrepancies in the matching algorithm occasionally generated small regions with zero pixel
displacement within the clouds, leading to fragmented cloud representations in the disparity maps. To address this
issue, the reconstruction approach is refined by interpolating the disparity maps within the cloud regions. This
refinement involved removing areas of zero pixel displacement and utilizing the Clough-Tocher 2D interpolation
method from the SciPy Python library (Virtanen et al., 2020). The cloud masks thereby ensure that interpolation is
exclusively performed within cloud areas.

In this study, the reconstruction process is improved by replacing the color-based threshold method used in
previous studies (Beekmans et al., 2016; Burchart et al., 2024) with a more advanced CNN for cloud masking. For
that, a convolutional neural network (CNN) cloud mask algorithm based on the U-Net architecture is used. This
approach is adapted from previous studies, including Fabel et al. (2022), focusing on cloud detection in all-sky
imagers, and Dronner et al. (2018), which applied the method to satellite imagery. Unlike Fabel et al. (2022), this
study employs a binary classification model that categorizes pixels as either cloudy or non-cloudy.
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Cloud Masks Camera Images
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Interpolated Disparity Maps

Reconstructions

Common Workflow

Figure 1. Schematic workflow for reconstructing cloud fields. Orange arrows represent methods specific to the camera
simulator, while blue arrows denote methods specific to camera observations. Green arrows highlight the shared steps in the
workflow.

For CNN training, six manually selected images per camera are used to capture the environmental variations
around the camera. These images are labeled by visually identifying and marking white cloud pixels as clouds,
serving as the ground truth for cloud masking, as no definitive cloud mask reference exists. To account for diurnal
variations, the selected images cover three time points (09:30, 12:00, and 17:00 UTC) for both days and both
cameras. In the controlled LES setup, which maintains a stable environment, only six images of one camera are
selected (specifically at 09:00, 12:05, and 17:00 UTC for both days). All training images and their corresponding
cloud masks are available in the supplementary data publication (Burchart et al., 2025). The CNN model is trained
for 1,000 epochs, with the training loss beginning to increase after approximately 550 epochs. As a result, the
model trained for 500 epochs is selected for the analysis in this study.

To validate the CNN cloud mask algorithm, we visually compared each cloud mask with the RGB color-based
threshold method described in Lohnert et al. (2015) for cloud cover calculation, and Beekmans et al. (2016)
for 3D cloud field reconstruction. Figure 2 compares these methods applied to the same image. Both methods face
challenges in differentiating the bright sun from clouds. However, the CNN method performs better, particularly
by reducing false classifications of the sunlit circular camera surroundings as clouds. Additionally, objects like
towers and measurement instruments, which the color-based method often misclassifies as clouds, are less
frequently misidentified by the CNN. The CNN method also more accurately identifies dark cloud bases, a task
where the threshold method used in Beekmans et al. (2016) struggles. These observations are consistent across all
tested images, even though only one example is shown here. Overall, the CNN cloud mask demonstrates sig-
nificant improvements over the previous method.
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Table 1

Figure 2. Cloud mask comparison: (a) Original camera image, (b) color-based cloud mask, and (c) CNN cloud mask
implemented in this study.

2.3. Observational Data

Table 1 provides an overview of the observational data used in this study, along with the associated JOYCE
instrumentation. For a more detailed description of the data, see Appendix A.

2.4. LES Model Setup

This study makes use of the Dutch Atmospheric Large-Eddy Simulation code (DALES, Heus et al., 2010). The
DALES code has participated in numerous LES Model Intercomparison Studies (MIP) in the past that were
dedicated to testing model performance for various modes of cumulus convection (e.g., Brown et al., 2002; de
Roode et al., 2016; Schemann et al., 2020; Siebesma et al., 2003; Stevens et al., 2001; van der Dussen et al., 2013;
van Zanten et al., 2011). For a brief overview of DALES, see Appendix B.

The design of the LES experiments used in this study in principle follows the standardized setup described in
detail by Laar et al. (2019), which was specifically designed to simulate diurnal cycles of shallow convection
observed at land sites. For a concise summary of the standardized setup, see Appendix B.

A few crucial differences are introduced in this general setup to further optimize performance concerning both the
onset and height distribution of surface-driven shallow convective clouds on the 2 days of interest. These changes
include the following:

1. Model initialization takes place at 06:00 UTC just before sunrise, herein following the LASSO model
configuration as applied at the Atmospheric Radiation Measurement (ARM) Southern Great Plains (SGP) site
(Gustafson et al., 2020);

Overview of the Observational Data and Related Information

Instrument Principle Measurement quantity Specifications Atmospheric variables
Cameras Cameras viewing the sky with a 185° RGB images (2,456 X 2,054 pixels) At = 5 min cloud cover, cloud base height,
FOV via fisheye projection cloud size distribution
Ceilometer Light detecting and ranging (lidar) Backscatter profiles at 1,064 nm At =155, cloud cover, cloud base height
CHM15k Az =15m
Ceilometer Lidar Backscatter profiles at 905 nm At =15 s, cloud cover, cloud base height
CT25K Az =30m
Cloudnet Synergistic product from cloud radar, At = 30s, cloud vertical extent, cloud phase
ceilometer, and microwave Az =30m
radiometer
Doppler lidar Doppler lidar Backscatter and Doppler At = 2s, mixing-layer height
Streamline velocity profiles at 1,500 nm Az =30m
Radiation Pyranometer Global and diffuse radiation At = 1 min cloud cover
measurements
Radiosondes Balloon-borne profile observations various temperatures, humidity, pressure At~ 1h height, temperature, specific humidity

BURCHART ET AL.

5 of 26

8518017 SUOWWOD BA 81D 3(edt|dde ayy Aq peusenob afe il VO ‘SN Jo SaINn 10y Akeiqi 78Ul UO AB|IM UO (SUOIIPUOD-PUE-SWBIALIY A8 |1 A1 1[BU 1 UO//StnY) SUORIPUOD PUe SIS 18U} 88S *[9202/€0/52] U0 ARiqITauliuO A8|IM ‘Ujo3 NZ TeIsieAlun Bp *(q1g Ad #08700S NbZ02/620T 0T/I0p/uoo A8 Areiqpul|uo'sgndnfey/sdny woj papeojumoaq ‘2 ‘5202 ‘99t2ey6T



I VY ed B | . .
M\I Journal of Advances in Modeling Earth Systems 10.1029/2024MS004804
T 2. Prescribed, time dependent surface sensible and latent heat flux are used as
able 2

Overview of the Configuration of the LES Experiments

measured at a nearby flux station at Selhausen (Schmidt et al., 2022);

Model

DALES 3. ERAS profiles during day time are replaced by data from local radio-

Number of grid cells X levels
Horizontal resolution
Horizontal domain

Model top

Vertical grid

Horizontal boundary conditions

3D output frequency

sondes, launched hourly at the JOYCE site from 06:00 UTC onwards on

512 X 512 x 144 the 2 days of interest;

50 x 50 m? 4. Nudging is only applied above the convective boundary layer, at a rela-
25.6 X 25.6 km? tively tight timescale of 3 hr.
13 km These four steps together act to more effectively tie the mean model state to

Telescopic, 20 m at lowest level ~ local measurements throughout the diurnal cycle.
Ligmilpeniotie An overview of key characteristics of the LES experiments is provided in

5 min Table 2, covering grid spacing, domain size, vertical grid, boundary condi-

tions, and output specifics. Based on previous MIP results the adopted spatial
resolution is considered high enough to resolve most of the variability and clouds associated with shallow
convection. Because mesoscale organization is not the core focus of this study, a moderate horizontal domain size
of 25.6 x 25.6 km? is thought sufficient for accommodating cloud populations large enough to yield statistically
robust cloud size distributions (Neggers et al., 2003).

2.5. Rendering

A key component of the research work flow in this study is the use of rendered hemispheric images from LES
cloud fields. To generate the rendered images the methodology of Burchart et al. (2024) is adopted. For a short
summary on this approach see Appendix C. These rendered camera images are subsequently used to reconstruct
the 3D cloud fields, employing the same method described in Section 2.2.

To further enhance the realism of the renderings, several modifications are made to the method of Burchart
et al. (2024). Instead of fixed solar angles and power, solar positions and power are dynamically calculated based
on the time and geographic location, with the solar angular diameter set to 0.53°. Additionally, anisotropic
scattering with an asymmetry factor of 0.85 are used. The rendering process is sensitive to the minimum liquid
water content threshold required to classify a grid box as a cloud. For the main results, this threshold is set to
0.002 g/kg, which approximates the minimum value observed in the 2-day simulations. The sensitivity of this
threshold is further discussed in Appendix D.

2.6. Cloud Property Retrievals
2.6.1. Cloud Cover Retrieval

In this study five different cloud cover retrievals are used, as described below. Two retrievals from the camera
images and one from the solar radiation, CloudNet, and the direct LES output.

To compute the cloud cover out of the camera images two methods are employed. The first method uses the 3D
reconstruction (Section 2.2). The cloud cover is then estimated by projecting the 3D reconstruction points onto the
2D surface. The points are then triangulated using Delaunay tessellation, as implemented in the Python library
SciPy (Virtanen et al., 2020). The cloudy area are determined by calculating the areas of the resulting triangles and
summing them. To avoid connecting two separate clouds with triangles and erroneously adding the empty space
between them to the cloud cover, triangles are excluded if any side exceeded 100 m.

The second method estimates cloud cover more directly from the images by applying the cloud mask explained in
Section 2.2, counting the pixels identified as clouds, and dividing this number by the total number of pixels that
would theoretically represent a fully cloud-covered sky. The final cloud cover estimate is obtained by averaging
the results from the two camera images.

Cloud cover is derived from solar radiation measurements by analyzing the ratio between diffuse and global
radiation as done by Butt et al. (2010). They use the ratio between calculated and observed global radiation as a
proxy for cloudiness: if observed/calculated <0.8 then the observation is considered to be cloudy; otherwise it is
classifie as cloud-free. This threshold value is usually considered constant. However, the method provides only
reliable results for a solar zenith angle of less than 70° (Weber & Baker, 1982), as with a long optical path through
the atmosphere, especially with the presence of aerosols, the diffuse fraction increases even for clear-sky cases.
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Furthermore, this method can also cause biases due to spatial inhomogeneities of clouds in the direction of the sun
position.

Cloud cover from CloudNet is derived by first detecting clouds within 2-hour sliding windows whenever liquid
water cloud droplets are detected within 5 km. Then, the proportion of cloudy instances divided by the number of
total measurements within the same window is taken. The same sliding window approach is also taken for the
cloudy instances detected by the ceilometers and the solar radiation measurements.

The cloud cover from the direct LES output is estimated by identifying clouds by taking grid boxes with a liquid
water content greater than zero. These cloud fields are vertically projected onto the 2D surface and the cloud cover
is calculated from the LES grid by dividing the projected cloudy area by the total domain area.

2.6.2. Cloud Base Height Retrieval

The cloud base height of the reconstructed 3D cloud field are approximated by sorting the reconstruction points by
height and selecting the 2.5th percentile. To prevent the inclusion of reconstruction points near the ground, such as
buildings, towers, and trees, points below 500 m are excluded. In cases where few or no clouds were present, this
led to cloud base height estimates close to 500 m. To avoid such inaccuracies, cloud base heights below 550 m are
disregarded. Additionally, to ensure that only boundary layer cloud bases are considered, instances where the
estimated cloud base height exceeded 4 km are removed.

Cloud base heights from the direct LES outputs are determined by identifying the lowest nonzero value in the
domain-averaged cloud liquid water profile. To reduce noise in the cloud base height time series data, a median
sliding window filter with a 15-min span was applied to the camera data, and 15-min minimum values were used
for the ceilometer and Cloudnet measurements.

2.6.3. Estimating the Horizontal Cloud Size Distributions

To compute the hCSD the cloud fields are clustered into individual clouds using the DBSCAN algorithm
(Density-Based Spatial Clustering of Applications with Noise) from the scikit-learn Python library (Ester
et al., 1996; Pedregosa et al., 2011; Schubert et al., 2017).

For each cloud object i, the projected area Af' is calculated by vertically projecting the 3D points onto the 2D
plane, and then using triangulation to determine the area, in the same way as for the cloud cover analysis
(Section 2.2). The same procedure is applied to the cloud reconstructions based on emulated and actual camera
images. For the 3D LES fields, the areas are calculated by summing up the area of the grid boxes on the projected
plane that belong to each cloud object or cluster. The domain is thereby cropped to match the camera domain to
ensure comparable results.

Figure 3 illustrates this method, showing the cloud fields after projection and triangulation. The black crosses
represent camera locations, while the dotted box marks the region where reliable reconstructions can be achieved.
When interpreting this figure, it should be noted that the camera method can primarily reconstruct cloud bases and
portions of cloud sides that are visible to both cameras. Additionally, if any part of a cloud is obscured by other
clouds in the camera's FOV, those obscured portions cannot be reconstructed (Burchart et al., 2024).

Following Neggers et al. (2019); Laar et al. (2019); Dawe and Austin (2012), Af was transformed into a linear
scale via:

I; == /AP €))

To sample the probability density function, the resulting cloud sizes, /;, are then sorted into a histogram of cloud
numbers N([), thereby approximating the underlining hCSD N(I) via:

N()

N~ == 2
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Figure 3. Vertically projected cloud fields from camera data (white) and LES output (purple dots). The dotted box indicates
the cameras' effective Field-Of-View (FOV), where reliable reconstructions are feasible. Camera locations are marked with
black crosses.

where dl represents the width of the size bins. For that, clouds are sorted into 20 logarithmically spaced bins from
100 m to maximum possible cloud size, following DeWitt et al. (2024); Wood and Field (2011); Neggers and
Griewank (2022). Thereby, the same bins are used for all distributions.

The difference in slope of hCSDs can well be captured by fitting a functional form to the data. For observed
hCSDs the power-law form has often been used to this purpose (Benner & Curry, 1998; Machado & Ros-
sow, 1993; Neggers et al., 2003; Savre & Craig, 2023),

N« ™ 3)

where [ represents the cloud size, defined as the square root of the projected cloud area, and the power law slope o
is a constant, typically ranging between approximately 1.7 and 2.5 (Rieck et al., 2014). The power-law
approximation has been reported to hold across the entire detected size range (DeWitt et al., 2024;
Yuan, 2011), while other studies have identified a scale break at cloud size fy.,, (Neggers & Griewank, 2022;
Wood & Field, 2011; Xue & Feingold, 2006), with a different exponent a for clouds smaller and larger than /e, .
Mathematically, that can be understood as a bounded or unbounded Pareto distribution. The unbounded Pareto
distribution is given by the following cumulative distribution function F,p and probability density function p,p for
an @ > 1 (White et al., 2008):

11—l e forl > I,
Fp(asl) = 4)

forl < Iy

a—1)-11 e forl > I,
porl(as ) = @ = 1) i " Q)
0 forl < lpnin

In reality, however the sampled cloud sizes are always bounded by above by the maximum cloud sizes that fit in
the observed domain. Therefore, it make sense to consider bounded Pareto distribution, which are defined by the
following cumulative distribution function Fp and probability density function p,p (White et al., 2008):

llTa _ ll—a -1
Fp(as D) o= 50—,  pplx]) = IIEZ—)_,,' r* forbnin £ 1< ek (6)

l—a 1 1
lmin - lbreak min lbrea.k
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In this case ., is either the maximum observable cloud size if the power law hold across the entire detected size
range or the scale break. /;, is the smallest observable cloud size, in our case at least the 50 m LES resolution, and
in theory at least the Kolmogorov length scale.

To compare the hCSDs found in this study to each other and to those reported in preceding studies, a similar
power law fit is applied. For precession, the resulting power law slopes « are computed via two methods. The first
method is by performing linear regression in the log-log space for the logarithmically binned histograms as done
in DeWitt et al. (2024), Neggers and Griewank (2022); Neggers et al. (2019), Dawe and Austin (2012). The
second method is based on maximum likelihood estimation (MLE) for given /;, and /., as done in Savre and
Craig (2023). To do this for a given sample of cloud sizes 1 := ([;)7_, in the range /;, and ., the log-likelihood
function

(o)) == Zlog(pbp(a; L)=n log<%> - “Z log(l) @)

i=l min break i=1

is maximized in regards of a by numerically approximating the root of its first derivative and ensuring that the its
second derivative is negative, thereby using MINPACK's hybrd and hybrj routines as implemented in the scipy.
optimize.root of the SciPy Python library (Virtanen et al., 2020). The calculation of the first and second de-
rivatives are shown in Appendix E.

To assess uncertainty in the power-law slope estimation, the root mean square deviation (RMSD) is determined
through a standard bootstrapping procedure. Specifically, the empirical data is resampled with replacement 2,500
times, and the best-fitting slopes (a) are repeatedly estimated.

A potential scale break is identified using a method similar to that of Savre and Craig (2023). First, all possible
scale ranges (Inin» loreax ) are considered by discretizing the full available size range in increments of 50 m, cor-
responding to the LES resolution. For each of these scale ranges, the best-fitting power-law slope & are estimated
using MLE and the Kolmogorv-Smirnov (KS) statistic is computed, which is defined by

D := sup |F,()—Fp(a;)], ®)

Inin <1 <lpreak

where F, is the empirical cumulative distribution (Savre & Craig, 2023). To enable a consistent comparison
between the two hCSDs derived from camera data and the classic CSD, the same scale ranges (/yin, lyreax) are used
for each distribution. To ensure this consistency, the optimal range is selected as the one that minimizes the sum of
the KS statistics across the three hCSDs for each possible Pareto distribution.

3. Case Description

This study focuses on non-precipitating shallow cumulus (ShCu) cloud fields observed on two consecutive days
at the JOYCE observatory. To capture the complete diurnal cycle while ensuring sufficient daylight for the use of
camera images, the period of analysis is here defined from 08:00 to 18:00 UTC on both days, corresponding to
UTC+2 local time. The LES are initiated 2 hrs earlier to allow for turbulence spin-up. A data gap for the camera
observations exists on 22 July between 08:50 and 09:30 UTC due to camera calibration.

Before comparing LES clouds to stereo camera data, it makes sense to first evaluate the general performance of
the LES experiments for these 2 days, against other relevant data. The first step is to compare model profiles of
water vapor specific humidity (qv) and potential temperature (0) against radiosonde data, as shown in Figure 4. To
optimize statistical significance while still allowing interpretation of diurnal evolution, the profile data are
averaged across three time intervals:

e Early Morning: 06:00-08:00 UTC
e Late Morning: 09:00-11:00 UTC
e (After)Noon: 11:00-14:00 UTC

In general, the LES reproduces the observed vertical thermodynamic structure and its diurnal evolution, with a
few notable deviations. Water vapor specific humidity ¢, and potential temperature @ both exhibit a well-mixed
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Figure 4. Diurnal Cycle of the averaged water vapor specific humidity profiles ¢, (a—f) and potential temperature 0 (g-1) of
the selected contiguous ShCu days. Green indicates the radiosonde data, and blue the LES simulations. The shaded areas
represent the min-max range within the averaging period.

layer situated beneath a conditionally unstable cloud layer, topped by an inversion layer. Minor discrepancies in
g, between model and measurements are present but are of second order compared to the ABL-deep structure,
with average differences being less than 1 g kg=!. A general warm bias exists of a few K, in particular at more
elevated heights. We speculate this could be an artifact of the application of continuous Newtonian nudging above
ABL top. By acting on the difference between the mean state and the (time-changing) nudging state, the nudging
does allow such biases to exist, with their magnitude depending on the nudging time-scale.

Figure 5 compares the diurnal evolution of both mixed layer depth and cloud base height. Data on cloud top height
was judged to be unreliable for these 2 days, and is excluded from the analysis (see Appendix F for a more
elaborate explanation). Modeled mixed layer depth is based on the level of minimum buoyancy flux, following
various previous studies (Burchart et al., 2024; Neggers, Stevens, & Neelin, 2007). For the Doppler lidar, the
mixed-layer height is identified as the first level where the standard deviation of vertical velocity dropped below
0.4 m/s, adopting the method described by Schween et al. (2014). To ensure sampling consistency, 30-min
averaged values are used in both methods. On both days the model underestimates the observed mixed layer
deepening during the morning transition after sunrise. The lag of initial deepening could be due to underestimated
turbulence generation in the model during the spin-up phase. However, at about 12:00 the model “catches up”
with the observations, and mixed layer top is reproduced reasonably well during the afternoon, within a few
100 m.
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Figure 5. Diurnal cycle of (a) mixed-layer depth (lines) and (b) cloud occurrence (symbols and shading) for the two
investigated days. Observed mixed layer depth is derived from Doppler lidar data (green), while cloud base height is derived
from CT25K ceilometer data (small triangles). The methods applied to calculate these data, also for the LES model, are
described in the text.

Associated with the underestimated initial deepening is a delay in cumulus cloud onset in the model on 22 July.
This is evident when comparing ceilometer cloud base data to the LES cloud layer, as shown in Figure 5. Cloud
base height is to some extent underestimated on 21 July, while better agreement is found on 22 July. Again, in the
afternoon the model-observations agreement is better.

While the model-observation differences thus encountered are significant enough, it should be noted that such
magnitudes are typical of LES based on limited data at meteorological sites (Endo et al., 2019; Gustafson
et al., 2020; Neggers et al., 2012; Schemann et al., 2020; Zhang et al., 2017). These studies traced these biases to
various possible sources, including uncertainties in the larger-scale forcings, initial and boundary conditions,
spinup effects, and missing or underrepresented physics.

Do the encountered biases make the model simulations unfit for comparing model clouds to stereo camera an-
alyses? All models are simplified representations of reality, and as a consequence, any model simulation is by
definition not perfect. The main objective of this study is not to generate perfect reproductions of observed cloud
fields, but rather to compare cloud field statistics in high resolution models, in all their shortcomings, to hemi-
spheric images using a stereo camera simulator. Most observed cumulus clouds occur in the afternoon, when the
vertical structure and cloud base height are generally reproduced. We use this agreement to justify comparing
model clouds to stereo camera data in that period.

4. Results

With the evaluation of the mean vertical thermodynamic and cloud structure covered in the previous section, the
next step is to focus on more advanced aspects of the cloud field as detectable by the stereo cameras. Thereby, the
focus lies on the spatial structure of the cumulus cloud field, which is explored in this section.

4.1. Cloud Cover

The vertically projected cloud cover is investigated first, of which the retrieval methods for the various in-
struments were described in Section 2.6.1. The results are intercompared in Figure 6, also including model data.
The top row presents the cloud cover retrievals from non-photogrammetric observations, while the bottom row
represents camera-based retrievals, including those rendered from model fields. The camera-based data is
calculated either through pixel-counting (labeled “Camera Pixel”) or through reconstruction of the 3D cloud
structures (labeled “Camera 3D”). The default and classic method of calculating cloud cover from 3D LES cloud
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Figure 6. Time series of cloud cover from ground-based observations at JOYCE (top) compared to camera-based
observations and LES results (bottom). “Camera Pixel Obs.” and “Camera Pixel LES” refer to cloud cover from pixel
counting of actual and rendered images, respectively. “Camera 3D Obs.” and “Camera 3D LES” represent cloud field
reconstructions from actual and rendered images. “LES” indicates cloud cover from LES. See Section 2.6.2 for retrieval
details. The green shading in the bottom panel shows the min-max range from the top panel as a reference. No camera data
were available between 08:50 and 09:30 UTC on 22 July 2021.

fields through vertical projection is also shown, for reference (labeled “LES”). To facilitate comparison of the top
row to the bottom row, the minimum-maximum range of the top data is also shown in the lower panel.

Among the non-camera estimates, the radiation measurements start to deviate significantly from the other ob-
servations after 16:00 UTC. This is likely due to retrieval errors at large zenith solar angles, as longer optical paths
increase diffuse radiation, particularly in the presence of aerosols. Reliable results are generally obtained when
the zenith angle is less than 70° (Weber & Baker, 1982), which holds true before 17:00 UTC on both days.
However, the substantial deviation already observed at 16:00 UTC suggests a high aerosol concentration, which is
supported by sun photometer data [not shown], providing aerosol optical depth values exceeding 0.5 at 500 nm on
both days. For this reason, the period after 16:00 UTC is shaded in the top row and excluded in the bottom row.

Moving on to the camera-based estimates, the cloud cover derived from the actual camera images (plotted in blue)
generally aligns with the mean time evolution detected by the ground-based instrumentation. An interesting
difference between pixel-based and 3D-based cloud cover emerges after 17:00 UTC on both dates, with the 3D-
estimates remaining more or less stable while the pixel-estimates slightly increase. This likely results from the
cloud-masking algorithm misclassifying the brightening sky near sunset as clouds.

On 22 July 2021 all observational datastreams agree remarkably well between 08:00—15:00 UTC, with deviations
remaining below approximately 20%. One effect that is relevant when comparing vertically pointing instru-
mentation to hemispheric systems on both days is the fact that the latter also capture clouds in the periphery of the
observation facility. As a result, fewer clouds are detected by the ceilometer and cloudnet datastreams. This effect
explains some differences among the various data products shown in Figure 6, and is further elaborated on in
Appendix G by means of example camera images.

The next step is to interpret the LES results on cloud cover in the light of these observational data. On both days
the model reproduces the observed low cloud covers below four octas. The delayed cloud onset in LES as dis-
cussed earlier is clearly visible on both days. Encouragingly, after cloud onset the model reasonably approximates
the diurnal cloud cover cycle, also in magnitude. In this later period the LES remains within 20% of the observed
cloud cover range (green shaded area). Similar model deviations have been reported in previous studies making
use of idealized LES of cumulus clouds over land (Brown et al., 2002; Gustafson et al., 2020; Zhang et al., 2017).
In particular on 22 July the general decreasing trend in cloud cover is well reproduced by the model.
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Figure 7. Comparison of cloud base heights from the camera data (rendered and actual images) with other observations at
JOYCE and the direct LES output. No camera data were available from 08:50 to 09:30 UTC on 22 July 2021. Model results
and camera observations are shown as continuous lines, expressing their high time availability.

The classic, vertically projected LES cloud cover is always close to the camera 3D method as applied to the model
cloud fields. Another interesting feature is that the LES cover using pixel-counting persistently yields slightly
higher cloud covers (on the order of 5%—10%) compared to the 3D method, an effect which is also consistently
visible in the observations. This difference can likely be attributed to the fisheye projection used in camera
images, which can include cloud sides which do not contribute to 3D reconstructions and vertical projections of
cloud cover.

An important take-home message from these comparisons is that the idea of using hemispheric renderings of LES
cloud fields seems feasible and reliable, and yields useful products that can well be used for evaluating such
models against data from equivalent hemispheric observation systems. Overall, for calculating cloud cover we do
not find clear advantages with the more complex 3D reconstruction method over the simpler pixel-counting
approach. Both approaches perform comparably to the other instrumentation. This is particularly relevant for
subsequent analyses, where these methods provide added value—especially for estimating cloud size distribu-
tions (see Section 4.3). These are difficult to obtain from 1D ground-based observations due to their limited spatial
coverage.

4.2. Cloud Base Height

A second observable describing cumulus cloud spatial structure is the cloud base height (CBH), expressing the
distribution of cloud presence in the vertical direction. While camera images do not capture the full vertical extent
of clouds as for example, detected by cloud radar or microwave radiometers, the camera's wide FOV offers an
advantage in estimating the cloud base height of heterogeneous cloud fields, particularly when there are few
clouds directly above the measurement instruments.

Figure 7 inter-compares time series of cloud base height (see Section 2.6.2 for the retrieval methods), utlizing data
from various sources: Camera-based cloud field reconstructions for the observational data (Camera 3D Obs.) and
for the rendered images from the LES (Camera 3D LES), ceilometer measurements (CT25K and CHM15k),
Cloudnet, and directly from the LES outputs (LES).

Under the first perspective—comparing camera observations (blue line) with other ground-based measurements
(discrete points)—the CBH estimates from the camera-based method align well with the other instruments.
Notable fluctuations in CBH detected by the cameras—before 12:30 UTC on 21 July and after 16:30 UTC on 22
July—coincide with periods of minimal cloud presence, as shown in Figure 6. On 21 July, non-hemispheric
observations report CBH only between 13:00 and 15:30 UTC, whereas the camera-based method continuously
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estimates CBH due to its wide FOV, capturing a greater number of clouds at any given time. This highlights a key
advantage of the camera data over conventional pencil-beam observations.

Comparing the LES data with the camera observations of LES-rendered images—second perspective—the
camera-based CBH estimates closely match the direct LES output on 21 July, with deviations of less than
50 m, except for a single peak between 16:00 and 17:00 UTC. On 22 July, the camera-based CBH underestimates
the LES-derived values by up to 200 m, likely due to occasional cloud grid points being missed during the
rendering process, as noted by Burchart et al. (2024).

Under the third perspective of comparing the observations against LES, the LES underestimates cloud base height
by about 200 m on 21 July, while on 22 July the general cloud base height stays in the same range as the ob-
servations. However the LES shows a more pronounced diurnal cycle in cloud base height compared to the other
observations for both days.

Overall, these comparisons strengthen the trust in the reconstruction and rendering method and highlight the
added value of camera-based cloud field reconstructions in capturing spatially heterogeneous cloud scenes, of-
fering continuous CBH estimates even when the other ground-based instruments have limited coverage.

4.3. Horizontal Cloud Size Distributions (hCSD)

A third way to express the spatial variability of cumulus cloud fields are horizontal Cloud Size Distributions
(hCSD), which stands for the probability distribution of clouds as a function of their vertically projected size (see
Section 2.6.3 for the estimation methods). As mentioned in the introduction, the hCSD has a rich history in the
scientific investigation of cumulus cloud fields, going back decades. To link with these previous studies, the
calculation and presentation of the hCSDs broadly follow the same approach.

Figures 8a and 8b shows the hCSDs across their full ranges for both days, the maximum cloud size of the hCSDs,
Inax> and the power-law slopes with RMSD estimated using both methods are summarized in Table 3. Log-log
axes are used so that any ranges with power law scaling appear as straight lines. The hCSDs with scale breaks
are shown in Figures 8c and 8d and the power-law slopes estimated by both methods are summarized in Table 4,
with RMSD.

In general, the hCSDs from all sources are similar in shape and range, and show an overall alignment. The fact that
the hCSDs derived from the camera data, which could be referred to as hemispheric hCSDs, are similar to the
“classic” hCSDs as derived from the 3D LES fields is encouraging. It demonstrates that camera data in principle
provide a valuable, additional and independent source for analyzing hCSDs of cumulus cloud fields, and for
evaluating these in LES models.

The power law fits in Figure 8, along with their associated slopes (@), are summarized in Table 3 and visualized in
Figure 9a. This yields two new insights. Firstly, hemispheric hCSDs obtained from camera data, as characterized
by their power law slope, are structurally similar between simulations and real cameras. Secondly, the non-
hemispheric hCSDs directly computed from the 3D LES fields exhibit much steeper slopes, with a difference
of about 0.5 with the hCSD derived using the hemispheric camera simulator. This difference is perhaps best
visible in Figure 9a), and is evident on both days. It is also robust for the method used to estimate the power-law
slope, as well as for the fitting range.

The non-hemispheric calculation of the hCSD results in more small clouds and fewer larger clouds. A Potential
cause for their apparent difference could be the fact that cameras can only capture the unobscured portion of cloud
hulls (Burchart et al., 2024).

These two findings are an important outcome of this study. They suggest that rendering hemispheric images from
LES data, and then applying to them the same cloud reconstruction techniques as used for real observational
camera images, offers an accurate method for confronting LES with camera data for evaluating cumulus cloud
field heterogeneity. The results also indicate that care should be taken when comparing hemispheric to non-
hemispheric cloud size distributions.

To further assess the consistency of these findings, the cloud size distributions are now stratified based on cloud
cover, following Laar et al. (2019). They reported a dependence of the hCSD on cloud cover in the analysis
domain, and identified a correlation between cloud cover and /,,, the largest cloud size in the population. The
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Figure 8. Comparison of hemispheric hCSDs of both emulated (“Camera 3D LES”) and real images (“Camera 3D Obs.”), as
well as the non-hemispheric hCSDs calculated from the 3D LES field (“3D Fields LES”). The top row presents the full
hCSD, while the bottom shows only the best fitting range of the hCSD, with binning adjusted accordingly. Straight thin lines
represent linear fits in log-log space to the data shown.

cloud cover bins are defined as 0%—5%, 5%—10%, and 10%—15%, and the associated hCSDs are presented in
Figure 10. Defining aspects of these hCSDs are summarized in Table 5, including /., the power-law slopes o
from both methods together with their RMSD, and the number of clouds per bin. Figure 9b again visualizes the
dependence of the slope on (a) the method of calculating the hCSD (horizontal axis) and (b) cloud cover in the
analysis domain.

Stratifying on cloud cover implies a reduced number of clouds, with a outlying minimum of 30 clouds per bin as
documented in Table 3. This still yielded hCSDs that appear reasonably well-defined. However, optimizing the
scale ranges for these distributions proved impractical due to sample size limitations, with approximately 39% of
cases containing fewer than 100 clouds. Consequently, these specific ranges and slopes are not shown.

BURCHART ET AL.

15 of 26

8518017 SUOWWOD BA 81D 3(edt|dde ayy Aq peusenob afe il VO ‘SN Jo SaINn 10y Akeiqi 78Ul UO AB|IM UO (SUOIIPUOD-PUE-SWBIALIY A8 |1 A1 1[BU 1 UO//StnY) SUORIPUOD PUe SIS 18U} 88S *[9202/€0/52] U0 ARiqITauliuO A8|IM ‘Ujo3 NZ TeIsieAlun Bp *(q1g Ad #08700S NbZ02/620T 0T/I0p/uoo A8 Areiqpul|uo'sgndnfey/sdny woj papeojumoaq ‘2 ‘5202 ‘99t2ey6T



I VY ed B | . .
M\I Journal of Advances in Modeling Earth Systems 10.1029/2024MS004804
Table 3 All distributions still appear to express power-law scaling. Consistent with

Maximum Cloud Size (1) and Power-Law Slope a With Root Mean Square

Deviation (RMSD) From the Maximum Likelihood Estimation (MLE) and

Linear Regression for the Cloud Size Distribution Without a Scale Break as

Shown in Top Row of Figure 8

the findings of Laar et al. (2019), the slope of the hCSD reduces with cloud
cover, while the maximum size /,,, tends to increase. However, some de-
viations to this rule exist, which we speculate is due to poor sample size
(i.e.., too few clouds). Similar to the previous analysis, the hCSDs calcu-

Days Data Imax[m] @ from MLE  a from lin. reg. lated using camera methods are structurally similar between the observa-
21 July 2021 Camera 3D Obs. 2,546 1.79 + 0.03  2.07 + 0.11 tions and LES, and the slope of the non-hemispheric hCSD in LES tends to
Camera3DLES 2,784  1.81 + 0.03 1.98 + 0.09 be larger. The overall conclusion is that the characteristics of the hCSD as
3D Fields LES 2049 235+ 004 2.6 + 0.08 established for the full data set are also still detectable for subsets based on
cloud cover.
22 July 2021 Camera 3D Obs. 4,086 1.63 + 0.02 1.76 + 0.05
Camera 3D LES 2,159 1.79 £ 0.02 1.92 + 0.08
3D Fields LES 2,645 192 002  2.38 + 0.21 5. Discussion

A few considerations have to be made when interpreting the results obtained

in this study. First, while the rendering algorithm used was initially assessed

in Burchart et al. (2024), we improved it by incorporating adjustments for
solar radiation and angle, which likely reduced error rates. However, as also documented in Appendix D for the
cases studied here, the algorithm does contain sensitivity to the condensate mass threshold as used to define
clouds in the model. This still needs further investigation.

Concerning cloud masking, this study advances previous methods (Beekmans et al., 2016; Burchart et al., 2024)
by adopting a neural network approach instead of the threshold-based RGB method. Although an in-depth error
analysis is hampered by the lack of ground truth data, the method remains flexible for future improvements in
detection algorithms.

The hCSDs as shown in Figures 8 and 10 appear to follow power-law distributions, in line with prior studies
(DeWitt et al., 2024; Neggers et al., 2019; Wood & Field, 2011). The existence of a scale break is affected by
limitations in sample size due to the restricted domain sizes and the relatively small number of observed clouds, as
discussed by previous studies (DeWitt et al., 2024; Neggers et al., 2019; Wood & Field, 2011). While
acknowledging the impact of sample size, fully addressing this issue, or determining the exact shape of the
underlying distribution function, is not the primary focus of this study. Further study is needed to gain insight.

The mean power law slopes of the hemispheric CSDs found in this study are inside, or close to, the range of values
as previously published for “normal” non-hemispheric CSDs (Neggers et al., 2003; Rieck et al., 2014; Savre &
Craig, 2023). These slopes are known to vary across seasons, surface type (marine vs. continental), cloud cover,
spatial organization, and subsampling methods (Laar et al., 2019; Neggers et al., 2019; Senf et al., 2018). While
comparison with such previously reported values can be instructive, perhaps most relevant is the structural
difference in slope between hemispheric and non-hemispheric methods of calculating the CSD as found in this
study. At least these are based on the same underlying data sets. Further research across multiple locations, bigger
analysis domains and extended time frames is needed to allow more definite conclusions on the shape of the
hCSD.

Table 4

Best Fitting Power-Law Ranges and Slopes a With Root Mean Square Deviations (RMSD) From Maximum Likelihood
Estimation (MLE) and Linear Regression Fro the Cloud Size Distribution With Scale Break as Shown in the Bottom Row of
Figure 8

Days Lnin[m] Lpreax [m] Data a from MLE a from lin. reg.

21 July 2021 200 1,000 Camera 3D Obs. 1.31 £ 0.09 1.34 £ 0.13
Camera 3D LES 1.78 £ 0.12 1.63 £+ 0.26
3D Fields LES 1.98 + 0.09 2.11 = 0.18

22 July 2021 200 750 Camera 3D Obs. 1.09 = 0.09 1.04 = 0.13
Camera 3D LES 1.22 £ 0.11 1.12 £ 0.15
3D Fields LES 1.52 = 0.08 1.50 = 0.11
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Figure 9. Visual summary of the powerlaw slopes as summarized in Tables 3 and 4 for panel (a), and Table 5 for panel (b).
The position on the horizontal axis indicates the three methods of calculating the hCSD, as described in the text.

6. Concluding Remarks

This study combines the methodologies introduced by Burchart et al. (2024) and Beekmans et al. (2016) for (a)
three-dimensionally reconstructing cloud fields from imagery by pairs of hemispheric cameras, and (b) the
hemispheric ray-tracing rendering of LES cloud fields. The overall goal is to thus develop a “hemispheric stereo
camera simulator” for efficiently and fairly evaluating the spatial structure of resolved cumuliform cloud fields in
high resolution models against hemispheric camera data. Imagery from a network of hemispheric cameras at a
meteorological site in western Germany is used to explore this method, supplemented with measurements by
various ground-based remote sensing instrumentation providing classic pencil beam measurements of boundary
layer clouds. Two consecutive diurnal cycles of shallow cumulus convection at the site were selected to test the
simulator method. Dedicated LES experiments were conducted that were closely based on available measure-
ments. A novelty is the calculation of hemispheric horizontal Cloud Size Distributions (hCSD) based on the 3D
cloud field reconstructions, from both the real camera data and the rendered images of the LES clouds.

The main findings of this study can be briefly summarized as follows:

o For the two investigated days of summertime cumulus convection, cloud cover and cloud base height as
derived from hemispheric camera data align well with independent measurements by vertically pointing
ground-based instrumentation;

¢ Cloud field properties derived from rendered hemispheric images of LES clouds closely match with classic
calculations directly based on full model fields, providing further confidence in this new technique based on
ray-tracing;

¢ Pixel-based estimates of cloud cover from hemispheric imagery, either real or virtual, yield slightly larger
values compared to 3D reconstructions;

¢ Good agreement is found between LES and camera observations in terms of the shape of the hemispheric
hCSDs;
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Figure 10. Comparison of hemispheric hCSDs of both emulated (Camera 3D LES) and real images (Camera 3D Obs.), as
well as the non-hemispheric hCSDs of the 3D LES field for clouds grouped by total cloud cover.

¢ Hemispheric hCSDs exhibit substantially weaker power law slopes compared to distributions directly

calculated from 3D fields through vertical projection;

o Stratifying the data set on cloud cover does not substantially alter these findings, despite the implied smaller

sample sizes.
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Table 5
Maximum Cloud Sizes (1., [m)]), the Best Fitting Slopes a From Both Methods, and the Number of Clouds for the hCSD
Varying on Cloud Cover That Are Shown in Figure 10

21 July 2021 22 July 2021
Obs. Camera LES LES Obs. Camera LES LES
Inax[m]
0%—5% 1,315 967 954 1,001 1,104 1,655
5%—-10% 1,499 1,090 938 1,551 1,315 2,645
10%-15% 1,936 1,741 1,237 1,560 2,159 1,222
a from MLE
0%—5% 2.11 = 0.05 1.70 = 0.05 3.28 + 0.10 1.91 = 0.15 2.05 £ 0.04 2.12 = 0.04
5%-10% 1.66 £+ 0.05 1.83 £ 0.06 2.46 £ 0.12 1.81 £ 0.08 1.75 £ 0.04 2.11 £ 0.05

10%-15% 1.71 £ 0.05 2.07 £ 0.08 2.02 £ 0.07 1.69 £ 0.05 1.65 + 0.04 1.81 £ 0.05

a from lin. reg.

0%-5% 2.08 = 0.15 1.75 £ 0.09 3.16 £ 0.23 1.42 + 0.28 1.86 + 0.13 247 £ 0.17
5%—-10% 1.53 £ 0.26 2.03 £ 0.23 1.89 £ 0.16 1.56 £ 0.15 1.49 £ 0.12 2.41 £ 0.20
10%-15% 1.71 £ 0.14 2.12 £ 0.22 1.77 £ 0.14 1.42 £ 0.11 1.57 £ 0.11 1.62 £ 0.15

number of clouds

0%—5% 359 314 623 30 366 482
5%—-10% 203 170 194 114 305 438
10%-15% 206 103 211 210 277 188

Overall, the results suggest that rendering LES output into synthetic camera images can be an additional and
valuable method for gaining insight into the spatial structure of cloud fields, and for facilitating fair com-
parisons with real camera data. They particularly caution against directly comparing hemispheric cloud size
distributions to non-hemispheric distributions. Care should be taken to use an hemispheric instrument simulator
instead.

Appendix A: Supplementary Information on Observational Data

This study uses fisheye cloud image data captured by a dual-camera setup. The two cameras, positioned roughly
438.64 m apart, are both network cameras manufactured by IDS Imaging Development Systems—specifically, the
uEye GigE UI-2280SE. Each camera is fitted with a 2 CCD sensor and uses a Fujinon FE185C057HA-1
C-Mount fisheye lens adapter, offering a field of view of 185° with a fixed focal length. The camera constant
for both cameras is 550 pixels.

Ceilometers are simple lidar instruments that emit a laser beam in the near-infrared wavelength region and detect a
signal which is backscattered by atmospheric constituents. Ceilometers are usually pointing vertically. Liquid
clouds scatter the lidar beam very strongly, therefore the cloud base can be detected with a high accuracy. From
the time difference between emitted and received signal, the distance of the scattering object can be determined.
Ceilometers only observe a so-called “pencil beam”, therefore individual non-uniformly distributed cloud field
can cause a bias in the detected cloud cover.

Cloudnet (Illingworth et al., 2007) is a synergy product that combines vertically pointing ceilometer, cloud radar,
and microwave radiometer. Cloudnet determines cloud phase and cloud vertical extent and provides a so-called
target classification with a 30 s temporal and 30 m vertical resolution. The product has the same restrictions
concerning non-uniform cloud fields as the ceilometer, however it can detect multiple cloud-base heights and also
provides the cloud top height.
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For validation of mixed-layer height, Doppler lidar observations is used. At JOYCE, a Streamline XR Doppler
lidar by HALO photonics is operated continuously to observe boundary-layer properties as well as 3D wind
profiles through different repetitive scan patterns. From vertical pointing observations, the variance of the vertical
velocity can be derived which allows determining the mixing layer height by applying a variance threshold. Stable
layers have a low vertical velocity variance whereas during well-mixed conditions this value is high. The method
is described in Schween et al. (2014).

Appendix B: Supplementary Information on LES Model Setup

DALES uses prognostic equations under the Boussinesq approximation to a set of state variables, including wind
components {u, v,w}, liquid water potential temperature ©;, total water specific humidity ¢, and various scalars.
Cloud microphysics is represented using a double moment approach, predicting mass and number of a limited
number of hydrometeor species. Resolved advection is calculated using a fifth-order central difference scheme,
while transport on subgrid scales makes use of a prognostic turbulent kinetic energy (SFS-TKE) model (Dear-
dorff, 1980). Time integration relies on a third-order Runge-Kutta scheme. A sponge layer is applied across the
top quarter of model levels to remove spurious perturbations close to model top.

The standardized setup of Laar et al. (2019) can be summarized as follows: Initial conditions, lower boundary
conditions and large-scale forcings are all sampled from ECMWF Reanalysis data (ERAS, Hersbach et al., 2020).
Prescribed large-scale forcing is horizontally homogenous and time dependent, including horizontal advective
tendencies for wind and thermodynamic state. Large-scale vertical advection is represented using a prescribed
pressure velocity acting on the mean vertical profile. Radiation is interactive with the model state including
clouds, making use of Monte Carlo Spectral Integration (Pincus & Stevens, 2009). The warm microphysics
scheme of Seifert and Beheng (2006) is applied, featuring cloud liquid water and rain as prognostic hydrometeors.
Continuous Newtonian nudging toward the ERAS state is applied to prevent excessive drift in the model mean
state, but weak enough to still allow resolved turbulence to act freely.

Appendix C: Supplementary Information on the Rendering Algorithm

The used rendering methodology (Burchart et al., 2024) utilizes the open-source 3D computer graphics software
Blender (www.blender.org). In this approach, the liquid water content field from the LES defines cloudy grid
boxes within Blender, with scattering and absorption properties determined by the spatial distribution of liquid
water content. The images are rendered using path tracing, which approximates ground albedo and atmospheric
conditions based on the sky model developed by Hosek and Wilkie (2012).

Appendix D: Liquid Water Sensitivity

As already mentioned in Section 2.5, the rendering algorithm is sensible to the minimum liquid water content need
for a grid box to be considered as a cloud. Since volumes of few liquid water content seem to be situated near the
cloud edge (Eytan et al., 2022), this affects also the retrieval of cloud base height from the cloud field re-
constructions from the rendered images.

To analyze this effect the cloud base heights, as in Figure 7, are compared against the cloud base heights of
reconstructions from rendered images where the minimum liquid water content threshold is changed to 1, 2, and
3 g/kg. The results are shown in Figure D1. As predicted the cloud base height increases consistently by
increasing this threshold. However, determining which threshold is right is still an open question and seem to
depend on the simulated scenario.
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Figure D1. Same as Figure 7 but including the cloud base heights for rendered images using different liquid water content
thresholds.

Appendix E: Log-Likelihood Derivatives
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Appendix F: Cloudnet
Figure F1 is a repeat of Figure 5 but now showing CloudNet data for the 2 days of interest. The colors represent
the various hydrometeor classes as yielded by its standard classification algorithm. The verticality of the
CloudNet droplet class, visible in particular on 22 July, is an artifact of cloud top height of the low cumulus cloud
layer not being captured properly by the radar data.
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Figure F1. Same as Figure 5 but now showing CloudNet data. The lower panels show the LES cloud mask, for reference.
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Appendix G: Visual Camera Image Analysis

Figure G1 presents the camera images from 22 July 2021, covering the period from 15:30 UTC to 18:00 UTC. The
camera is positioned less than 10 m from both ceilometers. Consequently, if a cloud is detected by the ceilometers
and is also visible in the camera images, it should appear near the center of the frame. However, the images reveal
that clouds were primarily located toward the periphery, rather than directly overhead. This explains the near-zero
cloud cover derived from the ceilometer measurements, as shown in Figure 6. This pattern is consistent
throughout the period, including the intervals between the displayed images.

15:30 UTC

16:00 UTC 16:30 UTC

17:00 UTC 17:30 UTC 18:00 UTC

()

Figure G1. Camera images from 22 July 2021 for the camera located near the ceilometer observations.
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