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ABSTRACT

Low clouds strongly influence Earth’s radiation budget, yet their response to climate change remains
uncertain. Recent satellite and reanalysis studies indicate declining low cloud cover that may have
contributed to increasing absorbed solar radiation, but independent ground-based evidence over land
is limited. Here we show that ground-based lidar observations support a decrease in low cloud cover
across mid- to high-latitude land regions. We analyse harmonised 10–25-year records from 16 sites5

and compare their trends with collocated satellite and reanalysis estimates. Daytime joint trends are
significantly negative at the 5% level across datasets, despite considerable variability among sites.
Trends are negative at 12–14 of 16 sites across datasets, although their magnitudes differ substantially.
Nighttime trends show greater cross-site and cross-dataset variability. Overall, independent lidar
observations support the general tendency toward declining low cloud cover indicated by satellite and10

reanalysis records.

Keywords Cloud cover · Cloud climatology · Climate trends · Remote sensing

1 Introduction

Low clouds strongly modulate the Earth’s radiation budget and surface energy balance. Their response to climate change
remains a major source of uncertainty in estimates of climate sensitivity, primarily due to the combined contributions of15

several physical mechanisms that operate on distinct spatial and temporal scales [1; 2; 3; 4; 5; 6]. The total observed
change in cloud radiative forcing is a composite of these mechanisms, including temperature-mediated feedbacks, short-
timescale adjustments to greenhouse gases, perturbations in aerosol forcing, forced shifts in atmospheric circulation,
and coupled land surface–biosphere interactions [7; 5].

The most direct responses to climatic forcing include temperature-mediated feedbacks and rapid adjustments [8; 5; 7].20

In marine environments, rising sea surface temperatures drive cloud loss by strengthening the entrainment of dry air
from the free troposphere into the boundary layer [9; 10; 11; 12]. Over continental regions, enhanced surface warming
typically reduces near-surface relative humidity, a process that suppresses the formation of low clouds [13; 5; 14].
These temperature-driven effects are distinct from rapid adjustments to greenhouse gases, which occur within days of
a CO2 increase and independently of surface warming [15; 8; 5]. For land regions, these include plant physiological25

forcing, where elevated CO2 levels cause plant stomata to close partially. This increase in stomatal resistance reduces
transpiration, thereby limiting the moisture flux to the boundary layer and further suppressing continental cloud cover
[16; 8; 5]. Beyond these thermodynamic effects, forced shifts in the atmospheric general circulation may redistribute
cloud regimes geographically. For example, based on analysis of satellite observations, Tselioudis et al. [17] report that
a poleward contraction of mid-latitude storm tracks and a widening of the global tropics can replace highly reflective30

cloud zones with clearer, more absorbent regimes. Simultaneously, recent global reductions in anthropogenic aerosol
emissions have weakened the negative aerosol–cloud forcing, effectively warming the climate by decreasing cloud
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reflectivity [18; 19; 20]. Over land surfaces, these drivers interact with biosphere–atmosphere coupling, where changes
in evapotranspiration and vapour pressure deficit modulate the water supply available for cloud formation [21; 5].

Superimposed with these forced signals is internal climatic variability, which can obscure underlying trends on35

inter-annual scales [13; 22; 23]. Because the mechanisms influencing clouds range from short-time adjustments to
multi-decadal feedbacks, observational and modelling efforts have increasingly focused on partitioning cloud variability
over decadal timescales [7; 12; 10; 5]. A decadal (10-30 years) to multi-decadal (> 30 years) perspective is therefore
necessary to resolve uncertainties in climate sensitivity, ensuring a sufficient temporal window for emerging forced
signals to become detectable while filtering the higher-frequency contribution of natural variability and short-timescale40

adjustments.

On decadal timescales, satellite observations indicate that recent increases in absorbed solar radiation are primarily
driven by a global reduction in low-cloud amount, while the contribution from changes in cloud optical depth remains
secondary [7; 24; 17; 9; 12; 25]. Although thermodynamic responses can induce regional increases in cloud optical
thickness, most notably in mixed-phase clouds at high latitudes, these effects are largely secondary to the widespread45

dissipation of low-level cloud cover at the global scale [7; 24]. Consequently, the areal extent of low clouds represents
the principal control on the reported decadal acceleration of Earth’s energy imbalance (EEI) by low clouds [7; 25].

Recent analyses of global satellite records, notably those from the Clouds and the Earth’s Radiant Energy System
(CERES) [26] programme, which provides a decadal observational record of Earth’s radiation budget and related
atmospheric properties, indicate an observable decrease in low-level cloud amount over the last two decades [25;50

7; 27; 17]. This decline would lead to an increase in absorbed solar radiation, contributing to the observed decadal
acceleration of the EEI [25; 6; 7]. Attributing these trends remains a challenge, as they arise from a composite of
underlying mechanisms [7; 6]. While global climate models (GCMs) qualitatively replicate some features of these
changes, they often fail to capture the full magnitude of the observed energy imbalance and low-cloud trends. Compared
with satellite observations, GCMs systematically underestimate mean-state low-cloud amount while producing clouds55

that are unrealistically reflective [28; 25; 7; 20; 29; 30]. These discrepancies between models and observations, as well
as differences and uncertainties among observational products themselves, require further research on the representation
of trends in the underlying datasets [13].

Characterising these trends is complicated by the fundamentally different ways in which fractional low cloud cover
(LCC) is represented in and inferred from different observational methods, and reanalyses. Passive satellite instruments60

adopt a top-down perspective, inferring cloud properties from cloud-top pressure (CTP) observations which are subject
to uncertainties arising from obscuration by overlapping upper-level clouds, orbital drifts, and sensor degradation for
example [31; 32; 33; 34; 10]. Atmospheric reanalyses, such as ERA5, provide a complementary representation by
generating diagnostic cloud fields through prognostic equations constrained by assimilated meteorological observations
rather than direct cloud measurements [35]. However, reanalyses are not independent of satellite observations, as65

satellite measurements are among the data assimilated into them. An independent, ground-up perspective is provided by
ground-based remote sensing, such as automatic low-power lidars and ceilometers (ALCs), which provide relatively
direct measurements of cloud-base height (CBH) and occurrence [36]. Because these observational and modelling
frameworks describe related but non-identical aspects of low-cloud occurrence, inferences regarding decadal change
are inherently sensitive to the choice of dataset, cloud definition, and vantage point [37; 3; 38; 6]. While previous70

investigations have compared individual products or compared them against active-sensor observations, long-term
assessments of low-cloud variability have relied primarily on satellite and reanalysis records [39; 40; 41]. Harmonised
ground-based remote-sensing records sufficiently long for decadal trend analysis remain scarce. Consequently, direct
evidence on whether ground-based remote sensing, satellite-based records, and ERA5 records yield consistent decadal
trends remains limited, and without an explicit inter-comparison across these distinct vantage points, any reported75

agreement or disagreement remains difficult to interpret.

Despite the importance of low-cloud changes for the recent evolution of Earth’s energy imbalance, the observational
evidence for their long-term change remains difficult to assess independently. Most estimates of decadal low-cloud
variability have been derived from satellite observations and reanalyses, which provide broad spatial and temporal
coverage but are subject to different sources of uncertainty and are not fully independent: satellite observations80

contribute to the observations assimilated into reanalyses. Ground-based lidar and ceilometer measurements offer an
independent complementary perspective, providing direct observations of cloud occurrence and cloud-base height
without relying on the same retrieval framework as passive satellite observations. However, long-term ground-based
records suitable for decadal trend analysis remain scarce. Consequently, it remains unclear whether the reported
decrease in LCC is consistently reproduced by independent ground-based observations, and whether the magnitude85

of the change inferred from satellite and reanalysis products is representative of the cloud changes observed near the
surface.
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Figure 1: A map of ALC sites included in the study. Also shown is a map of the mean difference in all-sky vs. clear-sky
outgoing top-of-the-atmosphere (TOA) shortwave (SW) radiative flux for 2005-2015 using Clouds and the Earth’s
Radiant Energy System (CERES) satellite analysis. The larger values indicate regions where the clouds have a higher
contribution on shortwave radiative budget. The map uses equal-area projection, so the contributions have equal visual
weight.

Resolving this gap is important because the magnitude of recent low-cloud changes has direct implications for
interpreting the observed increase in EEI. If the decline inferred from satellite observations is representative of changes
in low-cloud occurrence over land, it would provide independent evidence for a widespread reduction in a major90

component of the planetary radiation budget. Conversely, substantial differences between independent estimates
would indicate that part of the apparent change depends on how low clouds are detected or represented. Long-term
ground-based observations therefore provide an important test of whether the reported decadal reduction in LCC can be
reproduced independently of satellite retrievals and reanalysis cloud fields.

To address this, we compile and harmonise 10–25-year ground-based ALC records from 16 sites across mid- to95

high-latitude land areas (Table 1). Although the sites provide limited global coverage, most are located in regions where
clouds make substantial contributions to the net top-of-the-atmosphere shortwave flux at regional and global scales
(Fig. 1). We compare the resulting decadal low-cloud trends with collocated CERES and ERA5 estimates over common
periods. For ERA5, we calculate LCC using both CBH- and CTP-based definitions to examine whether differences in
observational perspective affect the inferred trends. We estimate annual and seasonally resolved trends using a robust100

non-parametric statistical framework, allowing us to assess the consistency and magnitude of low-cloud changes across
ground-based, satellite, and reanalysis datasets.

We show that a predominantly decreasing LCC signal emerges during daytime across the 16 sampled sites in the ALC,
ERA5 and CERES records, with joint trends of −1.08 ± 0.58 %-pt dec−1 for ALCs, −1.64 ± 0.46 %-pt dec−1 for
ERA5/CBH, −1.41± 0.42 %-pt dec−1 for ERA5/CTP, and −1.65± 0.38 %-pt dec−1 for CERES, all significant at105

the 5% level. At individual sites, daytime trends are predominantly negative across all datasets, with decreasing trend
at 13, 14 and 12 of the 16 sites for ALCs, ERA5 and CERES, respectively. This consistency provides independent
ground-based support for recent satellite- and reanalysis-based evidence of declining LCC over mid- to high-latitude
land. At night, the joint trends are weaker for ALCs and ERA5 and show greater disagreement between datasets.
At individual sites, however, trends are generally less distinguishable from background variability for both daytime110

and nighttime, highlighting the benefits of analysing an ensemble of sites together. Seasonal analyses further reveal
substantial intra-annual variability that is partly obscured by annual averaging.
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Table 2: Summary of the temporal coverage of the data used in the analysis, as well as the mean fractional low cloud
cover (LCC) for the four datasets. The length is the total record length used in the study, given in fractional years. For
ALCs and CERES, coverage is defined as the fraction of valid daily aggregates within the full record length after data
extraction, screening, and processing. ERA5 coverage is 100% at all sites. The mean LCCs are computed using the
corresponding low cloud definitions associated with the datasets and are therefore not fully comparable. The last three
rows indicate the means over the corresponding dataset, giving data from each site an equal weight. These are given
separately for all sites as well as mid-latitude and high-latitude sites only.

Coverage (%) Mean LCC (%)

Site Length ALC CERES ALC ERA5/ ERA5/ CERESCBH CTP
Cabauw 19.7 98.7 96.2 43.2 39.6 36.2 46.0
Chilbolton 23.5 95.6 96.8 48.9 43.9 39.6 53.8
Flesland 11.4 91.8 93.5 53.9 46.5 42.2 63.2
Graciosa 12.3 100.0 93.8 44.1 40.9 35.4 64.4
Granada 11.7 97.1 93.5 14.3 15.0 11.7 22.4
Helsinki 12.2 89.4 93.8 49.7 47.5 44.2 56.8
Jülich 15.2 95.5 95.1 42.9 39.2 35.9 53.1
Kenttärova 17.1 79.8 95.6 43.5 52.3 47.8 56.8
Lamont 24.5 100.0 96.9 17.0 15.9 14.6 26.1
Lauder 10.2 84.8 92.7 25.4 40.1 34.8 45.9
Lindenberg 12.3 100.0 93.9 40.1 36.7 34.9 51.0
Oslo 12.8 99.7 94.2 40.9 34.5 31.8 58.4
Palaiseau 15.1 99.9 95.0 42.9 39.0 36.0 47.5
Payerne 10.3 89.5 92.6 37.6 40.1 33.1 42.9
Utqiaġvik 23.6 96.8 96.8 39.0 76.7 71.9 70.6
Vehmasmäki 10.7 98.0 93.0 54.9 53.9 50.3 61.9
Mean (all) 15.2 94.8 94.6 39.9 41.4 37.5 51.3
Mean (mid-latitude) 14.4 95.7 94.4 39.7 38.1 34.3 49.5
Mean (high-latitude) 20.3 88.3 96.2 41.2 64.5 59.9 63.7

2 Results

2.1 Data coverage and mean LCCs

Table 2 summarises the data-record lengths, data coverage, and mean LCCs for the 16 analysed sites. The start of the115

CERES record in 2000 limits the record lengths, while ALC-data availability constrains the remaining records. The
mean record length is 15.2 years. On average, ALCs and CERES provide valid coverage for 94.8% and 94.6% of the
respective record lengths.

2.2 Decadal LCC trends and cross-dataset consistency

The estimated daytime and nighttime decadal LCC trends for the four datasets are shown in Fig. 2, and the corresponding120

data coverage is summarised in Table 2. For daytime, the joint trends across the sites are −1.08± 0.58 %-pt dec−1

for ALCs, −1.64± 0.46 %-pt dec−1 for ERA5/CBH, −1.41± 0.42 %-pt dec−1 for ERA5/CTP, and −1.65± 0.38 %-
pt dec−1 for CERES. The upper 95% confidence interval bounds are −0.12 %-pt dec−1 for ALCs, −0.89 %-pt dec−1

for ERA5/CBH, −0.72 %-pt dec−1 for ERA5/CTP, and −1.03 %-pt dec−1 for CERES. The trends are negative at
most sites for all datasets: 13/16 sites for ALCs, 14/16 for ERA5/CBH, 13/16 for ERA5/CTP, and 12/16 for CERES.125

However, only a minority of the trends for the individual sites are statistically significant at the 5% level: 0/16 for ALCs,
2/16 for ERA5/CBH, 3/16 for ERA5/CTP, and 4/16 for CERES. In addition for CERES, one of the positive trends (that
of Chilbolton) is statistically significant at the same level. None of the positive trends in ALC and ERA5 are statistically
significant.

The pairwise comparison of the estimated daytime trends in Fig. 3 highlights systematic inconsistencies among the130

datasets. ERA5 and ALCs show the closest agreement in trend magnitude, with a fitted orthogonal distance regression
(ODR) slope of 0.90 ± 0.19, intercept of −0.81 ± 0.28 %-pt dec−1, and a relatively small root mean squared error
(RMSE) of 1.29 %-pt dec−1. This suggests a slightly more moderate ALC-observed decrease in LCC compared with
ERA5, similarly to the mean values reported earlier, with greater inter-site spread. On the other hand, CERES shows
noticeably higher spread between sites compared with ALCs and ERA5, with weaker agreement on trend magnitude (vs.135

5
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Figure 2: Estimated (a) daytime and (b) nighttime decadal low cloud cover (LCC) trends from ALC, ERA5/CBH,
ERA5/CTP and CERES data, describing the estimated LCC trends in the units of percentage points per decade. The
trend values are estimated using grouped Theil-Sen estimator, and the associated confidence intervals (CIs) are estimated
by inverting the stratified Mann-Kendall test at 68% and 95% confidence levels.

ALC: slope 2.15± 0.70, RMSE 1.96 %-pt dec−1; vs. ERA5: slope 2.07± 0.52, RMSE 1.82 %-pt dec−1). However,
the concordance correlation coefficients (ρc) for each cross-dataset comparison is relatively similar, suggesting similar
level of general agreement between the datasets.

For nighttime, the joint trends across the sites are −0.51± 0.56 %-pt dec−1 for ALCs, −1.00± 0.47 %-pt dec−1 for
ERA5/CBH, −0.99 ± 0.42 %-pt dec−1 for ERA5/CTP, and −1.81 ± 0.35 %-pt dec−1 for CERES. The upper 95%140

confidence interval bounds are 0.42 %-pt dec−1 for ALCs, −0.23 %-pt dec−1 for ERA5/CBH, −0.29 %-pt dec−1

for ERA5/CTP, and −1.23 %-pt dec−1 for CERES. For the individual sites, the trends are less consistent than for
daytime: 9/16 sites show negative trends for ALCs, 15/16 for ERA5/CBH, 14/16 for ERA5/CTP, and 12/16 for CERES
respectively. Again, only a minority of these are statistically significant at the 5% level: 1/16 for ALCs, 2/16 for
ERA5/CBH, 2/16 for ERA5/CTP, and 5/16 for CERES. CERES trend for Lauder is the sole statistically significant145

positive trend for nighttime across all the datasets.

The pairwise comparison of these nighttime trends in Fig. 4 shows considerably more cross-dataset variability than
with daytime. For all cross-dataset comparisons, RMSE and ρc indicate weaker agreement than for their daytime
counterparts. In ERA5 there is substantially less site-specific variability in the trends compared with ALC and CERES.
CERES vs. ALC comparison remains somewhat closer to the daytime equivalent, with ρc = 0.50 vs 0.54 for daytime.150

2.3 Trend seasonality

The seasonally segmented trends show that full-year LCC trends often mask substantial intra-annual variation. At many
sites, the annual trend reflects seasonally contrasting changes rather than a uniform year-round decrease, indicating
that the decadal evolution of LCC is seasonally structured. This is evident, for example, at the Norwegian sites of

6
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Figure 3: A comparison of decadal daytime fractional low cloud cover (LCC) trends derived from ALC, ERA5/CBH,
ERA5/CTP and CERES data. The regression slope is derived from orthogonal distance regression (ODR, purple
solid line) using the derived trend uncertainties, with errorbars representing the 68% confidence interval. In addition,
mean bias, root mean square difference (RMSD), and concordance correlation coefficient ρc are reported as additional
statistics.

7



Low cloud cover trends from lidar ceilometer, satellite and reanalysis records PREPRINT

8 6 4 2 0 2 4 6 8
ALC trend (%-pt dec ¹)

8

6

4

2

0

2

4

6

8

ER
A5

/C
BH

 tr
en

d 
(%

-p
t d

ec
¹)

slope = 1.09 ± 0.38
intercept = -0.86 ± 0.50
RMSE = 2.02

c = 0.36

a) ERA5/CBH vs. ALC

Climate class
BSk
Cfa
Cfb
Csa
Dfb
Dfc
ET

8 6 4 2 0 2 4 6 8
ALC trend (%-pt dec ¹)

8

6

4

2

0

2

4

6

8

CE
RE

S 
tre

nd
 (%

-p
t d

ec
¹)

slope = 2.19 ± 0.81
intercept = -0.59 ± 0.95
RMSE = 2.77

c = 0.50

b) CERES vs. ALC

8 6 4 2 0 2 4 6 8
ERA5/CTP trend (%-pt dec ¹)

8

6

4

2

0

2

4

6

8

CE
RE

S 
tre

nd
 (%

-p
t d

ec
¹)

slope = 6.45 ± 6.14
intercept = 4.65 ± 5.35
RMSE = 3.32

c = 0.08

c) CERES vs. ERA5/CTP

8 6 4 2 0 2 4 6 8
ERA5/CTP trend (%-pt dec ¹)

8

6

4

2

0

2

4

6

8

ER
A5

/C
BH

 tr
en

d 
(%

-p
t d

ec
¹)

slope = 1.09 ± 0.07
intercept = -0.01 ± 0.10
RMSE = 0.51

c = 0.93

d) ERA5/CBH vs. ERA5/CTP

Figure 4: A comparison of decadal nighttime fractional low cloud cover (LCC) trends derived from ALC, ERA5/CBH,
ERA5/CTP and CERES data. The regression slope is derived from orthogonal distance regression (ODR, purple solid
line) using the derived trend uncertainties, with errorbars representing the 68% confidence interval. In addition, mean
bias, root mean square error (RMSE), and concordance correlation coefficient ρc are reported as additional statistics.
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Figure 5: Estimated seasonally segmented decadal trends estimated from ALC, ERA5/CBH, ERA5/CTP and CERES
data, describing the estimated LCC trends in the units of percentage points per decade for the meteorological seasons
(a-d, December–February DJF, March–May MAM, June–August JJA, and September–November SON). The confidence
intervals (CIs) are estimated by inverting the Mann-Kendall test for trend significances at 68% and 95% confidence
levels, while the trend values are estimated using grouped Theil-Sen estimator.
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Figure 6: A scatterplot comparison of the seasonally segmented decadal fractional low cloud cover (LCC) trends
derived from ALC, ERA5/CBH, ERA5/CTP and CERES data for the meteorological seasons (December–February
DJF, March–May MAM, June–August JJA, and September–November SON). The regression slope is derived from
orthogonal distance regression (purple solid line) using the derived trend uncertainties, with errorbars representing the
68% confidence interval. In addition, mean bias, root mean square error (RMSE), concordance correlation coefficient
ρc and χ2 statistics are reported as additional statistics.
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Flesland and Oslo, as well as at Payerne, where negative trends in DJF and MAM coexist with positive trends in SON155

across more than one dataset. Devasthale et al. [58] similarly reported strong seasonal and spatial heterogeneity in
daytime cloud-cover trends over Europe using the CLARA-A3 satellite climate record. Seasonal segmentation therefore
provides information beyond the annual trends by identifying when long-term LCC changes are strongest and when
compensating seasonal tendencies may obscure the annual signal.

At the same time, the seasonal estimates are less robust than the annual estimates, particularly for ALCs. Seasonal160

subsampling reduces the number of admissible observations for all datasets, while for ALCs this limitation is com-
pounded by the further stratification of the estimator by instrument. Consequently, the seasonal trends are based on
substantially fewer admissible pairwise comparisons and effectively sample relatively few individual seasons, making
them more sensitive to subdecadal variability. The larger deviations of individual seasonal ALC trends from ERA5
and CERES should therefore be interpreted cautiously: they may reflect genuine differences in the seasonal behaviour165

of low clouds but are also more vulnerable to sampling limitations than the corresponding annual estimates. Further
targeted seasonal, phase-, and height-resolved analyses would help determine when low-cloud trends are strongest and
distinguish changes in cloud occurrence from changes in cloud vertical structure or phase.

3 Discussion

3.1 Representation of low-cloud occurrence170

For most sites, ALCs yield mean LCCs that are slightly higher than, or similar to, those from ERA5. However, at the two
high-latitude sites, Kenttärova and Utqiaġvik, ALC-derived mean LCCs are substantially lower than the corresponding
ERA5 values. This discrepancy may reflect the reduced sensitivity of the ALC retrieval to ice clouds, which are more
prevalent at high latitudes. Consequently, optically thin ice clouds represented in ERA5 may not be detected by the
ALCs, resulting in lower LCC estimates.175

The ALC-derived LCC is also substantially lower than the corresponding ERA5 and CERES estimates at Lauder. This
discrepancy is consistent across the two ALC instruments deployed at the site (CL31 and CL61), indicating that it
is unlikely to result from an instrument-specific measurement artefact. One plausible explanation is the influence of
topography on local cloudiness: the Lauder site is located in the Manuherikia Valley, approximately 10 km from the
foothills of the Dunstan Mountains, in the direction of the prevailing westerly winds. The ERA5 and CERES products180

may therefore represent cloud conditions over both the valley and the surrounding higher terrain.

Compared with ERA5/CTP, CERES-derived mean LCC is higher at all but one site: at Utqiaġvik, the CERES value is
70.6 %-pt, compared with 71.9 %-pt for ERA5/CTP. The mean CERES–ERA5/CTP difference is +13.8 %-pt, broadly
consistent with the earlier evaluation of SYN1deg products against ground-based observations by Mitra et al. [59],
although the magnitude of the difference varies substantially among sites. By contrast, ERA5/CBH is systematically185

higher than ERA5/CTP, with a mean offset of +3.8 %-pt. Thus, changing the ERA5 low-cloud diagnostic produces a
comparatively modest and spatially uniform shift in mean LCC, whereas differences between CERES and ERA5/CTP
are substantially larger. More generally, passive satellite imagers may overestimate cloud fraction because of finite
spatial resolution and subpixel cloud contamination [60].

3.2 Detectability and cross-dataset consistency of LCC trends190

On a general level, as represented by negative multi-site daytime joint trends, our results draw a consistent picture of
prediominantly decreasing daytime LCC as sampled over our 16 analysis sites. In this sense, the results are broadly
consistent with recent large-scale studies reporting declining low-cloud amount in recent decades [e.g. 7; 25; 6] that
rely on satellite and reanalysis estimates. The ALC estimate has a slightly higher uncertainty than those of ERA5 and
CERES, resulting from the use of a stratified estimator that excludes cross-instrument comparisons. This in turn reduces195

the number of admissible three-day observation pairs at sites where the observations come from multiple instruments,
widening the confidence intervals. Despite this, all of the joint daytime trends are statistically significant at the 5% level,
including the ALC estimate.

At the level of individual sites, however, the picture is less consistent; some sites show broadly consistent behaviour
across datasets, whereas others exhibit substantial differences in trend magnitude and, in some cases, trend sign.200

Considerable discrepancies include stronger negative trends in CERES compared with Flesland, Kenttärova, Helsinki,
and Vehmasmäki, all higher mid-latitude sites. Conversely, for Cabauw, Kenttärova, Jülich, Utqiaġvik, Palaiseau, and
Lamont, the ALC-derived trends show an apparent positive bias relative to both CERES and ERA5. For most of the
individual sites across all datasets, the trend signal is not negative at 5% significance level. This indicates that the
decadal signal is both spatially heterogeneous and only partially distinguishable from background variability at single205

sites and the record lengths analysed here.
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Also during the nighttime, the joint trends indicate a predominantly decreasing LCC. The picture is however less
clear than in daytime, as the ALC trend is not significant at the 5% level. The cross-dataset comparisons indicate that
nighttime is also associated with much stronger discrepancies between ALCs, ERA5 and CERES. Nighttime conditions
tend to place greater emphasis on fog and very low-level clouds, which can be difficult to represent consistently210

across observing systems. Although direct prior evaluations over land are lacking, comparisons against ship-based
lidar measurements over oceanic regions indicate that ERA5 can substantially underestimate fog and very low-level
cloud occurrence [61]. At the same time, cloud detection using passive satellite radiometers becomes more uncertain
at night due to lack of visible-channel and the weaker thermal contrast between cloud tops and the surface [62].
Conversely, the signal-to-noise ratio of the ALC backscatter actually improves during nighttime due to absence of215

solar radiation [63; 64]. These factors provide a plausible explanations for why cross-dataset correspondence is weaker
at night, although the present analysis cannot separate their relative contributions. Although nighttime trends lack
influence on the shortwave radiative balance, they may still affect EEI by altering the longwave cloud greenhouse effect.
Hence, quantifying and understanding the nighttime trends and the observed differences across datasets warrants further
research.220

These findings have implications for the broader interpretation of recent low-cloud changes. They provide independent
land-based support for the sign of the decadal low-cloud tendency inferred from satellite and reanalysis studies: over 16
mid- to high-latitude land sites, the observed change is more consistent with decreasing than increasing LCC, especially
during daytime. Our findings are qualitatively consistent with the idea that low-cloud reductions could contribute to the
recent intensification of Earth’s energy imbalance by reducing planetary shortwave reflection [7; 25; 6].225

An open question remains whether the weaker joint trends indicated by ALCs compared with ERA5 and especially
CERES are more reflective of the ground truth than these stronger trends. One candidate explanation for the weaker
negative trends in the ALC records would be the reduced sensitivity of ALC retrievals to ice clouds. This could
make ALC-derived trends sensitive to changes in the phase composition of low clouds, for example, if low-level ice
clouds are replaced by liquid and mixed-phase clouds in a warming climate. Although this effect is expected to be230

negligible at most sites because low-level ice clouds are infrequent, it could induce a positive trend bias at higher-latitude
sites. However, the positive ALC biases compared with ERA5 and CERES are not exclusive to high-latitude sites.
Furthermore, CERES could have a similar underlying bias with respect to changes in phase composition, because the
underlying passive satellite imagers detect optically thick liquid cloud layers more robustly than optically thin ice
clouds [65]. This suggests that phase changes do not fully explain the observed positive trend bias relative to the other235

two datasets.

Conversely, a true negative bias in CERES trends could at least partially explain why low-cloud feedback is under-
estimated in Coupled Model Intercomparison Project (CMIP) Phase 5 and 6 climate model simulations relative to
satellite-based estimates, as reported by Ceppi et al. [28]. If such a bias were to arise from the underlying satellite
observations, it could potentially also propagate into ERA5 through data assimilation. However, climate model estimates240

provide no more than weak support for a negative LCC trend bias in CERES, given the inherent uncertainties associated
with them, with differences in retrieval characteristics being a more likely explanation. The underlying reason why
ALC records suggest weaker negative trends than ERA5 and CERES remains unresolved in our analysis.

The diagnosed low-cloud fraction depends not only on changes in cloud occurrence, but also on changes in cloud
vertical structure relative to the adopted classification boundary [37; 3]. With the non-obscured CTP-based definition,245

changes in cloud-top height, thickness of the low-tropospheric atmosphere, or vertical overlap can alter the diagnosed
trends without equivalent changes in boundary-layer cloud occurrence. A similar issue applies to the ground-up products
used here: if cloud-base height shifts relative to the fixed height threshold, the diagnosed low-cloud fraction can change
without an equivalent change in overall cloud occurrence. Such structural sensitivities could contribute to cross-dataset
differences between satellite- and ground-based records. However, the ERA5/CBH vs. ERA5/CTP ODR slope and250

intercept fall well within the estimated aleatoric uncertainty of the trend estimates,

3.3 Limitations

The compiled 10–25-year ALC dataset provides a decadal-scale, ground-based record of LCC observations across several
climate zones, enabling an independent assessment of low-cloud trends from direct measurements, complementary to
satellite estimates and reanalysis. However, the record is limited to 16 sites, most of which are located in the Northern255

Hemisphere, which hinders the global generalisability of the results. As reported based on CLARA-A3 satellite climate
record by Devasthale et al. [58], the cloud cover may also exhibit strong regional heterogeneity. Such heterogeneities
can also weaken the correspondence of ALC-type point measurements compared with grid-cell averages of ERA5 and
CERES. Furthermore, especially for individual sites separately, extracting the underlying decadal trends from these
relatively short records remains challenging as the observed LCC variability reflects a superposition of internal climate260

variability, synoptic to interannual variability, and other shorter-timescale fluctuations.
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Although ALCs can operate reliably for extended periods without maintenance [66], their reliance on fixed installation
platforms and occasional maintenance access limits their deployment over open oceans and in other remote regions
over longer periods of time. ALCs can be deployed aboard ships to observe maritime clouds [e.g. 67; 68; 61], but
obtaining frequent, spatially consistent, long-term observations remains challenging. In dust-affected environments,265

the instruments also require more frequent manual cleaning to maintain sufficient optical transmission [69]. These
constraints, together with the costs of establishing a dense global network, limit the spatiotemporal coverage of
ALC-based cloud observations. Extending the present analysis will therefore require long-term observations in poorly
represented regimes, particularly over open oceans and other remote regions where persistent low-cloud decks are
climatically important. Shipborne ALC deployments, new active-sensor missions such as EarthCARE [70], and newer270

passive imagers may help reduce this sampling gap, but they do not replace the need for a geographically broader
long-term reference network. Our study also underscores the need to maintain and expand long-term ground-based
cloud-observing networks to independently constrain low-cloud changes, which remain a major source of uncertainty in
climate projections.

CERES SYN1deg product is designed as a temporally consistent climate data record, but its underlying cloud retrievals275

and temporal sampling nevertheless rely on an evolving constellation of polar-orbiting and geostationary imagers. The
polar-orbiting observations transitioned from Moderate Resolution Imaging Spectroradiometer (MODIS) observations
from Terra satellite alone to combined Terra and Aqua MODIS observations and, more recently, to include Visible
Infrared Imaging Radiometer Suite (VIIRS) observations from NOAA-20 satellite and the contributing geostationary
have sensors also evolved. Geostationary observations provide the frequent temporal sampling needed to characterise280

the diurnal cycle between the relatively infrequent polar-orbiting and CERES observations, while the CERES processing
system harmonises the contributing observations and applies radiative-consistency constraints. Residual inhomogeneities
associated with changes in the observing system therefore cannot be completely excluded [71; 72; 73]. Despite the
constraints, CERES data is affected by the intrinsic limitations of passive satellite cloud retrievals and their sampling,
including uncertainties in cloud-top pressure under strong temperature inversions, obscuration of low clouds by285

overlying clouds, and viewing-angle and orbital-drift effects [74; 40; 75; 76]. These effects may therefore contribute
to persistent differences between the datasets and, where their magnitude changes over time, to differences in LCC
trends. The same limitations and biases in satellite retrievals may partially propagate into ERA5 as well through its data
assimilation system, for the same reason ERA5 and satellite records should not be considered completely independent
data sources.290

Despite the more direct nature of ALC cloud observations through active retrieval when compared with passive
radiometers, they are not guaranteed to be free of measurement errors either. In addition to limitations of ALCs
with respect to observing ice clouds discussed earlier, the retrieval performance of the instruments can change over
time. Although the cloud detection algorithm we used is robust against calibration drifts, there is no guarantee that
this also holds for other factors that might deteriorate the signal, such as heavy window contamination or instrument295

malfunctions. We used the best available information to exclude data affected by identified defects, based on, for
example, measurement logs and instrument diagnostics where available. However, the completeness of these records is
something that we cannot ensure. Instead of selecting best available data, we opted for better temporal and geographical
coverage, aiming for best available joint trend estimates using statistical techniques robust to outliers. At the same time,
it cannot be ruled out that especially the trends from individual sites may be affected by unknown factors affecting the300

retrieval performance.

Finally, although LCC is directly linked to Earth’s radiation budget, the present analysis does not permit a quantitative
estimate of the contribution of LCC changes to EEI from ground-based observations. This limitation arises from the
restricted global coverage and the absence of corresponding radiative-flux measurements. Moreover, the radiative effect
of a given LCC change depends on other cloud properties, including cloud optical thickness, thermodynamic phase,305

and cloud-top height, as well as the underlying surface state. Consequently, a change in LCC alone cannot be directly
translated into a change in Earth’s radiation budget or a contribution to global EEI. Nevertheless, the independent
evidence of LCC changes provided by ground-based observations can help constrain the cloud changes that contribute
to variations in Earth’s radiation budget.

4 Methods310

4.1 Automatic low-power lidars and ceilometers (ALCs)

The core of the dataset is based on ALC measurements from Aerosol, Clouds and Trace Gases Research Infrastructure
(ACTRIS) Cloudnet [36; 77] and the U.S. Department of Energy Atmospheric Radiation Measurement (ARM) [78]
user facility, covering eight and three sites across Europe and North America, respectively. In addition, we include ALC
measurement data acquired from open repositories (four sites, of which two are Cloudnet sites) and through private315
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Figure 7: Temporal coverage of ALC data available for the trend analysis after screening and post-processing.

communication (five sites, of which two extend data coverage from a Cloudnet site). Our two criteria for site selection
were: a coverage of valid ALC data of at least 10 years up to 2025, and availability of the original raw attenuated
backscatter coefficient profiles, from one or multiple instruments. The first criterion was considered a minimum for
decadal trend analysis, and the second one was necessary for application of a consistent post-processing and LCC
estimation across all sites and instruments. The collected dataset contains data from seven different instrument models:320

LD40, CT25k, CT75k, CL31, CL51, CL61 (Vaisala Oyj, Finland), and CHM15k (G. Lufft Mess- und Regeltechnik
GmbH, Germany until 2016; OTT HydroMet GmbH, Germany from 2016).

Based on Köppen–Geiger climate classification maps by Beck et al. [79], five of the analysed sites represent marine
humid winter (Cfb; Cabauw, Chilbolton, Flesland, Jülich, and Palaiseau), four warm-summer humid continental (Dfb;
Helsinki, Lindenberg, Oslo, and Payerne), two hot-summer Mediterranean (Csa; Graciosa, Granada), and two subarctic325

(Dfc; Kenttärova, Vehmasmäki) climates. Furthermore, cold semi-arid (BSk; Lauder), humid subtropical (Cfa; Lamont),
and tundra (ET; Utqiaġvik) climates are represented by one site each. Out of the 16 sites, seven (Cabauw, Chilbolton,
Flesland, Graciosa, Helsinki, Utqiaġvik, and Oslo) can be considered coastal as they are located within 50 km of the
nearest coastline, with the remaining nine being located further inland.

The starting point of processing of our ALC datasets was the raw attenuated backscatter profiles as a function of height330

and time. We processed these raw backscatter profiles following the processing scheme used by Cloudnet for ALCs
[36; 80], with the addition of a near-range correction for the LD40 instrument [81]. The Cloudnet processing scheme
implements post-processing of raw backscatter signals from a range of different ALC instrument models into denoised
backscatter profiles for further analysis. Instead of relying on instrument-reported cloud detection, we reprocessed all
raw backscatter profiles using the Cloudnet scheme to ensure consistent retrieval methodology applied throughout ALC335

dataset. Prior to any processing, the data was roughly screened for immediately obvious issues based on measurement
logs, diagnostics reported by the instruments (where available), and other clear anomalies.

To calibrate the source backscatter profiles, we used default instrument-specific calibration coefficients from Cloudnet.
As the cloud detection algorithm we used in downstream processing is only weakly dependent on calibration, this
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accuracy in the calibration can be considered sufficient for the purpose. Nevertheless, we explored the sensitivity of ALC-340

derived LCC trends to calibration further using sensitivity tests. According to the tests, artificially imposed ±20% dec
−1

calibration drifts can induce biases in the LCC trends of up to 3.4× 10−2 %− pt dec−1. The corresponding aleatoric
uncertainties for the derived trends were at least 85 times larger than the resulting trend biases in all cases, demonstrating
the weak dependence of the processing on calibration.

To derive LCC from the backscatter data, we utilised the algorithm by Tuononen et al.[80]. The algorithm identifies345

liquid cloud layers from the calibrated and noise-screened backscatter profiles, which is also used by Cloudnet. However,
in the Cloudnet implementation as part of the CloudnetPy package [82], the algorithm is embedded into a comprehensive
classification scheme that also utilises cloud radar, microwave radiometer and ECMWF (European Centre for Medium-
Range Weather Forecasts) Integrated Forecasting System (IFS) model data beyond the lidar backscatter profiles. As the
cloud radar and microwave radiometer datasets are not available for a majority of the ALC data presented in the present350

study, we wrote and used a lidar-only reimplementation of this algorithm following the up-to-date CloudnetPy version
instead.

An important advantage of the algorithm is that it is not instrument-specific and depends only weakly on calibration.
It can therefore be applied consistently across different ALC models without instrument-specific parameter tuning,
which is particularly important here because the dataset includes instruments from multiple manufacturers. For the355

same reason, we did not use instrument-reported CBHs for low-cloud detection, as these rely on manufacturer-specific
algorithms that can differ substantially between models. These algorithms are also often proprietary, not openly
documented, and may be sensitive to calibration.

The current algorithm is an extension of an earlier Cloudnet algorithm [36]. Unlike the original algorithm, instead of
relying on a global attenuated backscatter threshold value for finding peaks in the backscatter caused by liquid layers,360

it uses a localised peak search and additional criteria for the peak width and shape. This decreases the algorithm’s
sensitivity to calibration and other factors affecting the retrieval performance, as well as makes it possible to discriminate
between cloud layers, precipitation and fog. The algorithm is generally sensitive to cloud layers with liquid droplets,
including mixed-phase clouds to some extent. However, it is not sensitive to weakly-attenuating ice clouds, which
are more difficult to distinguish from background noise in ALC backscatter profiles. Using the resulting binary cloud365

masks, we computed ALC-derived LCC (flow|liquid) as the fraction of time within a given aggregation period (e.g. 1 h)
for which cloud layers were detected below 2 km a.g.l.

To give an impression of the ALC data in practice at subdaily scale, Fig. 8 shows a single example of backscatter
and derived LCC from three sites in Western Europe (Cabauw, Chilbolton, and Jülich) on 2017-02-28, along with a
comparison to ERA5- and CERES-derived LCC at hourly time scale.370

4.2 CERES

As the satellite-based record, we used the CERES Synoptic TOA and Surface Fluxes and Clouds (SYN1deg) Edition
4.2 hourly product [71; 72]. This product provides mean cloud and radiative properties on a global 1◦ × 1◦ latitude–
longitude grid from March 2000 onwards. SYN1deg combines cloud retrievals from multiple polar-orbiting and
geostationary satellite imagers to produce temporally complete global cloud fields. Within the CERES processing375

system, retrieved cloud and atmospheric properties are adjusted within their estimated uncertainties to ensure that
radiative-transfer calculations are consistent with observed CERES top-of-the-atmosphere broadband radiative fluxes,
yielding a radiatively consistent cloud-property dataset. We selected SYN1deg because it provides a long-term daily
climate data record developed for climate applications. The cloud properties retrieved within the CERES processing
system are also used to derive the cloud radiative effects reported in the Energy Balanced and Filled (EBAF) [83; 84]380

product, which is widely used in studies of EEI, radiative forcing, and cloud radiative effects.

Clouds in SYN1deg are classified according to the International Satellite Cloud Climatology Project (ISCCP) [85]
scheme, which separates cloud layers by CTP [86]. Low clouds are defined as those with CTP ≥ 680 hPa, corre-
sponding to a cloud-top height of approximately 3.2 km a.s.l. in the standard atmosphere. This top-down definition
differs fundamentally from the ground-based ALC definition, which identifies low clouds according to cloud-base385

height (CBH). Consequently, satellite-derived low-cloud fractions represent only the portion of the low-cloud field
visible from above, while optically thick overlying clouds may obscure underlying low clouds. Likewise, vertically
deep clouds with low cloud bases but cloud tops above the CTP threshold are not classified as low clouds. These
differences arise from both the observing geometry and cloud-classification methodology. Nevertheless, provided that
these systematic differences remain broadly stable over time, temporal variability and long-term trends derived from390

satellite and ground-based observations can be compared.

For the trend analysis, we extracted the daily cloud record from the SYN1deg grid cell encompassing each observation
site using nearest-neighbour selection. We used the adjusted cloud fractions provided by SYN1deg. To reduce sensitivity
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Figure 8: The ALC-measured attenuated backscatter coefficient from Cabauw, Chilbolton, and Jülich on 2017-02-28
as function of time and height a.g.l. (a-c). The derived fractional LCC, along with the ERA5/CBH and CERES
counterparts are presented in the bottommost panel (d), the colors are indicated next to the site names in panels (a-c).
The time series in panel (d) are downsampled into three-hour averages for clarity.
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to temporal variations in the obscuration of low clouds by higher cloud layers, we analysed the unobscured low-cloud
fraction rather than the total low-cloud fraction. Following Scott et al. [10], the unobscured low-cloud fraction is defined395

as
flow|visible =

flow
1− ftot + flow

, (1)

where flow and ftot denote the adjusted low- and total-cloud fractions reported by SYN1deg. This metric represents the
fraction of sky not covered by higher clouds that is occupied by low clouds and is therefore less sensitive to temporal
variations in cloud overlap. Assuming that obscured and unobscured low clouds evolve similarly over time, flow|visible
has been widely adopted as a proxy for changes in total low-cloud cover in observational studies of low-cloud trends400

and cloud feedbacks [10; 87; 88].

4.3 ERA5

ERA5 is ECMWF’s latest global reanalysis produced by the Copernicus Climate Change Service and ECMWF [35].
It provides a record of the global atmosphere, land surface and ocean waves from 1950 onwards at substantially
higher spatial and temporal resolution than earlier-generation ERA-Interim, with a native horizontal resolution of405

approximately 31 km. ERA5 also includes an ensemble-based uncertainty estimate at reduced resolution, although only
the deterministic reanalysis is used here.

ERA5 is produced using ECMWF IFS version CY41R2 for data assimilation and atmospheric forecasting. In IFS,
clouds are represented as fractional cloud cover on individual model levels. For diagnostic output and radiative transfer
calculations, vertically aggregated cloud cover is then computed from these model-level cloud fractions using an410

exponential-random overlap model [89; 90; 91]. In the ERA5 dataset and ECMWF forecasts, the resulting total, low,
medium and high cloud cover diagnostics are archived as standard output variables. The default ERA5 LCC diagnostic
(parameter identifier 186) is defined over all cloud layers between the surface and 0.8 times the surface pressure. The
cloud cover on model levels is represented as a sum of spherical harmonics, which can be transformed into native
reduced Gaussian grid of ERA5 (N320, where 320 refers to the number of quadrature points along a meridian between415

the pole and the equator) using discrete Legendre transform. The cells in the N320 grid are roughly uniform in size, with
an approximate area between 900 km2 and 1000 km2. The ERA5 reanalysis is available at hourly temporal resolution,
with analyses twice a day at 06 and 18 UTC, bridged with forecasts.

This default ERA5 LCC diagnostic is not directly comparable to either ALC- or satellite-derived LCC because the
underlying definitions differ. Relative to ALCs, the main differences arise from the use of pressure-referenced rather420

than geometric-height cloud layers and from the inclusion of all cloud phases in the archived diagnostic. Relative
to passive satellite observations, the main differences arise from the top-down point-of-view and classification of
clouds by their CTP. In a comparative study, using the archived ERA5 diagnostic alone would therefore combine
differences introduced by the diagnostic definition itself with differences in the underlying temporal variability of the
cloud field represented by each data source. To reduce this ambiguity, we derived two comparison-specific ERA5425

products from original hourly N320 grid model-level data: one matched to the CBH-based and one matched to the
CTP-based definition.

For the comparison with ALCs, we recomputed LCC using model surface and 2 km a.g.l. geometric height as the
lower and upper bounds for low-cloud CBH, respectively. The 2 km upper bound follows the World Meteorological
Organization’s International Cloud Atlas definition. This choice therefore follows the ALC definition more closely430

than the default ERA5 diagnostic, which is referenced to fraction of surface pressure rather than geometric height, we
refer to this product as ERA5/CBH for the remainder of the paper. Using the exponential-random model, the overlap
between cloud covers Ck and Cl at model levels k and l as a linear combination of maximum and random overlap:

Ck,l = αk,lC
max
k,l + (1− αk,l)C

ran
k,l , (2)

where Cmax
k,l is the maximum possible overlap

Cmax
k,l = max (Ck, Cl) , (3)

and Cran
k,l is the random overlap435

Cran
k,l = Ck + Cl − CkCl. (4)

The factor for linear combination αk,l is defined based on the vertical distance between the two levels ∆zk,l and

decorrelation length z0(ϕ) [91]: αk,l = exp
(
−∆zk,l

z0

)
,

z0 = a + b cos2 ϕ where a = 7.5 × 102 m and b = 2.149 × 103 m are empirical constants based on cloud radar
campaigns, and ϕ is the latitude. The height-dependent cloud fraction can then be derived by cumulatively applying the
cloud overlap model repeatedly over the model levels within the desired height range. The resulting cloud fraction440
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represents the spatial proportion of a N320 grid cell covered by clouds in these levels at the given analysis time. For
each of the sites, we used the value of the intersecting grid cell in the N320 grid without interpolation.

For the comparison with CERES, we constructed a top-down ERA5 LCC intended to approximate the ISCCP low-cloud
definition (CTP > 680 hPa) more closely. The non-obscured top-down LCC comparable to that of CERES was
obtained by applying the overlap model cumulatively first over the whole column top-down and then for the second445

time only for the upper CTP < 680 hPa part of the column, computing the final unobstructed fraction as

flow|visible =
ftotal − fabove low

1− fabove low
, (5)

where ftotal is the column total fractional cloud cover and fabove low is the fractional cover for CTP < 680 hPa. We
refer to this product as ERA5/CTP for the remainder of the paper.

4.4 Trend analysis

We analysed the LCC trends using the Mann-Kendall test to find statistical significance of the possible trends, and the450

Theil-Sen estimator to quantify trend magnitude [92; 93; 94; 95]. The choice of methodology was motivated by the
following key factors: both the Mann-Kendall test and Theil-Sen estimator are robust to outliers and high-leverage
observations, as they are based on rank statistics and median slopes rather than means, making them less sensitive
to extreme values or influential data points (such as those near the endpoints of the time series) compared with, e.g.
ordinary least squares regression. These properties focus our estimates on underlying consistent trends rather than455

isolated one-off outliers, whether arising from real events (e.g. highly anomalous weather) or measurement artefacts
(e.g. instrument malfunction). Furthermore, as a non-parametric framework, the Mann-Kendall test does not require
assumptions regarding the underlying data distribution, which is advantageous for cloud cover records that are not
normally distributed at sub-annual granularities. Therefore, the need for strong temporal averaging (e.g. into annual
means) that would otherwise reduce statistical power due to smaller sample sizes is avoided. The Mann-Kendall test and460

Theil-Sen estimator are well-established and widely used for trend analysis of geoscientific time series [96; 97; 98; 99].

The Theil-Sen estimator is defined as the median of the pairwise slopes between observations. In the present application,
however, not all pairwise comparisons are appropriate. Cloud cover may exhibit a strong seasonal cycle, such that
slopes formed between observations from different meteorological seasons may be dominated by seasonal differences,
masking the underlying long-term trend. Furthermore, in the case of the ALCs, observations originate from different465

instruments with distinct retrieval characteristics, and measurements from different instruments may thus differ by an
offset. An offset, if present, would introduce bias in the pairwise slopes computed from cross-instrument observation
pairs, whereas within-instrument slopes remain invariant to such offsets. In most cases, the overlap of ALC records
from multiple instruments are insufficient to reliably determine the offset.

To account for these effects, we adopted the seasonally stratified Mann–Kendall approach of Hirsch et al.[96], using470

the four meteorological seasons (December–February DJF, March–May MAM, June–August JJA, and September–
November SON) as the strata. Consequently, pairwise comparisons were restricted to observations within the same
season. For the ALC observations, the estimator was further restricted to within-instrument comparisons, following
Baumdicker et al.[100]. The trend estimate was therefore computed as

β̂ = median

{
yj − yi
tj − ti

: j > i, si = sj , gi = gj

}
, (6)

where si and gi denote the meteorological season and instrument associated with observation i, respectively. For475

CERES and ERA5, all observations were treated as belonging to a single instrument, such that only the seasonal
restriction was applied.

Confidence distributions for the Theil-Sen trends were obtained by repeatedly inverting the asymptotic Mann-Kendall
test over a dense grid of confidence levels. For each confidence level, the variance of the Mann-Kendall statistic (S)
under the usual normal approximation was used to determine the corresponding lower and upper order statistics of the480

sorted admissible pairwise slopes following Sen[94] and Gilbert et al.[97]. Repeating this procedure over a dense grid
of confidence levels yields a discrete approximation to the quantile function of the confidence distribution, represented
numerically by Nq equally probable quantiles. We set Nq = 10001, for which the discretization error was negligible.
Confidence intervals at arbitrary confidence levels were obtained directly from the corresponding quantiles of the
confidence distribution. In the grouped ALC setting, the confidence distribution was constructed consistently with485

the restricted Theil-Sen estimator described above: only within-instrument pairs were included in the slope sample,
the S, and its variance. Thus, both the trend estimate and its uncertainty were based on exactly the same admissible
comparisons. The stratification of the estimator, although necessary to limit biases, greatly limits the number of
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admissible pairwise comparisons, thus widening the trend confidence distributions. This is especially the case for ALC
estimates from sites where the record consists of two or more instruments.490

The final joint trend across all study sites was estimated using a Monte Carlo approach based on the individual trend
confidence distributions. For each realisation, one trend value was sampled from the confidence distribution of each
site, and their mean was calculated. Repeated application of this procedure yielded empirical distributions of the joint
trends, from which reported joint means and reported standard errors were obtained. Equal weighting was used to give
sites with different levels of trend uncertainty equal weight on the joint trend.495

For most sites, cloud fractions were averaged to three-day periods prior to trend estimation. Based on sensitivity tests, the
three-day averaging window was the shortest interval for which the distributions of pairwise slopes became sufficiently
smooth to derive stable trend estimates and associated confidence distributions. Compared with daily averages, three-day
averaging greatly reduces the occurrence of tied pairwise comparisons, while avoiding the substantial reduction in
sample size associated with longer averaging periods. For sites associated with a low climatological LCC, Granada and500

Lamont, a longer averaging time of one month was used.

Despite averaging, the resulting anomaly time series may be autocorrelated in time, primarily due to the persistence of
synoptic-scale weather patterns and their associated impacts on cloud cover. This residual autocorrelation can inflate
type I error in the Mann–Kendall test, leading to overconfident uncertainty estimates and overly concentrated confidence
distributions. Conversely, directly removing lag-1 autocorrelation could increase type II error in uncertainty estimation,505

resulting in artificial widening of the confidence distributions. To address both error types, we adopted the ’3PW’
prewhitening algorithm by Collaud Coen et al.[101], which combines several prewhitening methods to limit both type I
and II errors compared with application of the individual methods separately.

To ensure comparability of the datasets, we limited the data from each site to the data coverage of the combined ALC or
CERES dataset (intersection). Hence, the earliest possible date included in the trend analysis is 1 March 2000, marking510

the beginning of the CERES SYN1deg record. However, for most of the sites ALC data coverage was more limiting as
reported in Table 1. All valid data within the coverage period was included in the trend estimation, i.e. gaps in ALC
coverage were not excluded from CERES or ERA5 trend estimation.

Beyond the annual trends, we also computed trends segmented by the meteorological seasons following Hirsch et al.[96]
and Collaud Coen et al.[101]. Although seasonal segmentation decreases the number of data points available for the515

trend estimation by a factor of four, the seasonal trends are an important indication of potential seasonal heterogeneity
of the annual trends, which may reveal underlying factors leading to differences in the annual trends. Furthermore,
presence of strong seasonal heterogeneity in the trends may lead to decrease in the statistical reliability of the annual
trend estimates and associated uncertainty [97; 101].

Data availability520

The ACTRIS Cloudnet data are publicly available from the ACTRIS Data Centre at https://cloudnet.fmi.fi.
The ARM data is publicly available from the ARM User Facility at https://www.arm.gov/data. The ERA5
reanalysis data is available on Copernicus Climate Change Service (C3S) Climate Data Store (CDS) at https:
//doi.org/10.24381/cds.143582cf [102].

For the final publication, the processed instantaneous and aggregated ALC, ERA5, and CERES data will be stored525

persistently in a data repository under Creative Commons Attribution 4.0 (CC-BY) license.
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