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Key Points:6

• Fine-tuning Chalmers Cloud Ice Climatology cloud probabilities against CloudSat-7

CALIPSO improves the detection of previously missed clouds.8

• Observational cloud cover trends with continuous spatiotemporal coverage enable9

multidecadal trends resolved by altitude for the first time.10

• Sensitivity to thin clouds is a primary factor in reconciling inconsistent trends be-11

tween satellite-based climate data records and ERA5.12
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Abstract13

The Chalmers Cloud Ice Climatology (CCIC) is unique among long-term cloud records:14

using retrievals from merged geostationary 11 µm observations, it provides continuous15

3D estimates of both frozen hydrometeor mass and cloud probability. Here, we present16

a key update to CCIC: enhanced detection of thin clouds through tuning of its neural17

network cloud probability outputs. The update delivers robust information from local18

instantaneous retrievals to long-term, large-scale averages. We compare multidecadal,19

height-resolved trends in cloud cover from CCIC and ERA5, revealing subtle but emerg-20

ing long-term changes in total cloud cover. By exploiting CCIC’s capabilities, the con-21

tributions of different cloud types and thicknesses to these changes become clearer. This22

helps reconcile inconsistent trends between purely observational data and ERA5, sug-23

gesting that discrepancies stem from varying sensitivities to high, thin clouds.24

Plain Language Summary25

Satellite observations are an essential tool to study the structure of clouds and their26

global distribution. However, currently available cloud-property datasets primarily pro-27

vide information on the horizontal distribution of clouds. The Chalmers Cloud Ice Cli-28

matology (CCIC) overcomes this limitation by estimating several 3D cloud properties.29

We improved CCIC’s cloud probability estimates by fine-tuning its machine-learning model30

with data from two reference satellites. The enhanced CCIC allows for more realistic anal-31

yses of clouds over space and time. To illustrate this, we compare CCIC with ERA5, a32

widely used dataset that combines observations with a numerical weather prediction model.33

We find that cloud trends over several decades in ERA5 differ from CCIC in a way that34

suggests ERA5 may unreliably estimate thin clouds, a conclusion drawn from how CCIC35

trends vary depending on the detection of such clouds.36
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1 Introduction37

Information on cloud cover is essential for weather forecasting, climate studies, agrom-38

eteorology, and solar power planning. Accordingly, there is a significant number of satellite-39

based retrievals of cloud cover; however, none can be considered complete. Ideally, such40

information should have a high temporal and spatial coverage, while also providing global41

coverage over climate-relevant time scales. Data with high horizontal resolution exists,42

but it is still rare to offer a vertically-resolved cloud cover (Stubenrauch et al., 2024).43

The Chalmers Cloud Ice Climatology (CCIC; Amell et al., 2024) is the first long-44

term cloud dataset providing high-resolution estimates of ice hydrometeor mass that are45

consistent with reference measurements from space-borne radar and lidar measurements.46

Leveraging machine-learning techniques, it enables multidecadal, quasi-global estimates47

of vertically resolved cloud probabilities, including cloud type, with a time resolution down48

to 30min. The CCIC retrievals are based on globally gridded geostationary observations,49

employing only ∼11 µm radiances to provide uniform performance throughout the day,50

long-term stability, and data extending back to 1980.51
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Figure 1. Comparison of instantaneous CCIC retrievals with independent retrievals. Panel (a)

presents the ground-based Aerosol, Clouds and Trace Gases Research Infrastructure (ACTRIS;

Laj et al., 2024) classification product at the Palaiseau site (south of Paris), and panel (b) shows

the fine-tuned CCIC cloud probabilities.

CCIC has provided 3D information since its inception; fig. 1 illustrates its capa-52

bility to resolve cloud probabilities at local scales (see Text S1 in the Supporting Infor-53

mation for details). CCIC enables direct comparisons not only with observational cli-54

mate data records (CDRs), but also with reanalysis and model data. However, applica-55

tions have so far focused on integrated (2D) ice hydrometeor mass data (Pfreundschuh56

et al., 2025; Leko, 2025; Eriksson et al., 2026). In this work, we first fine-tune the CCIC57

cloud probability retrievals using a more complete reference dataset than in Amell et al.58

(2024, hereinafter APE24). As an application, we leverage 3D retrievals to compare mul-59

tidecadal trends of low, middle, high, and total cloud cover (LCC, MCC, HCC, TCC,60

respectively) between CCIC and ERA5 (Hersbach et al., 2020).61
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2 Updates to CCIC62

The CCIC retrieval algorithm is a neural network trained on labelled data from Cloud-63

Sat and CALIPSO retrievals. Its architecture (fig. 2 in APE24) consists of a base net-64

work that feeds into multiple independent heads, each predicting a different retrieval tar-65

get: 2D cloud probability, 3D cloud type probability, and ice water path (2D) and con-66

tent (3D), separately. Vertically-resolved quantities are provided on 20 equidistant lev-67

els referenced to surface elevation. CCIC supports two globally gridded geostationary68

inputs: NOAA CPC merged IR (CPCIR; Janowiak et al., 2001) and GridSat (Knapp69

et al., 2011), offering distinct advantages, detailed in Text S2.70

2.1 The need for an update71

In APE24, the labels used to train the ice hydrometeor mass retrievals were taken72

from the combined CloudSat-CALIPSO 2C-ICE product (Deng et al., 2015). In contrast,73

the cloud probability reference was derived from the 2B-CLDCLASS product (Sassen74

& Wang, 2008), which does not make use of CALIOP measurements. Without lidar in-75

formation, 2B-CLDCLASS obtains reduced sensitivity to thin or multilayer clouds, lower76

accuracy in cloud-top retrievals and cloud type classification, and low cloud occurrence77

overall; specifically, less than 50% of its profiles contain a cloud. These limitations are78

particularly significant for cirrus and other ice clouds that may be optically thin but play79

an important role in the atmosphere. Fortunately, 2B-CLDCLASS-LIDAR (Sassen et80

al., 2008), which combines lidar and radar measurements, provides the more complete81

cloud information for improved training labels; their use enables the CCIC retrieval to82

potentially capture clouds missed in APE24. With these improved detections, the cloudy83

column frequency in 2B-CLDCLASS-LIDAR exceeds 70%, reflecting the presence of op-84

tically thin layers now included in the training set. A visual comparison between the two85

reference products is shown in fig. S1.86

2.2 Fine-tuning87

The fine-tuning of CCIC targets the limitations of its cloud probability estimates88

by replacing the APE24 training labels with 2B-CLDCLASS-LIDAR data. To achieve89

this, we first built a database of collocations following the methodology in APE24, and90

created analogous dataset splits (training and validation: years 2006–2009; held-out test:91

2010). Then, we trained with the same process as in APE24, but with a critical distinc-92

tion: all parameters outside the cloud probability heads were not updated, thus exactly93

preserving the retrieval output for ice hydrometeor masses.94

2.3 Accuracy on test set95

We evaluated the performance of the updated CCIC retrievals, extending the anal-96

ysis of APE24. The Supporting Information compiles tables and figures that replicate97

previous results; here, we further characterize the retrievals’ vertical structure. Impor-98

tantly, because the APE24 test set uses a different data product with distinct statistics99

(e.g., reduced cloudiness), any performance shifts must be interpreted with the differ-100

ing composition of the evaluation targets in mind.101

2.3.1 Binary cloud masks102

Given that CCIC retrieves the probability of cloud in each grid cell, we threshold103

this probability to answer the question “is there a cloud?”, obtaining a binary mask. Pix-104

els or voxels above the threshold are flagged as cloudy. By varying this threshold, we com-105

pute CCIC’s precision and recall curves (fig. S2). We define the optimal threshold as the106

value minimizing the distance to the ideal precision and recall of 100%. With this thresh-107

old, the 3D cloud mask shows a precision and recall of ∼67% and ∼72%, while the 2D108
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mask exceeds 90% for both metrics (detailed values in table S3). Beyond these statis-109

tics, the fine-tuned model achieves greater physical consistency with the lidar-radar ref-110

erence. This is qualitatively evident from the spatial patterns of the 2D and 3D masks111

(figs. S3 and S4), where CCIC now successfully captures thin cloud structures that APE24112

fails to resolve. All subsequent results use the optimal thresholds (∼0.49 for 2D and ∼0.35113

for 3D) unless stated otherwise.114

2.3.2 Cloud type115

Based on fig. 2, CCIC demonstrates consistency with the reference data in both116

zonal distribution and vertical extent, though the retrieval quality of the rarest low-level117

clouds (table S2) is limited. Compared to APE24, cirrus clouds show a greater vertical118

extent and an upward shift in their distribution. In turn, deep convection has become119

more geographically confined to tropical latitudes.120
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Figure 2. Spatial distribution of retrieved cloud classes and 2B-CLDCLASS-LIDAR-based

reference cloud classes for the test set. Each row of panels shows the distribution of one of the

eight cloud classes distinguished by the 2B-CLDCLASS-LIDAR product.

To assess classification errors, we compare predicted versus reference cloud types121

in a confusion matrix (fig. S5). The results indicate a strong diagonal, confirming high122

classification precision: detected clouds are mostly assigned the correct type. However,123

the matrix also reveals a tendency to underestimate cloud occurrence relative to the ref-124

erence. Specifically, compared to APE24, classification performance for cirrus, altocu-125

mulus, and stratocumulus has improved, whereas cumulus and deep convection show slightly126

lower scores.127
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2.3.3 Vertical structure128

Although CCIC is inherently constrained by the limited information content of the129

infrared observations, the previous sections demonstrate its skill in 3D cloud detection130

and classification. To further characterize its ability to reproduce 3D cloud structures131

beyond the metrics used in APE24, we provide the following statistics.132

2.3.3.1 Column cloudiness. The retrieved column cloudiness (fraction of cloudy133

height bins) aligns closely with the reference values as shown in fig. 3, except at low cloudi-134

ness fractions. For values ≤ 10% (at most 2 km of total column cloudiness), CCIC tends135

to overestimate zero cloudiness and underestimate the smallest non-zero fractions, in-136

dicating difficulty in accurately characterizing the thinnest cloud scenarios.137

0.00 0.25 0.50 0.75 1.00

Reference column cloudiness

0.0

0.2

0.4

0.6

0.8

1.0

R
et

ri
ev

ed
co

lu
m

n
cl

ou
d

in
es

s

(a) CPCIR

k · PDF

ref.

ret.

0.00 0.25 0.50 0.75 1.00

Reference column cloudiness

(b) GridSat

k · PDF

ref.

ret.

0

max

P
r

(r
et

ri
ev

ed
|r

ef
er

en
ce

)

Figure 3. Retrieved column cloudiness for the test set. Column cloudiness is defined as the

fraction of height bins flagged as cloudy using the thresholds from table S3. Superposed lines

indicate the probability density functions (PDFs) of the retrieved and reference data, both scaled

by a common constant k for each panel.

2.3.3.2 Multilayer clouds. Although the reference allows up to ten layers, fewer138

than 2% of profiles in the database contain more than two. CCIC nearly always detects139

at most two layers (fig. S6). Despite this limitation, CCIC correctly identifies the layer140

count 70% of the time when two or fewer are present.141

2.3.3.3 Single-layer vertical extent. More than 30% of the profiles show a sin-142

gle cloud layer in both retrieval and reference. Overall, the probability density functions143

of vertical extent, cloud top height, and cloud base height for these single-layer clouds144

are largely similar (fig. S7). The main differences are in the thinnest clouds, which oc-145

cur less frequently than in the reference, and in cloud base heights, which CCIC tends146

to place too low. Cloud top heights are generally well estimated (with minor discrepan-147

cies near 2 km altitude). The zonal means (presented in fig. S8) support these patterns:148

retrieved cloud top heights agree well with the reference, while the remaining vertical149

structure is less consistent, yielding a global vertical extent bias of about 0.5 km. Although150

based on a product independent of the reference data and limited to a single location,151

fig. 1 helps contextualize this overestimation.152
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3 From cloud probabilities to cloud cover153

CCIC outputs cloud probabilities reflecting the training labels: each collocation is154

represented by a randomly sampled 2B-CLDCLASS-LIDAR profile with a binary label155

(clear or cloudy) for the 2D case, and a multiclass label (clear plus eight cloud types)156

for the 3D case. As both cases neglect any information on the underlying subgrid cloud157

fraction, the retrieved probability is the likelihood that one or more clouds are present158

in the grid cell.159

Cloud cover, in contrast, is the fraction of a grid cell covered by clouds. Following160

standard practice, we compute it by averaging binary cloud masks over a coarser grid.161

We use the ERA5 grid and implement a weighted combination of maximum and random162

cloud overlap assumptions for LCC, MCC, and HCC (see Text S3 for details).163

The threshold t used to convert probabilities to binary masks governs the result-164

ing cloud cover. While the optimal threshold t∗ balances precision and recall, t can be165

tuned to match a target cloud cover using strict (large t) or lenient (small t) values. Such166

an adjustment shifts the ratio of false positives to false negatives, while preserving broad167

spatial characteristics.168

The results for TCC also depend on whether the 2D cloud mask or a vertical pro-169

jection of the 3D mask is employed. CCIC is trained on separate 2D and 3D masks cre-170

ated with different sampling strategies: the 2D mask better reflects retrievals from an171

active sensor as no filtering is employed, while the 3D mask tends to discard geometri-172

cally thin clouds because only a subset of vertical levels is sampled to reduce computa-173

tional demands and simplify the retrieval (Text S4). As a consequence, the 2D-derived174

cloud cover typically exceeds the 3D-projected estimate when using the optimal thresh-175

olds, as is illustrated in fig. 4. Crucially, fig. 4 also demonstrates that differences in cloud176

cover due to sampling and mask construction can be partly mitigated by threshold tun-177

ing.178
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Figure 4. Average local (maps) and global (text inset) TCC from CCIC for 1991–2020. Panel

titles specify the mask source (2D or 3D cloud mask) and the probability threshold.

4 Cloud cover trends179

To investigate long-term trends, we execute CCIC retrievals using GridSat as in-180

put. The intersatellite homogenization of this gridded dataset provides a basis for ob-181
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servational consistency, despite inherent data gaps in the record. The resulting CCIC182

estimates are compared with ERA5 over the 70◦S–70◦N domain.183

Figure 5 shows time series of cloud cover as differences from the current climate184

normal (1991–2020). Although cloud-cover variability is generally modest over four decades,185

several salient features emerge. Most striking is the TCC behaviour, where CCIC reveals186

two distinct trends depending on the detection threshold, as discussed below. ERA5 shows187

a strong correlation between TCC and HCC, including an abrupt increase around year188

2000. Throughout the period analysed, MCC trends agree closely between the two datasets.189

Finally, regarding low-level clouds, a pronounced drop appears in ERA5 LCC during 2023.190
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Figure 5. Yearly means of cloud cover in the CCIC domain, weighted by area. Numbers in

parentheses show the climate normal mean. For CCIC, solid lines obtained with the optimal

probability threshold; cloud-lenient and cloud-strict with 0.125 and 0.75 as thresholds, respec-

tively, chosen according to Text S5. In (a), ‘2D’ or ‘3D’ indicates if TCC is derived from the 2D

or 3D cloud mask.

CCIC shows a nearly linear decline of −0.75% per decade since 1980 for its 2D-191

derived TCC. This is consistent with recent assessments of TCC from observational CDRs,192

which also report negative trends ranging from −0.76% to −1.47% per decade (Devasthale193

& Karlsson, 2023); we illustrate this in fig. 5a with the trend from the CLARA-A3 CDR194

(Karlsson, Stengel, et al., 2023), which is based on sun-synchronous satellite measure-195

ments. This decline is also observed when CCIC-2D TCC is computed using a higher196

confidence threshold for cloud detection, though the trend is less pronounced. The thresh-197

old also affects the absolute TCC value, as discussed in section 3: the cloud-strict thresh-198

old yields a TCC closer to CDRs from passive instruments, which report global mean199

values around 65% (Karlsson, Devasthale, & Eliasson, 2023), whereas the optimal thresh-200

old TCC aligns more closely with the radar-lidar retrievals used as training labels. In201

contrast, both ERA5 and CCIC-3D indicate that, while TCC is declining since 2015, it202

remained relatively stable before 2000, below the climate normal value. For CCIC, this203

discontinuity is unlikely to arise solely from changes in the observational system, because204

it is not reflected in its 2D-derived TCC. We therefore hypothesize that the discrepancy205

between CCIC TCC trends is largely due to the thinnest clouds, which are expected to206

be underestimated in its 3D retrievals. This is further supported by the CCIC-3D cloud-207

lenient TCC trend, which captures thin clouds that are otherwise hard to detect and rec-208

onciles with CCIC-2D, exhibiting both a decreasing trend and a TCC exceeding 70%,209
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confirming the role of thin clouds in the discrepancy (see fig. S10 for the evolution of col-210

umn cloudiness by threshold).211

A similar limitation in representing thin clouds may explain the ERA5 behaviour,212

as this reanalysis identifies clouds from relative humidity, which is inherently less sen-213

sitive to thin cloud layers. A dry bias in ERA5, evidenced by studies of aviation contrails214

(e.g., Wolf et al., 2025), further supports this expectation. The strong alignment between215

the cloud-strict CCIC-3D and ERA5 patterns in TCC suggests a shared insensitivity to216

changes in thin clouds. ERA5, however, lacks CCIC’s ability to directly diagnose this217

limitation through detection thresholds. ERA5’s TCC trend therefore likely captures only218

the contribution from optically thicker clouds and underestimates the full magnitude of219

climatological change.220

The interpretation of a lack of sensitivity in ERA5 to changes in thin clouds is re-221

inforced by the pronounced interannual correlation between TCC and HCC in ERA5,222

which suggests that ERA5 TCC is primarily driven by the variability of high clouds. The223

fact that this alignment appears in CCIC only under stricter confidence conditions sug-224

gests that any agreement between ERA5 and CDRs is strongest for optically thick clouds225

that are unambiguously detected, which is consistent with ERA5 inadequately resolv-226

ing thin clouds. Our findings support the hypothesis that the declining TCC trend be-227

comes evident only in products with adequate sensitivity to thin clouds. This underscores228

how retrieval sensitivity and confidence metrics can significantly influence not only the229

extent to which trends reflect true radiative signals but also the interpretation of climate230

variability and feedbacks.231

The pronounced 2023 anomaly in ERA5 LCC—far exceeding the CCIC estimate—232

exemplifies the challenges of retrieving low-level clouds from space. CCIC struggles when233

high clouds obscure the scene or clouds are very low: infrared attenuation and weak bright-234

ness temperature contrast between clouds and the surface reduce the retrieval sensitiv-235

ity, forcing reliance on CloudSat-CALIPSO priors. Conversely, ERA5 avoids this obser-236

vational constraint but introduces model-dependent biases that may amplify LCC vari-237

ability beyond physical reality (Goessling et al., 2025). The resulting LCC trend diver-238

gence contrasts sharply with the general agreement in MCC, underscoring how vertical239

cloud structure further complicates the retrieval and modelling challenges discussed above240

for thin clouds.241

Both CCIC and ERA5 also enable computing trends at the local level. However,242

drawing clear conclusions about how trends vary spatially is hindered by several factors,243

of which we highlight two. First, visualizing trends requires a statistical summary, but244

familiar metrics like a linear rate may oversimplify complex behaviours. Second, com-245

paring maps showing local trends between CCIC and ERA5 is inherently challenging due246

to the complexity of spatial patterns. Nevertheless, we provide CCIC and ERA5 local247

trends in the Supporting Information (fig. S11). As in our global trend analysis, CCIC-248

2D and ERA5 show a noticeable disagreement in TCC, with the most pronounced discrepancies—249

often involving opposing trends—occurring over the Atlantic, western Indian Ocean, and250

the southernmost latitudes. However, consistency improves considerably when compar-251

ing with CCIC-3D. Moreover, mirroring the global trends, local trends of CCIC-3D are252

reconciled with CCIC-2D by adjusting the probability threshold. This improvement fur-253

ther supports the interpretation that differing sensitivity to thin clouds likely leads to254

differences between ERA5 and observational data.255

5 Conclusions256

We upgraded the CCIC neural network presented in Amell et al. (2024) by fine-257

tuning with combined CloudSat and CALIPSO cloud mask training labels. As a result,258

CCIC is now better trained to detect thin clouds. This is not only important for more259
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physically complete retrievals, but also because thin clouds, particularly cirrus, contribute260

to a significant positive radiative feedback.261

The uniqueness of the 3D CCIC retrievals, spanning multiple decades and offer-262

ing quasi-global coverage, enables comparison with, e.g., ERA5. Results from different263

retrieval configurations within CCIC, corroborated by internal diagnostics, suggest that264

this reanalysis dataset fails to capture the long-term decreasing TCC trend observed in265

satellite climate data records, likely due to its limited ability in representing the thinnest266

clouds. Additional discrepancies also appear in LCC trends, where ERA5 LCC magni-267

tudes have previously been questioned in the literature.268

CCIC provides substantial benefits for clouds and climate research. Its comprehen-269

sive retrievals allow, among other things, fully resolving the diurnal cycle, discriminat-270

ing between single and multilayer clouds, or tracking cloud types. They also allow con-271

ditioning on unobscured cloud levels or subsampling to match specific satellite overpasses,272

facilitating fair comparisons with other retrieval products. Given these capabilities, pre-273

vious assessments of cloud retrieval datasets (e.g., Stubenrauch et al., 2024) can be fur-274

ther expanded. Similarly, CCIC may stimulate the retrieval of more 3D cloud proper-275

ties from existing or upcoming globally gridded geostationary datasets (e.g., Heidinger276

et al., 2025).277

Open Research Section278

The updated CCIC is available at https://doi.org/10.5281/zenodo.19234405279

(Amell & Pfreundschuh, 2026), with the training database at https://doi.org/10.5281/280

zenodo.18245282 (Amell, 2026b). The yearly means used here together with the code281

used to prepare and analyse them can be found at https://doi.org/10.5281/zenodo282

.18246487 (Amell, 2026a); CCIC retrievals at the native resolution are not published283

due to the data size (10TiB) but can be provided upon request. The following links (all284

last accessed on 2026-01-14) provide the source of the other datasets used in this work.285

The ACTRIS classification product is available from the ACTRIS Data Centre hosted286

by the Finnish Meteorological Institute at https://hdl.handle.net/21.12132/1.3b2badd515e54a5d287

and https://hdl.handle.net/21.12132/1.6c3030b663ca468a (Delanoë et al., 2023);288

CloudSat 2B-CLDCLASS-LIDAR R05 from the CloudSat Data Processing Center at https://289

www.cloudsat.cira.colostate.edu/data-products/2b-cldclass-lidar; NOAA Cli-290

mate Prediction Center globally merged IR product version 1 (Janowiak et al., 2017) and291

GridSat-B1 version 2 (Knapp & NOAA CDR Program, 2014) input data at https://292

doi.org//10.7289/V59P2ZKR and https://doi.org/10.5067/P4HZB9N27EKU, respec-293

tively; ERA5 was obtained from https://console.cloud.google.com/marketplace/294

product/bigquery-public-data/arco-era5 (Carver & Merose, 2023; Hersbach et al.,295

2017); and CLARA-A3 from https://doi.org/10.5676/EUM SAF CM/CLARA AVHRR/V003296

(Karlsson, Riihelä, et al., 2023).297
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