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Abstract. Meteorological geostationary satellites carry passive imagers that provide multispectral observations over a large

fraction of the Earth disk every 5-15 min. Cloud properties retrieved from these observations are primarily two-dimensional,

as they are inferred from top-of-atmosphere radiances, and contain only limited information on vertical cloud structure. Recent

SEVIRI-CloudSat tomography studies have shown that it is possible to infer CloudSat-like three-dimensional cloud structure

from multispectral passive imagery. The main open question is therefore no longer feasibility of such approach, but the re-5

liability of the reconstructed cloud information for downstream applications. The present study addresses this gap through a

systematic performance evaluation of a SEVIRI-CloudSat tomography method on an independent year-long (2019) dataset of

17,110 scenes. The analysis assesses the fidelity of the estimated reflectivity, but also evaluates cloud occurrence, cloud geome-

try, vertically aggregated summaries derived from the 3D information, and their dependence on different variables. Scene-wise

reflectivity RMSE over all CloudSat-valid voxels, including cloudy and clear-sky voxels is consistent with previous stud-10

ies (2.76 dBZ). However, evaluation restricted to radar-detectable cloudy voxels yields a much larger median RMSE (14.48

dBZ) and bias (-11.16 dBZ), indicating systematic attenuation of moderate and strong echoes. Cloudy-voxel fraction is only

weakly biased (-2.0%), whereas cloudy-column fraction is underestimated by -17.4%, consistent with missed observed-cloudy

columns (POD = 0.63) and few false detections (FAR = 0.031). Cloud top and base heights remain informative when evaluated

only where cloud geometry is defined in both observation and prediction (about 60% of observed-cloudy columns) with median15

errors of 1.38 and 1.41 km. The scene-level vertical cloud centroid provides a complementary aggregate summary, with 96%

cloudy-scene recall, r = 0.89, and an RMSE of 1.04 km, while 97.4% of observed multilayer columns collapse to single-layer

reconstructions. The results show that SEVIRI-CloudSat tomography is limited in resolving fine-scale vertical structure and

multilayer organization, but remains informative for bulk descriptors such as cloud fraction, vertical cloud centroid, and cloud

top and base heights.20

1 Introduction

Clouds strongly affect Earth’s radiative energy balance and atmospheric circulation and remain a leading source of uncer-

tainty for climate projections and modeling (Lamer et al., 2020; IPCC, 2023). Applications ranging from climate research and

numerical weather prediction to environmental monitoring and solar radiation assessment depend on satellite-derived cloud
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information. Current operational geostationary products mainly use two-dimensional (2D), top-of-atmosphere (TOA) imager25

quantities such as cloud-top pressure or height, cloud fraction, and spectral or broadband optical properties, sometimes sup-

plemented by column-integrated water or ice content products (Sayer et al., 2025; Mcgarragh et al., 2018). These products

are used both as stand-alone diagnostics and as inputs to downstream schemes for TOA and surface flux estimation, long-term

cloud climatologies, and process-oriented model evaluation of cloud representation and radiative effects in atmospheric models

(Wiltink et al., 2025a; Karlsson and Devasthale, 2018).30

In many cases, however, uncertainties are dominated by cloud vertical structure. This applies for example to multi-layer

systems, deep convection, and mixed-phase clouds, where layer positioning and the vertical extent of optically thick regions

strongly affect radiative fluxes, latent-heating profiles, and convective organization (Yu et al., 2022; Massie et al., 2021). Cloud

vertical position is also relevant for the geometric correction of geostationary observations, since parallax displacement depends

on cloud height and can be difficult to represent with a single height in vertically extended or multilayer scenes (Wiltink et al.,35

2025b). For these applications, knowing where the cloud is located in the atmospheric column, how vertically extended it is,

and whether distinct layers coexist, can be as important as knowing that cloud is present at all. Yet different vertical cloud

configurations can produce similar TOA radiances, so the problem is intrinsically ill-posed with respect to vertical cloud

structure. In this context, cloud tomography, i.e. the reconstruction of three-dimensional (3D) cloud fields from multispectral

satellite imagery and vertically resolved cloud profiles from active sensors on polar-orbiting satellites, offers a way to enrich40

geostationary observations with information on cloud vertical organization.

The observing systems that provide vertical cloud information have well-known limitations. Spaceborne active sensors such

as the CloudSat Cloud Profiling Radar (CPR) and similar radars or lidars deliver vertically resolved profiles, but only along

narrow nadir swaths and at fixed local solar times, with long revisit intervals. Additionally, their finite sensitivity and near-

surface blind zone imply that a substantial fraction of boundary-layer clouds, light precipitation and shallow mixed-phase45

layers is missed (Schulte et al., 2023; Schirmacher et al., 2023). By contrast, geostationary imagers such as the Spinning

Enhanced Visible and InfraRed Imager (SEVIRI) provide frequent multispectral two-dimensional observations over a full-disk

domain, but they do not directly resolve the vertical distribution of cloud within the atmospheric column. Evaluations against

active-sensor references show that passive geostationary retrieval errors depend strongly on cloud scene characteristics. For

example, SEVIRI cloud-top height retrievals generally degrade for optically thin and multilayer clouds, while deep-convective50

cloud detection from geostationary imagery also shows frequent misclassifications in complex cloud scenes (Kotarba and

Wojciechowska, 2025).

The complementary information provided by active and passive satellite observations has recently motivated statistical and

deep-learning methods that fuse both data types within a tomographic framework (Leinonen et al., 2019; Girtsou et al., 2025;

Jeggle et al., 2024; Brüning et al., 2024). Collocated pairs of geostationary radiances and vertical profiles are used to train a55

model that maps multispectral 2D data to vertically resolved cloud variables or 3D cloud fields (reflectivity as measured by the

radar). Most current implementations use CloudSat measurements or CloudSat-CALIPSO fusion product (DARDAR) as the

vertical reference and TOA radiances from instruments such as SEVIRI, MODIS or AGRI. Depending on the study, the target

may be radar reflectivity, cloud occurrence or cloud mask, cloud amount, or microphysical quantities such as ice water content
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(IWC). The present work focuses on the all-cloud reconstruction of CloudSat-like 94GHz radar reflectivity from SEVIRI60

observations.

Radar reflectivity is a useful intermediate target for all-cloud 3D cloud reconstruction. At millimetre wavelengths (94GHz

for CloudSat), reflectivity is sensitive to the hydrometeor size distribution and concentration, with a strong weighting toward

larger particles. In ice-cloud regions above the freezing level, it can be related to ice water content (IWC) through microphysical

assumptions and empirical parameterizations. Operational products, such as CloudSat-CALIPSO 2C-ICE, therefore combine65

reflectivity with temperature and lidar information to infer IWC vertical profiles and particle size (Deng et al., 2015; Aubry

et al., 2024), while joint radar-lidar classification schemes use reflectivity and backscatter to determine phase and cloud type

(Ceccaldi et al., 2013).

For the purposes of the present study, the main interest of reflectivity is that it allows a hierarchy of cloud-structure descrip-

tors to be derived from a single reconstructed 3D field. These include threshold-based cloud occurrence and vertical occurrence70

profiles, cloud-top and cloud-base height, cloud thickness, multilayer structure, and vertically aggregated summaries of cloud

placement. At geostationary sampling, such descriptors could support applications including radiative interpretation, monitor-

ing of rapidly evolving cloud systems, process-oriented model evaluation, and studies linked to the surface solar resource (Qu

et al., 2017; Schroedter-Homscheidt et al., 2022). These applications, however, do not all require the same level of structural

detail. Some depend mainly on cloud occurrence, cloud-top height, or the broad vertical placement of cloud layers, whereas75

others require more reliable estimates of cloud-base height, vertical extent, and the preservation of multilayer structure. In

addition, the usefulness of a reconstructed cloud field depends not only on the descriptors themselves, but also on how they are

validated.

In the present context, the relevant question is therefore not whether a SEVIRI-to-CloudSat mapping can be learned, but

which variables derived from the reconstructed reflectivity field remain reliable enough to support downstream interpreta-80

tion. Existing work addresses this issue only partially: most studies have focused on demonstrating reconstruction feasibility,

evaluating the primary target variable, or reporting global reconstruction scores, rather than on systematically assessing how

reconstruction errors propagate into derived descriptors relevant for downstream interpretation.

1.1 Related studies

Several recent studies have used machine learning to infer vertical cloud structure from passive satellite observations. These85

studies differ not only in the passive sensor used, but also in the target variable, the spatial support of the prediction, and

the validation strategy. They can be broadly grouped into three families: curtain- or profile-based reconstructions, domain-

wide products targeting cloud variables other than all-cloud reflectivity, and domain-wide reflectivity reconstructions from

geostationary imagery.

A first group of studies demonstrates that passive observations contain information on vertical cloud structure, but remains90

restricted to along-track or curtain-based products. Leinonen et al. (2019) showed with a conditional GAN that collocated

MODIS cloud-property inputs can be used to generate CloudSat-like two-dimensional radar scenes. This demonstrated the

feasibility of passive-to-radar reconstruction, but did not produce domain-wide three-dimensional fields. Spradlin et al. (2024)

3

https://doi.org/10.5194/egusphere-2026-4441
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



addressed a related problem from a foundation-model perspective: SatVision-TOA was pre-trained on all-sky MODIS TOA

imagery and then fine-tuned for a downstream curtain-based 3D cloud retrieval task, in which vertical cloud masks are predicted95

along CloudSat-CALIPSO overpasses. This work therefore evaluates transfer to a profile-based cloud-mask retrieval task rather

than full-volume reflectivity reconstruction.

A second group produces domain-wide vertical cloud information, but targets variables different from all-cloud radar re-

flectivity. Lin et al. (2025) developed CLANN (Cloud Amount Neural Network), which combines FY-4A AGRI radiances,

CALIPSO profiles and ERA5 meteorological predictors (relative humidity and temperature at upper and lower layers, surface100

pressure and skin temperature) to retrieve 3D cloud amount on a vertical grid. Their results show that the neural network repro-

duces the main features of CALIPSO-derived cloud amount and cloud-amount-weighted height with denser sampling, but the

target is cloud amount rather than radar reflectivity. IceCloudNet (Jeggle et al., 2024) uses SEVIRI infrared channels and auxil-

iary meta-data (latitude, longitude, month, binary day/night mask, and land/water mask) to predict 3D ice water content and ice

crystal number concentration from DARDAR over a tropical domain. Its evaluation is broader and more application-oriented,105

spanning voxel-scale, overpass-scale, and climatological diagnostics, but its target remains restricted to ice-cloud microphysics

and cannot be interpreted as an all-cloud reflectivity benchmark.

The most direct line of work for the present study is therefore the reconstruction of CloudSat-like reflectivity from geo-

stationary imagery. Brüning et al. (2024) introduced a Res-UNet that maps eleven SEVIRI channels to CloudSat 94GHz

reflectivity on a full Meteosat disk grid, targeting all radar-detectable clouds. Their evaluation relies mainly on global and110

height-dependent RMSE and on derived cloud-top height, compared with the CLAAS operational product (Benas et al., 2017),

with validation restricted to a single test month (May 2016). More recently, Girtsou et al. (2025) proposed geospatially aware

masked autoencoders for MSG/SEVIRI, pre-training transformers on large volumes of unlabeled imagery and then fine-tuning

them for 3D reflectivity reconstruction. Compared with studies relying only on global reflectivity summaries, their evaluation

is broader, including perceptual, segmentation, cloud-type, and regional diagnostics. However, the analysis remains primarily115

centered on reconstruction skill itself rather than on the systematic validation of derived variables such as CTH and CBH.

Taken together, these studies establish the feasibility of inferring vertical cloud information from passive observations. How-

ever, they do not yet determine systematically which derived descriptors remain robust once a 3D field has been reconstructed.

This distinction is important for downstream interpretation: scene-based radar reconstructions, curtain-based cloud-mask met-

rics, cloud-amount validation, global reflectivity scores, and climatological diagnostics do not necessarily indicate whether120

threshold-derived cloud occurrence, cloud-top and cloud-base height, cloud thickness, multilayer structure, or vertically aggre-

gated summaries of cloud vertical placement can be used reliably. Table 1 summarizes this positioning.
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Table 1. Summary of recent machine-learning studies inferring vertical cloud structure from passive satellite observations. The comparison

highlights the target variable, evaluation support, validation focus, and remaining gap relative to the descriptor-oriented evaluation proposed

here.

Study Target and output Evaluation support Main validation focus Gap relative to the present study

Leinonen et al.

(2019)

CloudSat reflectivity; 2D

CloudSat-like radar scenes

from MODIS

cloud-property inputs

Collocated

CloudSat-MODIS scenes;

curtain-scale validation

RMSE;

reflectivity-altitude

distributions; qualitative

and probabilistic examples

No full-domain 3D reconstruction;

no occurrence, geometry, thickness,

layer-count, or centroid diagnostics

Spradlin et al.

(2024)

CloudSat-CALIPSO

vertical cloud mask;

curtain-based cloud-mask

retrieval after

foundation-model

pre-training

Large-scale pre-training;

downstream validation on

active-sensor curtains

SSIM for pre-training;

mIOU; accuracy; AUC

Cloud-mask task, not reflectivity

reconstruction; no

reflectivity-amplitude or

geometry-derived diagnostics

Lin et al. (2025)

CALIPSO/CALIOP cloud

amount; 3D cloud amount

from FY-4A AGRI and

ERA5 predictors

Profile-level validation;

seasonal and monthly

analyses

MAE; MBE; RMSE;

Pearson’s r; uncertainty;

cloud-amount-weighted

height

Cloud amount, not reflectivity; no

reflectivity-derived CTH/CBH,

thickness, intensity-error, or

multilayer diagnostics

Jeggle et al.

(2024)

DARDAR ice-cloud

microphysics; 3D IWC and

Nice from SEVIRI IR and

auxiliary metadata

Independent-year

tropical-domain

evaluation; pixel-,

overpass-, and

climatology-scale checks

Ice-cloud occurrence;

IWC and Nice errors;

climatological

consistency; case studies

Rich evaluation, but ice-cloud

microphysics only; not an all-cloud

reflectivity or geometry-descriptor

assessment

Brüning et al.

(2024)

CloudSat reflectivity;

all-cloud 3D

SEVIRI-CloudSat

reflectivity reconstruction

Most direct baseline;

independent test restricted

to May 2016

Global RMSE;

height-dependent RMSE;

reflectivity distributions;

monthly CTH against

CLAAS

Direct target, but one-month

evaluation; limited descriptor-level

validation beyond reflectivity and

aggregated CTH

Girtsou et al.

(2025)

CloudSat reflectivity; 3D

SEVIRI-CloudSat

reconstruction with masked

autoencoders

One-year

SEVIRI–CloudSat setting;

regional, monthly, and

cloud-type analyses

RMSE; percentage error;

PSNR; SSIM;

segmentation F1;

cloud-type diagnostics

Broad reconstruction metrics, but no

separated validation of occurrence,

geometry, thickness, multilayer

collapse, and bulk placement

1.2 Research novelty, contributions, and paper structure

The present study revisits SEVIRI-CloudSat cloud tomography by taking the all-cloud reflectivity reconstruction framework of

Brüning et al. (2024) as the reference baseline. The objective is not to introduce a new retrieval architecture, but to assess more125

systematically what information on vertical cloud structure is actually preserved by this type of reconstruction. The general
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learning problem remains the reconstruction of CloudSat-like 94GHz radar reflectivity from eleven SEVIRI channels, with

implementation and pre-processing adaptations described in Sect. 2.

The evaluation strategy is therefore structured around three limitations of existing SEVIRI-CloudSat tomography studies:

the limited temporal support of previous validation, the dominance of global reflectivity metrics, and the lack of systematic130

assessment of derived cloud descriptors. First, the reconstruction is tested on an independent validation year rather than on a

single test month, allowing a broader sampling of seasons, latitude bands, and cloud regimes. Second, direct reflectivity fidelity

is separated from diagnostics derived after thresholding and aggregation, including cloud occurrence, CTH, CBH, thickness,

multilayer preservation, and vertically aggregated summaries of cloud vertical placement. Third, all diagnostics are interpreted

on the CloudSat-verifiable support, so that the reconstruction is assessed as a CloudSat-like surrogate of radar-detectable cloud135

structure rather than as an unbiased 3D cloud truth.

This framework allows to distinguish descriptors that remain informative from descriptors that are systematically degraded,

and thus to clarify the level of physical interpretation that current SEVIRI-based cloud tomography can reasonably support.

The remainder of the paper describes the data, pre-processing and model configurations (Sect. 2), the evaluation framework

(Sect. 3), the results (Sect. 4), and the implications for SEVIRI-based cloud tomography and downstream applications (Sect. 5),140

before concluding in Sect. 6.

2 Data and methods

This section describes the datasets (Sect. 2.1), the construction of the SEVIRI-CloudSat matched samples (Sect. 2.2), the

data split strategy used for the reference-compatible consistency check and for the main independent evaluation protocol

(Sect. 2.3), the baseline neural-network configuration and hyperparameter tuning (Sect. 2.4), and the cloud properties de-145

rived from the reconstructed reflectivity field (Sect. 2.4.1). The reconstruction task and baseline architecture follow the all-

cloud SEVIRI-CloudSat framework of Brüning et al. (2024). The reconstruction is evaluated on an independent year using

a descriptor-oriented framework that quantifies how reflectivity errors propagate into the selected cloud descriptors on the

CloudSat-verifiable support. The training, inference, and support-restricted evaluation workflow is summarized in Fig. 1.
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Figure 1. Overview of the SEVIRI-CloudSat tomography workflow. During training (top row), collocated SEVIRI tiles and CloudSat reflec-

tivity curtains are used as matched pairs to train the Res-UNet. At inference (bottom row), only the SEVIRI tile is provided, and the network

reconstructs a CloudSat-like 3D reflectivity field on the common grid. For quantitative evaluation, the predicted field is sampled along the

observed CloudSat track, and the comparison is restricted to the CloudSat-observed curtain.

2.1 Data sources150

The reconstruction task is formulated as a supervised mapping from SEVIRI spectral images to CloudSat 94 GHz radar reflec-

tivity on a fixed three-dimensional grid.

The geostationary predictors are derived from the Spinning Enhanced Visible and InfraRed Imager (SEVIRI) on board

Meteosat Second Generation (MSG). SEVIRI provides 12 spectral channels at a nominal nadir resolution of about 3 km and

a full-disk repeat cycle of 15 min (Schmetz et al., 2002). Following Brüning et al. (2024), 11 channels are used as input,155

excluding the high-resolution visible (HRV) channel because of its different sampling. These include three solar-reflective

bands (VIS0.6, VIS0.8, NIR1.6), one mixed solar–thermal band (IR3.9), two water-vapour bands (WV6.2, WV7.3), and five

thermal infrared bands (IR8.7, IR9.7, IR10.8, IR12.0, IR13.4). In contrast to Brüning et al. (2024), which relied on SEVIRI
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level-1.5 data in ICARE HDF format, native EUMETSAT level-1.5 files in SEVIRI geostationary projection are used here and

resampled onto a regular 2400× 2400 latitude-longitude grid covering approximately 60◦ S–60◦ N and the Meteosat full disk.160

The vertical reference is provided by CloudSat 2B-GEOPROF, which contains nadir-looking 94 GHz radar reflectivity pro-

files on 125 vertical bins with a nominal spacing of about 240 m from the surface to roughly 30 km (Marchand et al., 2008). To

remain consistent with Brüning et al. (2024), the lowest levels affected by ground clutter and attenuation and the upper predom-

inantly cloud-free levels are discarded, and the analysis is restricted to 90 levels between approximately 2.4 and 24 km. Re-

flectivity is expressed in dBZ, converted from centi-dBZ when read from file, and clipped to the range [−35,20] dBZ. Because165

the Cloud Profiling Radar has finite sensitivity and a near-surface blind zone caused by ground clutter and attenuation, thin

cirrus, tenuous mixed-phase layers, drizzle, and many shallow boundary-layer clouds are often not captured in 2B-GEOPROF,

especially below about 2-3 km (Marchand et al., 2008). The learning target therefore represents radar-detectable clouds within

the 2.4-24 km layer rather than total cloud occurrence.

Samples for which the corresponding SEVIRI acquisition is unavailable are excluded. Within otherwise available SEVIRI170

input tiles, remaining non-finite values are imputed using a distance-weighted K-nearest-neighbour method with four neigh-

bours. Each channel is then standardized using channel-wise z-score normalization based on training-set means and standard

deviations.

2.2 Matching routine

The SEVIRI-CloudSat matching procedure follows the general strategy introduced by Brüning et al. (2024). CloudSat 2B-175

GEOPROF profiles are first screened using the CPR cloud mask, and only samples with mask quality values of at least 6 are

retained. Profile times are converted to UTC and rounded to the nearest 15 min, and each profile is associated with the nearest

SEVIRI scan.

For each time slot within the MSG reference domain, CloudSat profiles inside the SEVIRI full-disk domain are mapped

onto the fixed 2400×2400 MSG grid and grouped into 128×128 tiles following the ground track. The corresponding SEVIRI180

channels are cropped to the same tile window, and CloudSat reflectivity is stored on that grid as a sparse three-dimensional

target array. Valid reflectivity values are available only along the CloudSat curtain, while all other voxels are treated as missing.

If several CloudSat samples fall into the same MSG pixel, the maximum reflectivity is retained, yielding a one-pixel-wide

transect at MSG resolution.

To reduce the dominance of clear-sky scenes in the training archive, an empirical filtering step similar to the one described185

in Brüning et al. (2024) is introduced. Reflectivity is thresholded at −15 dBZ, and a vertical level is considered active if at

least 10 voxels exceed this threshold. Only tiles with more than 10% active vertical levels are retained. The resulting archive

still contains clear-sky voxels, but each tile is required to include a non-negligible amount of radar-detectable cloud signal.

These matched SEVIRI tiles and CloudSat curtains constitute the paired training samples used to learn the 2D-to-3D mapping

illustrated in Fig. 1.190
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2.3 Dataset split and sampling strategy

Two training/validation split configurations are considered in this study, but only one is used for the main experiments and

for all results reported in the remainder of the paper. Throughout, validation data are used during model development and

checkpoint selection, whereas test or evaluation data are kept independent and used only for final performance assessment. The

first configuration is used only as a reference-compatible verification step against the SEVIRI-CloudSat setup of Brüning et al.195

(2024). Its purpose is to check that the present implementation reproduces the performance range of the reference framework

under the same temporal split. The second, seasonally distributed configuration defines the actual training, internal-validation,

and independent evaluation protocol adopted for the present analysis.

The reference-compatible configuration follows the chronological split used by Brüning et al. (2024): matched samples from

January-September 2017 are used for training, while matched samples from October-December 2017 are used for validation.200

This yields 12,567 training samples and 3,685 validation samples. The corresponding May 2016 reference test set contains

1,500 samples. Under this setup, the present implementation yields a clipped profile-mean RMSE of 2.78 dBZ on the May

2016 test set, close to the 2.99 dBZ reported by Brüning et al. (2024). This agreement is used as an implementation consistency

check, supporting the comparability of the present pipeline with the reference SEVIRI-CloudSat framework.

The main experiments use a seasonally distributed split designed to provide a more balanced basis for internal validation205

and for the final independent performance assessment. Most matched samples from 2017 are assigned to training, while a

smaller subset is reserved for internal validation by selecting samples from three target days per month, around the 1st, 10th,

and 20th, with minor adjustments when CloudSat coverage is unavailable. This strategy yields 14,106 training samples and

2,146 internal-validation samples distributed across all months of the year.

All available matched samples from 2019 are assigned to an independent evaluation year. Year 2018 is excluded because the210

CloudSat record is incomplete. The final protocol used in this study therefore combines a continuous training year, a sparse but

seasonally distributed internal-validation subset within 2017, and a fully independent 2019 evaluation year of 17,110 matched

samples.

Because samples extracted from the same CloudSat overpass are strongly correlated, splitting is performed at the overpass

level, so that all samples from a given overpass are assigned to the same subset. The advantage of the seasonally distributed215

split over the chronological October-December validation is quantified by training a lightweight classifier to distinguish training

from validation samples using day of year, hour, mean longitude, and mean latitude. The resulting area under the curve (AUC)

is 0.53 for the seasonally distributed split and 1.00 for the chronological split, confirming the much stronger seasonal separation

of the latter.
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Table 2. Summary of the data partitions used in this study for the reference-compatible consistency check and for the main protocol.

Split Use Ntrain Nval

Selected
months Nvaldays

2019
eval.

2016
test AUC

Chronological
split

Consistency
check 12,567 3,685 10-12 61 - 1,500 1.00

Seasonally
distributed

Main
protocol 14,106 2,146 1-12 36 17,110 - 0.53

2.4 Neural-network baseline architecture and training protocol220

The baseline model is a residual U-Net (Res-UNet) following Brüning et al. (2024). Input tiles are 128× 128 SEVIRI patches

with 11 radiance channels, and the network predicts 94 GHz radar reflectivity on 90 vertical levels over an inner 100× 100

patch. The architecture follows a standard encoder-decoder design with skip connections and residual blocks. As in Brüning

et al. (2024), border pixels are cropped so that only the central 100× 100 region is used for loss computation and evaluation.

Inputs and targets are normalised as described in Sect. 2.1: SEVIRI channels are standardised with channel-wise z-scores,225

while CloudSat reflectivities are clipped to the range [−35,20]dBZ and linearly rescaled to [−1,1]. Training and internal vali-

dation are restricted to daytime scenes (07:00-18:00 UTC) to avoid very low solar-elevation conditions when visible channels

are used.

The learning objective is formulated as a voxel-wise regression of reflectivity. Voxels where CloudSat has no valid measure-

ment are excluded from the loss. The baseline loss is the mean-squared error:230

LMSE =
1

Nvalid

∑

i∈Ωvalid

(r̂i − ri)
2 (1)

where r̂ and r denote the predicted and target reflectivity fields on the inner 100×100 patch, expressed in the same normalised

space and defined on 90 vertical levels, Ωvalid is the set of voxels with finite CloudSat reflectivity and Nvalid its cardinality.

The final training configuration used in the main experiments is summarized in Table 3.
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Table 3. Baseline model architecture and training configuration used in the main experiments.

Setting Value

Backbone Res-UNet

Input channels 11

Input size 128× 128

Output levels 90

Output crop 100× 100

Start filters 32

Depth 4

Optimizer Adam

Learning rate 10−4

Weight decay 3× 10−4

Batch size 8

Maximum epochs 50

Loss MSE

Reflectivity range [−35,20] dBZ

Normalised target range [−1,1]

Daytime restriction 07:00-18:00 UTC

Data augmentation Random 90◦ rotation (p= 0.25)

2.4.1 Derived products from reconstructed reflectivity235

Several cloud properties are derived from the reconstructed three-dimensional reflectivity field for the performance. A binary

cloud mask is defined using a fixed threshold of −15 dBZ, consistent with the filtering applied during dataset construction.

For each vertical column within the 2.4-24 km layer, cloud-top height (CTH) and cloud-base height (CBH) are defined as the

highest and lowest levels, respectively, at which reflectivity exceeds −15 dBZ. Columns without any exceedance are treated

as clear sky. The choice of the −15 dBZ threshold it is commonly adopted in CloudSat-based analyses to isolate meaningful240

radar-detectable cloud or precipitation echoes from weak background returns, and it is also consistent with the baseline study

used here for comparison (Marchand et al., 2008; Brüning et al., 2024).

Additional column-integrated descriptors are also extracted, including maximum reflectivity, geometric cloud thickness,

and the number of distinct cloud layers, defined as contiguous cloudy segments separated by at least one clear level. These

quantities provide a direct link between voxel-level reflectivity skill and more aggregated descriptors of cloud structure.245
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3 Evaluation framework

Evaluating a mapping from geostationary radiances to a three-dimensional CloudSat-like reflectivity field requires a support-

aware and descriptor-oriented strategy. The model predicts a full 3D reflectivity volume on the common grid, whereas CloudSat

provides direct observational support only along a narrow curtain. All quantitative diagnostics are therefore restricted to the

CloudSat-verifiable support, and the resulting scores should be interpreted as an evaluation of the CloudSat-like reconstruction250

where an active-sensor reference is available, not as a validation of the full predicted 3D tile.

A single global RMSE on valid CloudSat voxels remains useful as a compact reference metric and for comparison with

previous work, but it is not sufficient to characterize reconstruction quality. The valid support is strongly imbalanced: weak or

near-background reflectivity values dominate, while radar-detectable cloud occupies a smaller fraction of the sampled voxels.

Global reflectivity errors must therefore be complemented by diagnostics that isolate cloud-conditioned performance and test255

how errors propagate into threshold-derived and vertically aggregated cloud descriptors.

Table 4 summarizes the evaluation logic adopted in this study. The framework separates direct reflectivity fidelity from cloud

occurrence and detection, threshold-derived cloud geometry, bulk vertical organisation, and stratified interpretation by cloud

regime, season, and latitude band.
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Table 4. Overview of the evaluation framework. Diagnostics are computed only on CloudSat-verifiable support and are organised from direct

reflectivity errors to threshold-derived descriptors, aggregated vertical summaries, and stratified interpretation.

Evaluation level Support / operation Main diagnostics Interpretive role

Reflectivity

fidelity

CloudSat-valid

voxels; direct

comparison of

observed and

predicted reflectivity

All-valid RMSE and bias;

cloud-conditioned RMSE

and bias;

observed–predicted

distributions; error versus

observed reflectivity

Tests whether reflectivity amplitude

is preserved, and separates

background-dominated scores from

errors within radar-detectable cloud

Cloud occurrence

and detection

Thresholded fields on

verifiable voxels and

columns, using

τ =−15dBZ

Voxel cloud fraction;

cloudy-column fraction;

vertical occurrence profile;

POD; FAR; CSI

Assesses whether the amount,

vertical distribution, and

column-level detection of

radar-detectable cloud are

reproduced

Cloud geometry

Threshold-derived

boundaries on

verifiable cloudy

columns

CTH; CBH; envelope

thickness; total cloudy

thickness; geometry

coverage

Tests whether cloud boundaries and

vertical extent remain reliable after

thresholding; coverage indicates

how much of the observed cloudy

population can be compared

Vertical

organisation

Scene-level

aggregation of

thresholded cloud

occurrence

Vertical centroid;

cloudy-scene recall;

correlation; bias; MAE

Evaluates whether the bulk vertical

placement of cloud is preserved even

when amplitude, boundaries, or

layer separation are imperfect

Validity domain

Previous diagnostics

stratified by scene

characteristics

Cloud-fraction/intensity

regimes; season; latitude

band

Identifies the conditions under which

each descriptor remains informative,

rather than relying only on global

averages

3.1 Reference support and thresholds260

All diagnostics reported in this study are restricted to CloudSat-verifiable support. Voxel-wise quantities are computed only

where CloudSat provides a valid reflectivity value and where a corresponding prediction is available. For column-based diag-

nostics, a column is considered verifiable if CloudSat contains at least one valid voxel in that column. Column-based occurrence
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labels and threshold-derived geometry products are then evaluated only on the observation-defined support of those verifiable

columns. Consequently, the reported metrics quantify performance only where CloudSat provides direct observational support265

and should not be interpreted as a validation of the full reconstructed 3D tile.

This distinction is important because predicted cloud outside the CloudSat-verifiable support cannot be scored as either

correct or incorrect. Off-support predictions are therefore excluded from the formal performance assessment. They may still be

analysed descriptively or through other products, but they are not part of the reference-based skill evaluation presented here.

In the present study, a voxel is classified as cloudy when reflectivity exceeds τ =−15dBZ. As mentioned in Sect. 2.4.1, this270

threshold is chosen to be consistent with both sample selection and the baseline study used here for comparison (Brüning et al.,

2024), and because it is commonly adopted in CloudSat-based analyses to isolate radar-detectable cloud echoes (Marchand

et al., 2008).

A second threshold, τcore = 0 dBZ, is used only in diagnostics targeting the stronger part of the reflectivity distribution. The

main goal in this case is to test whether the reconstruction preserves the more intense echoes, which are generally associated275

with optically thicker or more vertically developed structures and are expected to be harder to recover from passive radiances.

3.2 Reflectivity fidelity

The first level of evaluation concerns reflectivity amplitude. The reflectivity scores used in this study serve two purposes: a first

set is retained for consistency with the reference SEVIRI-CloudSat evaluation of Brüning et al. (2024), while a second set is

used as the main diagnostic to interpret reconstruction errors.280

For reference compatibility, two clipped RMSE scores are reported. Here, clipped means that observed and predicted reflec-

tivity values are limited to the interval [−25,20] dBZ before computing the error: values below −25dBZ are set to −25dBZ,

and values above 20 dBZ are set to 20 dBZ. This clipping reproduces the reflectivity range used in the reference evaluation and

ensures comparability with earlier work. These scores are therefore reported for consistency, but they are not the main basis

for interpreting reconstruction quality.285

The first reference-compatible score is a clipped curtain RMSE, where curtain denotes the vertical cross-section sampled by

CloudSat within each predicted 3D tile. The clipped curtain RMSE thus pools all CloudSat-valid voxels along it and computes

one average error per sample. The second score is a clipped profile-mean RMSE, where the RMSE is first computed at each

analysed altitude level using the available CloudSat-valid voxels, and then averaged vertically. Compared with the curtain

RMSE, the profile-mean RMSE gives a more balanced weight to different altitude levels.290

The main diagnostics used here are instead based on the unmodified reflectivity field on CloudSat-valid voxels. Bias and

RMSE are computed as:

Bias = ⟨Zpred −Zobs⟩ (2)

RMSE =

√〈
(Zpred −Zobs)

2
〉

(3)

Here, Zpred and Zobs are the predicted and observed radar reflectivity values in dBZ on the common grid, and ⟨·⟩ denotes295

averaging over CloudSat-valid voxels. In the Results section, this quantity is referred to as the all-valid voxel RMSE.
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An additional cloud-conditioned voxel RMSE is computed as:

RMSEcld =

√〈
(Zpred −Zobs)

2
〉
Zobs>τ

(4)

In this expression, τ =−15dBZ, and ⟨·⟩Zobs>τ denotes averaging over the subset of CloudSat-valid voxels for which the

observed reflectivity exceeds the cloud-detection threshold.300

The all-valid voxel RMSE and the cloud-conditioned voxel RMSE answer different questions: the former summarizes the

error over the full CloudSat-valid support, whereas the latter isolates performance within radar-detectable cloud. Their com-

parison is important because a reconstruction can show moderate all-valid errors while still underestimating the amplitude of

actual cloud echoes.

To characterize intensity-dependent behaviour, the signed error Zpred −Zobs is also analysed as a function of observed305

reflectivity on CloudSat-valid voxels, and observed-predicted joint distributions are examined at representative altitudes on the

same verifiable support. These diagnostics are intended to reveal systematic attenuation of moderate and strong echoes that

may remain hidden in scalar summary statistics.

3.3 Threshold-derived cloud occurrence

Once thresholded at τ =−15dBZ, the reconstructed reflectivity field is also interpreted as a binary radar-detectable cloud310

mask on the verifiable CloudSat support. Many downstream quantities, including cloudy-column fraction, cloud-top height,

cloud-base height, can be derived from this thresholded field rather than from reflectivity amplitude directly.

Three complementary occurrence diagnostics are considered here.

The first is the voxel cloudy fraction, defined as:

CFvox =

∑
z,y,x1[Z(z,y,x)> τ ]

Nvox,valid
(5)315

Here, Z denotes either the observed or predicted reflectivity field in dBZ on the common grid, 1[·] is the indicator function,

equal to 1 when the condition is satisfied and 0 otherwise, τ is the cloud-detection threshold (i.e. −15dBZ), and Nvox,valid is

the number of CloudSat-valid voxels.

The second is the cloudy-column fraction, defined as:

CFcol =

∑
y,x1[maxzZ(z,y,x)> τ ]

Ncol,verif
(6)320

Here, Ncol,verif is the number of verifiable columns, that is, columns containing at least one CloudSat-valid voxel. The vertical

maximum is evaluated only over valid levels within each verifiable column. This quantity therefore measures the fraction of

verifiable columns containing at least one cloudy voxel.

The third is the vertical cloud-occurrence profile, defined as:

pcld(z) =

∑
y,x1[Z(z,y,x)> τ ]

Nvalid(z)
(7)325
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Here, Nvalid(z) is the number of CloudSat-valid voxels at altitude level z. This profile describes how cloudy occurrence is

distributed with height.

These diagnostics capture different aspects of the thresholded field. CFvox measures how much of the sampled support is

occupied by radar-detectable cloud, CFcol is more sensitive to the prevalence of cloudy columns, and pcld(z) describes the

vertical allocation of cloud occurrence.330

Scene-level occurrence biases are also reported as:

∆CFvox = CFvox,pred −CFvox,obs (8)

∆CFcol = CFcol,pred −CFcol,obs (9)

Here, the subscripts pred and obs denote quantities derived from the predicted and observed reflectivity fields, respectively.

An error in CFcol points primarily to a bias in the number of cloudy columns, whereas an error in CFvox may arise from either335

horizontal or vertical underfilling.

3.4 Column-level cloud detection skill

The thresholded field also allows a classical detection-oriented evaluation on verifiable CloudSat columns. At column level,

both observation and prediction are converted into binary labels according to whether at least one voxel within the CloudSat-

supported part of the column exceeds τ .340

From the resulting contingency table, the probability of detection (POD), false alarm ratio (FAR), and critical success index

(CSI) are computed:

POD=
TP

TP +FN
(10)

FAR=
FP

TP +FP
(11)

CSI =
TP

TP +FP +FN
(12)345

Here, TP , FP , and FN denote true positives, false positives, and false negatives, respectively. These metrics complement

RMSE because they evaluate whether radar-detectable cloudy columns are identified at all, regardless of the exact reflectivity

amplitude within them. They are computed only on verifiable CloudSat columns and therefore do not penalize predicted cloud

outside the CloudSat-observed support.

3.5 Threshold-derived cloud geometry350

Cloud-top height (CTH), cloud-base height (CBH), and cloud thickness are derived from the thresholded reflectivity field on

verifiable CloudSat support. These quantities are more directly interpretable than voxel-level reflectivity, but they are also more

sensitive to thresholding and to the loss of weak echoes near cloud boundaries.

For each verifiable column classified as cloudy, CTH and CBH are defined as the highest and lowest altitude levels, respec-

tively, at which Z > τ , with τ =−15dBZ. Two thickness measures are considered. The first is the envelope thickness, defined355
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as:

Tenv =CTH−CBH+∆z (13)

where ∆z is the vertical grid spacing. This quantity spans the full cloudy envelope between base and top and therefore includes

possible gaps between layers.

The second is the total cloudy thickness, defined as:360

Ttot =∆z
∑

z

1[Z(z,y,x)> τ ] (14)

Here, Z(z,y,x) is the reflectivity value at altitude level z in column (y,x), τ is the cloud-detection threshold (−15dBZ), 1[·]
is the indicator function, and the summation is evaluated over the analysed levels of the CloudSat-supported part of the column.

This quantity counts only the cloudy levels themselves and therefore excludes clear gaps between layers.

Both quantities are retained because they describe different aspects of the vertical structure. Tenv is sensitive to the overall365

extent of the cloudy envelope, whereas Ttot is less affected by gaps and therefore remains informative even when multilayer

structure is not fully preserved.

The evaluation of geometry is inherently conditional, because CTH, CBH, and thickness are defined only in columns clas-

sified as cloudy. This point is particularly important for CBH. In the present setup, the lower part of the CloudSat profile is

excluded to reduce ground-clutter contamination, so CBH should not be interpreted as the true physical cloud base. It is the370

lowest radar-detectable cloudy level within the truncated 2.4-24 km analysis range. For this reason, CBH is expected to be less

realistic and more difficult to interpret than CTH, especially for shallow or lower-tropospheric clouds.

Geometry errors are therefore evaluated only where the corresponding quantity is defined in both observation and prediction.

This conditional evaluation is necessary, but it can make geometry scores appear better than they are if many observed-cloudy

columns are missed entirely. To make this explicit, a geometry coverage is also reported:375

Cgeom =

∑
y,x1[yobs = 1 ∧ ypred = 1]∑

y,x1[yobs = 1]
(15)

Here, yobs and ypred are the binary cloudy-column labels derived from the observed and predicted fields, and the summations

are evaluated over verifiable CloudSat columns. This quantity measures the fraction of observed-cloudy columns for which

geometry is also defined in the prediction. In other words, it indicates how much of the observed cloudy population survives

the thresholding step well enough for top, base, and thickness to be compared.380

3.6 Scene-level vertical cloud organisation

Threshold-derived top and base heights are informative, but they remain sensitive to local edge errors, missing weak echoes, and

the imperfect reconstruction of multilayer structure. An additional aggregated diagnostic is therefore introduced to characterize

the bulk vertical allocation of cloud occurrence.

The centroid height of cloud occurrence is defined as:385

zc =

∑
z z pcld(z)∑
z pcld(z)

(16)
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Here, pcld(z) is the vertical cloud-occurrence profile defined in Sect. 3.3, z is altitude, and the summation is performed over the

analysed vertical levels. This quantity represents the mean vertical location of cloudy occurrence within the verifiable support

of the evaluation sample.

The centroid is introduced because many applications depend more on the dominant vertical placement of cloud than on the390

exact reconstruction of every local boundary. This is the case, for example, in cloud-regime characterization, process-oriented

model evaluation, and broader radiative interpretation, and potentially in some solar-radiation applications, where it may be

more informative to know whether cloud occurrence is concentrated mainly in the lower, middle, or upper troposphere than to

recover the exact top, base, or internal separation of each layer (Garnier et al., 2021; Kim et al., 2024).

3.7 Regime, seasonal, and latitudinal stratification395

Global averages are not sufficient to characterize the usefulness of the reconstruction, because different evaluation samples

do not pose the same level of difficulty. The analysis is therefore stratified in order to identify the conditions under which the

reconstruction remains informative.

Samples are grouped according to the observed cloudy-column fraction CFcol,obs and the maximum observed reflectivity

on CloudSat-valid voxels (max(Zobs)). The observed cloudy-column fraction is partitioned into three regimes, CFcol,obs <400

0.2, 0.2≤ CFcol,obs ≤ 0.6, and CFcol,obs > 0.6, corresponding to low, medium, and high cloudy-column conditions on the

verifiable support. Sample intensity is divided into weak and strong regimes using a threshold of 5dBZ on the maximum

observed reflectivity. Unlike the −15dBZ threshold used to define radar-detectable cloud occurrence, this 5dBZ threshold

is not intended as a universal physical threshold. It is introduced here as a practical stratification criterion to separate scenes

dominated by weak returns from scenes containing clearly stronger echoes.405

Additional stratification is performed by season (DJF, MAM, JJA, SON) and by broad latitude bands, defined as tropics

(|ϕ|< 20◦), midlatitudes (20◦ ≤ |ϕ|< 50◦), and high latitudes (|ϕ| ≥ 50◦). The corresponding labels and thresholds are sum-

marized in Table 5.
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Table 5. Labels and thresholds used for the regime, seasonal, and latitudinal stratifications.

Category Label Definition

Cloudy-column fraction Low CFcol,obs < 0.2

Cloudy-column fraction Medium 0.2≤ CFcol,obs ≤ 0.6

Cloudy-column fraction High CFcol,obs > 0.6

Scene intensity Weak max(Zobs)< 5dBZ

Scene intensity Strong max(Zobs)≥ 5dBZ

Season DJF December-January-February

Season MAM March-April-May

Season JJA June-July-August

Season SON September-October-November

Latitude band Tropics |ϕ|< 20◦

Latitude band Midlatitudes 20◦ ≤ |ϕ|< 50◦

Latitude band High latitudes |ϕ| ≥ 50◦

This final step is intended to determine not only whether the reconstruction performs well on average, but also under which

conditions it remains most informative and which aspects of the cloud field can be interpreted with greater confidence.410

4 Results

All results are obtained on the independent 2019 evaluation year, restricted to daytime samples (07:00-18:00 UTC) and to

CloudSat-supported voxels within the analysed vertical range (2.4-24 km). Unless otherwise stated, reflectivity statistics are

computed on the valid CloudSat support, whereas occurrence and geometry diagnostics are evaluated from threshold-derived

products on verifiable CloudSat support, as defined in Sect. 3.415

The results are organised according to the hierarchy introduced in Sect. 3. The analysis starts from reflectivity fidelity itself

and then moves to quantities derived after thresholding or vertical aggregation.

4.1 Reflectivity reconstruction and illustrative examples

The first step is to assess how faithfully the reconstructed field reproduces CloudSat reflectivity on the valid CloudSat support.

Table 6 summarizes the main reflectivity metrics on the independent 2019 evaluation year. The table includes two types of420

scores: reference-compatible clipped scores, retained for comparison with previous SEVIRI-CloudSat reflectivity studies, and

non-clipped diagnostics used to interpret the reconstruction errors.
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Table 6. Summary reflectivity metrics on the independent 2019 evaluation year.

Metric Median [IQR] (dBZ) Mean (dBZ)

Reference-compatible curtain RMSE (clipped) 4.45 [3.43, 5.62] 4.59

Reference-compatible profile-mean RMSE (clipped) 2.76 [1.98, 3.72] 2.95

All-valid voxel RMSE 5.81 [4.68, 7.08] 5.98

Cloud-conditioned voxel RMSE 14.48 [11.71, 17.66] 14.93

All-valid voxel bias +0.13 [-0.27, +0.49] 0.07

Cloud-conditioned voxel bias -11.16 [-14.83, -7.87] -11.59

The reference-compatible scores are based on reflectivity values clipped to the interval [−25,20] dBZ. The clipped curtain

RMSE is computed over all valid voxels along the CloudSat-observed vertical section within each predicted tile, whereas the

clipped profile-mean RMSE first computes errors separately at each altitude level and then averages them vertically. These425

scores remain moderate, with a median clipped curtain RMSE of 4.45 dBZ and a median clipped profile-mean RMSE of

2.76 dBZ. They indicate that, using the scoring conventions of earlier SEVIRI-CloudSat reflectivity studies, the reconstruction

has comparable overall error levels.

However, the non-clipped diagnostics reveal a more contrasted behaviour. The all-valid voxel RMSE is higher, with a median

of 5.81 dBZ, while the corresponding median bias remains close to zero, at (+0.13 dBZ). This near-zero bias over all valid430

voxels does not imply that cloudy regions are well reconstructed, because the valid support contains many weak or near-

background reflectivity values. When the analysis is restricted to voxels that are cloudy in the CloudSat observation, the error

increases strongly: the cloud-conditioned voxel RMSE reaches 14.48 dBZ, and the cloud-conditioned bias is (-11.16 dBZ). The

dominant reflectivity failure mode therefore becomes apparent when the evaluation focuses specifically on radar-detectable

cloud.435

Figure 2 makes this point explicit by showing prediction error as a function of observed reflectivity, for all valid voxels and

for the cloud-conditioned subset. In both panels, the bin-wise median shifts downward as observed reflectivity increases. This

behaviour is already visible when all valid voxels are included, but it becomes much clearer once the background is removed.

In the cloud-conditioned panel, the negative shift is systematic across the full observed range and becomes strongest for high

reflectivity values. This pattern suggests an attenuation of moderate and strong echoes in the reconstructed field, but may also440

reflect the tendency of models trained with an MSE loss to regress toward the conditional mean and underestimate extreme

values.
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Figure 2. Reflectivity error as a function of observed reflectivity on CloudSat-valid support. Left: all valid voxels. Right: cloud-conditioned

voxels (Zobs > τ , with τ =−15dBZ). Boxes indicate the interquartile range, whiskers the 10th-90th percentiles, and lines the bin-wise

median. Reflectivities are clipped to [−25,20] dBZ.

Figure 3 complements the vertically aggregated error analysis in Fig. 2 by resolving the observed-predicted relationship

at three selected altitudes (6, 10, and 14 km). The plots show the distribution of all valid observed-predicted voxel pairs at

each level. The orange line represents the mean predicted reflectivity within 5 dBZ classes of observed reflectivity. R2
all is445

computed from all individual valid voxel pairs and measures how closely the overall observed-predicted distribution follows

a linear relationship. At 6 km, the observed-predicted relationship is the weakest (R2
all = 0.48), and the class-mean response

increasingly falls below x= y as observed reflectivity increases. At 10 and 14 km, the voxel-wise relationship is stronger

(R2
all = 0.65 and 0.64), but the same departure of the class mean from x= y remains for moderate and strong echoes. Figure 3

therefore confirms, at all three altitudes, that predicted reflectivity generally increases with observed reflectivity, but stronger450

echoes are systematically underestimated, consistently with the increasingly negative errors shown in Fig. 2.
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Figure 3. Observed versus predicted reflectivity at 6, 10, and 14 km on CloudSat-valid support, using all valid voxels at each level. Hexagons

indicate sample density on a linear scale, with the upper colour limit set to the 95th percentile. The dashed line denotes x= y. The orange

line shows the mean predicted reflectivity within 5 dBZ classes of observed reflectivity. R2
all is computed from all valid voxel pairs at each

level. Reflectivities are clipped to [−25,20] dBZ.

This interpretation is also visible in Fig. 4, which shows three illustrative samples selected from contrasted cloud regimes.

These examples are included to qualitatively support the reading of the metrics discussed above, not to replace them. A

broader set of 200 additional examples, selected by stratified random sampling across all cloud-cover and intensity regimes,

is provided in the Supplement (Figs. S1–S200). Low, medium, and high cloud-cover scenes are defined by CFcol,obs < 0.2,455

0.2≤ CFcol,obs ≤ 0.6, and CFcol,obs > 0.6, respectively, while weak and strong regimes are separated using a maximum ob-

served reflectivity threshold of 5dBZ. In addition to the reflectivity curtains, Fig. 4 also shows the observed and predicted

cloud-top and cloud-base heights derived from thresholded reflectivity (τ =−15dBZ). These curves are included here only as

a qualitative visual indication of the reconstructed cloud envelope; their systematic evaluation is presented later.
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Figure 4. Representative observed and predicted CloudSat-like reflectivity samples. The first two panels show observed and predicted

reflectivity on the CloudSat-valid curtain; the rightmost panel shows cloud-top height (CTH) and cloud-base height (CBH) derived from

thresholded reflectivity (τ =−15dBZ). Reported scores are sample-wise reflectivity RMSE on valid voxels and on the cloud-conditioned

subset.
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Across the selected cases, the dominant cloudy layer is generally reconstructed at the correct altitude and the broad dis-460

tinction between lower, middle, and higher-level cloud is preserved. This confirms that the model does recover meaningful

information on the large-scale vertical organisation of cloud. However, the same samples also show the limitations already

identified in the statistical diagnostics. Intense echoes are weakened and spread over broader regions, and internally structured

scenes tend to lose part of their separation between layers. These behaviours are consistent with a passive-to-3D inversion and

with a voxel-wise squared-error objective, both of which tend to favour smoothed conditional-mean reconstructions.465

Taken together, the results show that the model tends to reconstruct a physically meaningful but smoothed version of the

CloudSat reflectivity field. It preserves the broad vertical placement of cloud and part of the large-scale reflectivity organisation,

but systematically underestimates the reflectivity of moderate and strong echoes.

4.2 Threshold-derived cloud occurrence and vertical distribution

After thresholding the observed and reconstructed reflectivity fields atτ =−15 dBZ, both fields can be interpreted as binary470

masks of radar-detectable clouds. This section focuses on the outcome of this thresholding step, evaluating how well the

reconstruction reproduces the amount of detected cloud, the fraction of cloudy columns, and the altitude range where cloud

occurrence is concentrated.

Three diagnostics are used to evaluate the impact of thresholding on the reconstructed cloud mask. The voxel cloud fraction

CFvox measures the fraction of voxels classified as cloudy within the sampled vertical section. The cloudy-column fraction475

CFcol measures the fraction of columns containing at least one cloudy voxel. This distinction is important because CFcol

can decrease strongly when marginal or vertically thin cloudy columns are missed, whereas CFvox may change less if those

columns contain relatively few cloudy voxels or if thicker columns remain partly above the threshold. Conversely, errors in

cloud thickness or vertical extent can affect CFvox without necessarily changing CFcol. The vertical occurrence profile pcld(z)

then describes where this thresholded cloud occurrence is located in altitude. Column-level POD, FAR, and CSI complement480

CFcol by evaluating detection at the column scale. These metrics indicate whether errors in CFcol arise from missed cloudy

columns or from false detections.

Table 7 summarizes the main occurrence diagnostics and column-detection scores. The median bias in voxel cloud fraction

is modest, with ∆CFvox =−0.020 and a median absolute error of 0.022. By contrast, the bias in cloudy-column fraction is

much more negative, with ∆CFcol =−0.174 and a median absolute error of 0.175. The detection scores clarify this error: the485

probability of detection is moderate (POD = 0.63), the false alarm ratio is very small (FAR = 0.031), and the critical success

index remains moderate (CSI = 0.62). The thresholded reconstruction is therefore conservative: it generates few spurious

cloudy columns, but it misses a non-negligible fraction of the observed ones.
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Table 7. Summary of threshold-derived cloud-occurrence diagnostics on the independent 2019 evaluation year. Bias and MAE are reported

as sample-level medians with interquartile ranges. Column-detection scores are computed globally over CloudSat-verifiable columns using

τ =−15dBZ.

Product
Bias median

[IQR]
MAE median

[IQR] POD FAR CSI

Voxel cloud fraction −0.020 [−0.035, −0.008] 0.022 [0.011, 0.036] – – –

Cloudy-column fraction −0.174 [−0.286, −0.091] 0.175 [0.092, 0.287] – – –

Column cloud detection – – 0.63 0.031 0.62

Fig. 5 further examines whether these biases depend on the observed amount of cloud in each sample. The figure shows

binned observed-predicted relationships: samples are grouped according to the observed value of CFcol or CFvox, and the490

solid line shows the conditional median of the predicted value in each bin. The right panel shows that CFvox remains relatively

close to the one-to-one line over most of its observed range, although a weak negative bias persists throughout. On the other

hand, the left panel shows that for CFcol the underestimation is stronger and increases as the observed cloudy-column fraction

grows. Near the upper end of the range, the predicted conditional median remains well below unity even when the observed

support is almost fully cloudy. The numerical values reported in the inset boxes of Fig. 5 are global mean bias and MAE over495

all samples, whereas Table 7 reports medians and interquartile ranges.

Figure 5. Binned observed-predicted relationships for threshold-derived cloud occurrence on CloudSat-verifiable support. Left: cloudy-

column fraction CFcol. Right: voxel cloud fraction CFvox. Shaded areas indicate the interquartile range and solid lines the conditional

median.

Taken together, the two panels show that the reconstruction errors affect the two threshold-derived occurrence measures

differently. The model loses cloud much more strongly in terms of the number of cloudy columns than in terms of the total

number of cloudy voxels. This difference is consistent with the definitions of the two metrics: each cloudy column contributes

equally to CFcol, whereas its contribution to CFvox depends on the number of cloudy voxels it contains. For example, missing500
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a column containing only a few cloudy voxels reduces CFcol by one full column count, while having only a small effect on

CFvox. The two biases therefore are expected not to vary proportionally.

The mean vertical cloud-occurrence profile is shown in Fig. 6. Although the analysed vertical range begins at about 2.4 km,

mean occurrence remains nearly zero below about 5 km because very few valid CloudSat observations remain at these levels

after the applied quality screening. Above this level, the predicted curve reproduces the overall shape of the observed profile:505

cloud occurrence increases rapidly, reaches a maximum in the lower-to-mid troposphere, and then decreases progressively with

altitude. This indicates that the reconstruction preserves the broad vertical band in which cloud occurrence is concentrated.

At the same time, the predicted profile remains below the observed one at almost all heights, indicating a systematic under-

estimation of threshold-derived cloud occurrence. The main occurrence maximum is still located in the same broad altitude

range, but it is weaker and slightly shifted toward lower levels. Above the maximum, the predicted profile decays more rapidly510

than the observed one, showing that occurrence is also underestimated in the middle and upper part of the column.

Figure 6. Mean vertical cloud-occurrence profile pcld(z) for the observed and reconstructed fields on CloudSat-valid support (τ =

−15 dBZ). The evaluation grid extends from 2.4 to 24 km. The near-zero occurrence below approximately 5 km reflects the quality screen-

ing applied to the processed CloudSat reference.

These results suggest that the thresholded reconstruction is therefore more reliable as an indicator of the vertical region

in which cloud occurrence is concentrated than as an unbiased estimate of the total amount of cloudy support throughout

the profile. This distinction is important because applications based on cloud presence, cloud screening, or surface-radiation

attenuation are more sensitive to missed cloudy columns, whereas applications focused on vertical cloud placement may still515

benefit from the reconstructed occurrence profile despite its negative bias.
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4.3 Conditional skill of threshold-derived cloud boundaries and thickness

This paragraph is aimed to assess how the thresholded reflectivity field translates into geometric quantities such as cloud-

top height (CTH), cloud-base height (CBH), and cloud thickness. These diagnostics are conditional by construction: CTH,

CBH, and thickness can only be compared in columns where cloud is detected in both the CloudSat observation and the520

reconstruction.

Table 8 summarizes the threshold-derived geometry diagnostics. The conditional RMSE values for CTH and CBH are of

similar magnitude, with median values of 1.38 and 1.41 km, respectively. This indicates that the broad altitude of the upper

and lower cloud boundaries is often recovered with reasonable accuracy. For CTH, this order of magnitude is qualitatively

consistent with the CTH behaviour reported by Brüning et al. (2024), who found an overall mean difference of 1.28 km against525

monthly aggregated CLAAS-V002E1 cloud-top heights, together with a tendency of the Res-UNet to predict lower clouds and

to underestimate higher clouds. A direct numerical comparison is not appropriate, however, because their CTH analysis was

performed on monthly full-disk aggregates against an external SEVIRI-based product, whereas the present CTH scores are

conditional and restricted to CloudSat-verifiable columns.

The median RMSE is 2.05 km for envelope thickness and 1.65 km for total cloudy thickness. The larger value obtained530

for envelope thickness should not, however, be interpreted directly as evidence that thickness is intrinsically more difficult

to reconstruct than CTH or CBH. Since envelope thickness is defined as the difference between the two boundaries, its error

combines errors in both CTH and CBH. As a simple propagation benchmark, assuming independent and unbiased boundary

errors gives an expected RMSE of
√
1.382 +1.412 = 1.97km, which is close to the observed 2.05 km.

Table 8. Summary of threshold-derived cloud-geometry diagnostics on CloudSat-verifiable support. RMSE values are conditional on jointly

defined geometry, and geometry coverage denotes the fraction of observed-cloudy columns included in this comparison.

Metric Median [IQR] Mean

CTH RMSE (conditional, km) 1.38 [0.95, 2.09] 1.66

CBH RMSE (conditional, km) 1.41 [0.84, 2.18] 1.64

Envelope thickness RMSE (conditional, km) 2.05 [1.42, 2.92] 2.30

Total cloudy thickness RMSE (conditional, km) 1.65 [1.21, 2.24] 1.83

Geometry coverage on observed-cloudy columns 0.60 [0.39, 0.78] 0.57

Figure 7 provides a column-level view of the observed-predicted relationship for the 767,086 columns in which both ob-535

served and predicted boundaries are defined. CTH shows the tighter relationship (r = 0.86). The conditional median remains

close to x= y over most of the central observed range, but departs below it for the highest cloud tops. This behaviour is

consistent with the overall negative CTH bias of −0.72km, indicating that the most elevated tops tend to be predicted too low.

CBH shows a weaker observed-predicted relationship than CTH (r = 0.77). The conditional median remains relatively

close to x= y over the lower part of the observed range but increasingly departs below it for higher observed cloud bases. This540

tendency is confirmed by the conditional bias, which changes from +0.06km over all jointly defined columns to −0.40km
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for CBHobs ≥ 6km, and becomes progressively more negative at higher observed bases. The near-zero overall bias therefore

results from compensation between positive errors near the lower end of the observed CBH distribution and negative errors

at higher altitudes. Its interpretation should also account for the effective lower truncation of the processed CloudSat cloud-

occurrence profile, which contains almost no detected cloud below approximately 5 km.545

Figure 7. Scatterplot of column-level observed-predicted threshold-derived cloud-top height (CTH) and cloud-base height (CBH) on

CloudSat-verifiable support. Hexagons indicate sample density, the dashed line represents x=y line, and the solid line the conditional median

of the prediction given the observation.

A further limitation concerns the preservation of multilayer vertical structure. Using the threshold-derived layer count at

column level, the confusion matrix between single-layer and multilayer columns is strongly asymmetric. Observed single-

layer columns are almost always reconstructed as single-layer, with only 0.5% classified as multilayer. Observed multilayer

columns, by contrast, are collapsed into single-layer outcomes: only 2.6% are reconstructed as multilayer, whereas 97.4%

are mapped to a single-layer structure. The limitation is therefore not a generic ambiguity between the two classes, but a550

pronounced collapse of vertical complexity. Once the cloud field becomes internally structured, the reconstruction tends to

preserve the bulk cloudy region while losing the separation between distinct layers.

Taken together, these results show that the threshold-derived boundaries retain useful information on the broad vertical

location of cloud, but only on the subset of columns where cloud is detected in both observation and prediction. The envelope-

thickness error is broadly consistent with the propagation of CTH and CBH errors. The clearest structural limitation is instead555

the failure to preserve multilayer organisation, with the large majority of observed multilayer columns reconstructed as single-

layer.
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4.4 Scene-level vertical centroid summary

The previous subsection focused on threshold-derived cloud boundaries. However, CTH, CBH and thickness remain sensitive

to edge effects, missed weak echoes and loss of internal layering. For this reason, it is useful to introduce a more aggregated560

descriptor of the vertical cloud distribution, namely the centroid height derived from the full vertical cloud-occurrence profile.

This quantity does not describe the outer cloud envelope, but rather the altitude at which cloud occurrence is concentrated on

average within a scene.

Table 9 reports the corresponding scene-level agreement. Out of 16 979 scenes that are cloudy in the observation, 16 243

are also cloudy in the prediction, corresponding to a cloudy-scene recall of 96%. On this common subset, the centroid shows565

a strong scene-level relationship, with r = 0.89, a bias of −0.33km, an MAE of 0.72 km, and an RMSE of 1.04 km. These

values should not be interpreted as direct evidence that the centroid is reconstructed more accurately than CTH, CBH, or

thickness, because the centroid is a scene-level aggregate whereas the boundary diagnostics are evaluated column by column.

As a simple reference, if the centroid is approximated by the midpoint between CTH and CBH and the two boundary errors

are assumed to be independent and unbiased, the expected RMSE is 1
2

√
1.382 +1.412 = 0.99km. This is close to the observed570

centroid RMSE of 1.04 km. The comparison is only heuristic, since the centroid used here is derived from the full scene-level

cloud-occurrence profile rather than directly from CTH and CBH, and the boundary values are medians of scene-wise RMSEs.

Nevertheless, it shows that the lower centroid error is broadly consistent with the expected effect of aggregation and should not

be interpreted by itself as evidence of superior reconstruction skill.

Table 9. Scene-level agreement for the vertical centroid height derived from the full vertical cloud-occurrence profile. Agreement metrics

are reported only for scenes classified as cloudy in both observation and prediction.

Nobscloudy Nboth Recallcloudy r Bias (km) MAE (km) RMSE (km)

16,979 16,243 0.96 0.89 -0.33 0.72 1.04

Figure 8 confirms this behaviour. The highest density of points is distributed close to the x=y line and the conditional median575

follows the diagonal rather well over most of the observed range. A systematic deviation appears mainly for the highest centroid

values, for which the predicted centroid tends to remain slightly lower than the observed one. In other words, scenes whose

cloud occurrence is concentrated higher in the column are reconstructed with a moderate downward shift, but without losing

the overall vertical ordering of the scenes.
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Figure 8. Observed vs. predicted scene-level vertical centroid height derived from the full vertical cloud-occurrence profile. The dashed line

is x=y and the solid line the conditional median of the prediction given the observation.

The centroid should therefore be interpreted as a complementary aggregate descriptor rather than as evidence of superior580

reconstruction of vertical geometry. Its high cloudy-scene recall and strong observed-predicted relationship show that the

model retains useful information on the altitude at which cloud occurrence is concentrated within a scene. The close agreement

between the observed RMSE and the simple error-propagation benchmark, however, indicates that its lower error magnitude is

largely consistent with the expected effect of aggregation.

4.5 Performance across cloud regimes, seasons, and latitude bands585

The previous subsections described the average behaviour of the reconstruction. The next question is whether this behaviour

is uniform across scenes, or whether some cloud regimes are reconstructed more reliably than others. This point is important,

because low-cloud-cover scenes, broad stratiform scenes and scenes containing stronger echoes do not present the same level

of difficulty.

Regimes are defined using two observed CloudSat-based quantities. The observed cloudy-column fraction CFcol,obs is590

divided into low (CFcol,obs<0.2), medium (0.2≤ CFcol,obs ≤ 0.6), and high (CFcol,obs>0.6) cloud-cover regimes. Scene in-

tensity is divided into weak and strong cases according to the maximum observed reflectivity, using 5 dBZ as a practical

threshold.

Figure 9 shows the distribution of the scene-median error on cloudy voxels after stratification by observed column cloud

cover and scene intensity. The median error remains negative in all six regimes, confirming that the tendency to underestimate595

reflectivity on cloudy voxels is systematic. At the same time, the magnitude of this underestimation is not the same across

regimes. Low-(CFcol) scenes show the most negative errors, while high-(CFcol) scenes are less degraded. This indicates that
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sparse or broken cloudy scenes are harder to reconstruct than broad, spatially extended ones. The effect of intensity is visible,

but the clearest separation is associated with cloudy-column fraction.

Figure 9. Distribution of scene-median reflectivity error on cloud-conditioned voxels, stratified by observed cloudy-column fraction and

scene intensity. Boxes indicate the interquartile range and central lines the median.

Table 10 shows how this regime dependence propagates from reflectivity error to detection and geometry diagnostics. The600

most interpretable regime is the high-CFcol, strong regime. It contains 7776 scenes, nearly half of the stratified evaluation set,

and combines the best column-detection scores, with POD=0.73 and CSI=0.72, with moderate conditional geometry errors,

1.39 km for CTH and 1.41 km for CBH. The cloud-conditioned RMSE remains high, (12.9 dBZ), so reflectivity amplitude is

still underestimated, but the broad cloudy structure is more consistently detected.

The least reliable cases are the low-CFcol regimes. In the low-CFcol, weak regime, (POD=0.00) and (CSI=0.00), mean-605

ing that the observed cloudy columns are essentially not retained after thresholding. In the low-CFcol, strong regime, some

cloudy columns are detected (POD=0.45, CSI=0.43), but the cloud-conditioned RMSE is the largest of all regimes, reaching

(18.7 dBZ). These results indicate that sparse scenes are problematic in two different ways: weak sparse clouds can disappear

after thresholding, while stronger sparse structures may be detected but with large amplitude errors.

The low-CFcol regimes are relatively rare in this evaluation set, with 315 weak scenes and 891 strong scenes, corresponding610

together to about (7.1 %) of the stratified samples. Nevertheless, they are important for interpretation because they identify the

main failure domain of the reconstruction.
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Table 10. Regime-stratified median performance for cloud-conditioned reflectivity error, conditional geometry error, and column-detection

skill. Regimes are defined by observed column cloud cover and scene intensity.

CFcol Intensity N RMSEcld CTHRMSE CBHRMSE POD FAR CSI

Low Weak 315 16.8 0.89 1.05 0.00 0.00 0.00

Low Strong 891 18.7 1.52 1.35 0.45 0.00 0.43

Med Weak 657 13.7 0.96 1.12 0.27 0.00 0.26

Med Strong 7171 16.1 1.42 1.45 0.53 0.00 0.50

High Weak 252 12.5 0.96 1.35 0.39 0.00 0.38

High Strong 7776 12.9 1.39 1.41 0.73 0.00 0.72

This regime-wise interpretation nevertheless requires caution for the geometry metrics. Because CTH and CBH errors are

conditional on jointly detected cloudy columns, they cannot be interpreted independently of the detection skill. For instance,

the low-CFcol, weak regime shows a relatively small median CTH RMSE, but this does not imply that the geometry is well615

reconstructed in that regime, since the corresponding POD and CSI are both zero. Rather, it indicates that geometry can only

be compared on a very small residual subset of cases. Regime-wise geometry scores are therefore informative mainly when the

corresponding regime also retains a non-negligible fraction of detected cloudy columns.

This regime hierarchy is also consistent with the additional stratified examples provided in the Supplement (Figs. S1–S200).

In low-CFcol scenes, the reconstruction often misses isolated cloudy structures or strongly attenuates them. In medium-CFcol620

scenes, the dominant cloudy region is usually retained, but with reduced internal contrast. In high-CFcol scenes, the broad

vertical placement is generally preserved, although reflectivity gradients and multilayer complexity are smoothed.

The seasonal and latitudinal dependence is shown in Fig. 10. The seasonal effect is visible in both panels. In all latitude bands,

JJA corresponds to the highest values of RMSEcld, reaching 15.3-15.4 dBZ, and also to the highest CTH errors, especially in

the tropics and at high latitudes. Outside JJA, the values remain lower and more homogeneous. The best conditions are found625

in mid-latitude MAM for CTH and in high-latitude MAM for cloud-conditioned reflectivity error.
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Figure 10. Season × latitude-band summaries of cloud-conditioned reflectivity RMSE and conditional CTH RMSE. Cell values denote the

regime median and the annotation below each value indicates the number of samples in the corresponding bin.

These seasonal and latitudinal contrasts are present, but they are weaker than the regime dependence. The main performance

differences are associated with cloud-scene structure, especially cloudy-column fraction, rather than with latitude or season

alone. Seasonal and latitudinal effects should therefore be interpreted partly as changes in the composition of cloud regimes

within each bin.630

Overall, the stratified analysis shows that the reconstruction remains informative over a substantial part of the evaluation set,

but its reliability is not uniform. The most favorable conditions are broad and spatially extended cloud regimes, whereas sparse

scenes and scenes with stronger local structures remain the main source of degradation. This behaviour is also qualitatively

consistent with experience from SEVIRI-based solar-radiation retrievals, where scattered or broken cloud fields are known

to be particularly challenging because of their strong spatial heterogeneity, rapid temporal variability, and the limited spatial635

resolution of the geostationary observations (Qu et al., 2017). This does not imply that performance is spatially or temporally

invariant, nor that it remains unchanged at large SEVIRI viewing angles. Rather, it indicates that, in the present evaluation, the

main observed source of variability is the structure of the cloud scene itself.

5 Discussion, limitations, and future perspectives

The present results suggest that the main value of SEVIRI-CloudSat tomography lies less in reconstructing a radar-equivalent640

3D cloud field than in recovering a smoothed, support-dependent representation of bulk vertical cloud organisation. This

interpretation is consistent across the diagnostics. The global reflectivity benchmark remains moderate because it mixes cloudy

and cloud-free support, whereas the cloud-conditioned evaluation reveals the dominant failure mode, namely the attenuation of

moderate and strong echoes. After thresholding, this attenuation affects the derived products unevenly: bulk cloudy occupancy

remains overall stable, but cloudy-column occurrence and threshold-derived geometry degrade more strongly. At the same645

time, the vertical diagnostics show a stable scene-level cloud centroid allocation, but a very low multilayer structure detection.
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The reconstructed field should therefore be interpreted as a CloudSat-like surrogate of where cloud occurrence is vertically

concentrated than as a faithful retrieval of full internal cloud structure.

The present analysis also highlight several important limitations. First, the performance evaluation is support-restricted by

construction: quantitative verification is only possible where CloudSat provides an observable reference, so the skill of the650

full extrapolated 3D field away from the verifiable curtain cannot be established. Second, the target itself is not a completely

reliable cloud truth. CloudSat is sun-synchronous and samples only a subset of cloud conditions, while the present framework

is restricted to CloudSat-supported, daytime scenes within the analysed vertical range. The reconstructions should therefore

be interpreted as pseudo-CloudSat fields at CloudSat overpass times, not as an unbiased 3D cloud truth valid at any local

time. This point is important because some of the most attractive potential uses of geostationary tomography implicitly suggest655

continuous volumetric cloud information, whereas the present validation only supports a more limited interpretation. Third,

several diagnostics are conditional and should be read as such: low cloud-top or cloud-base errors are informative only for the

subset of columns in which geometry is retained in both observation and reconstruction. More broadly, part of the degradation

is likely intrinsic to the problem itself, since strong reflectivity echoes and multilayer separation are among the aspects least

directly constrained by passive SEVIRI radiances.660

These limitations also point to more specific future developments. A first direction is to provide the network with additional

physical context, for instance through meteorological conditioning from reanalysis fields such as temperature, humidity, or

vertical motion, which may help constrain quantities that are only weakly encoded in instantaneous SEVIRI radiances, includ-

ing layer separation, cloud vertical extent, and the altitude of phase transitions. A second direction is architectural rather than

purely incremental: the present results suggest that a single continuous reflectivity output is not necessarily the most informa-665

tive formulation for all applications. Multi-task or multi-head networks, jointly predicting reflectivity together with occurrence,

cloud top and base height, or bulk vertical allocation, could help align the learning problem more directly with the descrip-

tors that remain informative in the present evaluation. Additional temporal context from successive SEVIRI images is another

interesting extension. Finally, off-support analyses remain important, not as formal validation, but to characterize what type

of three-dimensional cloud field the model tends to generate beyond the CloudSat curtain. In this perspective, future progress670

will likely come not only from improving voxel-wise fidelity, but from combining stronger physical conditioning with output

formulations better matched to the intended downstream products.

6 Conclusions

Using an all-cloud SEVIRI-CloudSat reflectivity baseline, this study assessed cloud tomography on an independent 2019

daytime year (17,110 matched scenes) with an extended evaluation framework covering reflectivity fidelity, threshold-derived675

occurrence and geometry, bulk vertical allocation, and regime dependence. The results show that the reconstruction remains

informative, but not uniformly across cloud scenes. Threshold-derived geometry remains informative only conditionally, with

median cloud-top and cloud-base errors of 1.38 and 1.41 km on the subset of columns that remain geometrically comparable,

corresponding to about 60% of observed-cloudy columns. The envelope-thickness RMSE of 2.05 km is close to the expected
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simple propagation of the CTH and CBH errors and therefore does not indicate a clear additional loss of skill. Similarly, the680

scene-level vertical centroid provides a useful aggregate summary, with 96% cloudy-scene recall, r = 0.89, and an RMSE

of 1.04 km; however, this value is also close to the expected error propagation. The clearest structural limitation is instead

the preservation of multilayer organisation: only 2.6% of observed multilayer columns are reconstructed as multilayer, while

97.4% collapse to single-layer outcomes.

A second conclusion is that the main limitation is a smoothing of the reconstructed field rather than a complete loss of685

cloud signal. This effect weakens stronger echoes and propagates most strongly in sparse scenes, whereas broad and spatially

extended cloud regimes remain the most reliable. Among strong scenes, for example, the cloud-conditioned RMSE decreases

from 18.7 dBZ in low-cloud-cover cases to 12.9 dBZ in high-cloud-cover cases, while POD increases from 0.45 to 0.73.

Seasonal and latitudinal contrasts are visible, but remain secondary compared with regime dependence. SEVIRI-CloudSat

tomography is therefore best interpreted as a pseudo-CloudSat product at CloudSat overpass times, most credible for vertically690

informed cloud-occurrence diagnostics and bulk cloud allocation, while its structural limits must remain explicit in downstream

use.
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