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Abstract. Fog and low clouds (FLCs) are essential moisture sources for Namib desert ecosystems. However, their response to

climate change remains uncertain because fog processes are not resolved in climate models. Here, we apply a cloud-controlling

factor framework in which FLC anomalies are expressed as a linear function of large-scale meteorological drivers, including

estimated inversion strength (EIS), relative humidity at 700 hPa (R700), sea surface temperature (SST), and the eastward and

northward components of 10 m wind (U10, V10). Sensitivities of FLCs to these drivers are quantified using a statistical model.5

By applying these sensitivities to projections of the corresponding predictors from CMIP6, we produce the first observationally

constrained projections of Namib FLC occurrence. Projected trends remain uncertain and scenario-dependent; however, a ro-

bust physical signal emerges. Changes in FLCs are governed by competing influences: SST increase over the southeast Atlantic

region reduces FLCs, while increased lower-tropospheric stability as well as circulation changes enhance them. Overall, these

results suggest that Namib FLCs may be more resilient to climate change than previously assumed, raising the question of10

whether similar compensating mechanisms operate in other eastern-ocean boundary-layer upwelling systems, such as those of

the Atacama Desert and California.
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1 Introduction

Fog is an important source of moisture in the Namib Desert, one of the driest regions on Earth. Despite extremely low rainfall,

the region supports diverse ecosystems, many of which depend on fog as a regular water input (Louw and Holm, 1972; Seely15

and Henschel, 1998; Ebner et al., 2011; Warren-Rhodes et al., 2013; Wang et al., 2019). With projections indicating a general

trend of warmer and drier conditions over southern Africa (Maúre et al., 2018; Munday et al., 2025), changes in fog occurrence

could have important implications for these ecosystems.

In many regions around the world, fog occurrence has declined in recent decades. This decline has been attributed to reduc-

tions of air pollution (Witiw and LaDochy, 2008; Vautard et al., 2009; Fu et al., 2014; Gray et al., 2019), which reduces the20

availability of cloud condensation nuclei, as well as to rising temperatures that lower relative humidity (Klemm and Lin, 2016;

Maurer et al., 2019). In the Namib Desert, however, studies disagree on the sign of fog trends in the observational record: Li

et al. (2025) report a decline in fog occurrence, whereas Rohde et al. (2019) infer an increase based on an increase in biomass

within the fog belt. Additionally, speculation exists regarding the future evolution of fog in the region, with Mitchell et al.

(2020) arguing that a decline appears inevitable. This uncertainty is exacerbated by the difficulty of representing fog in climate25

models, as the processes governing fog formation occur at spatial scales that are not resolved by these models (Vautard et al.,

2009). More broadly, clouds, and low clouds in particular, remain among the most uncertain components of climate simulations

(Zelinka et al., 2020; Myers et al., 2021; Bock and Lauer, 2024). For the Namib specifically, only one study has attempted to

project fog occurrence using a regional climate model (RCM), and suggests an increase in fog frequency near the coast but a

decrease further inland (Haensler et al., 2011). However, the robustness of these fog trends is uncertain because they are based30

on a single model with biases in present-day fog occurrence.

In the Namib Desert, fog is predominantly of advective nature (Olivier and Stockton, 1989; Seely and Henschel, 1998; Cermak,

2012; Andersen et al., 2019; Spirig et al., 2019; Andersen et al., 2020; Mass et al., 2026). Two main fog types are generally

distinguished. Near the coast, fog develops when moist maritime air flows over the cold ocean surface, producing coastal ad-

vection fog that is usually limited to a narrow band along the shoreline and influenced by local upwelling cells (Gultepe et al.,35

2007; Seely and Henschel, 1998; Olivier and Stockton, 1989). Further inland, fog typically results from advected marine stra-

tus clouds whose cloud base reaches the surface, sometimes described as “high fog” (Seely and Henschel, 1998; Malik et al.,

2026; Hipler et al., 2026). These events occur mainly between September and March and may penetrate up to 100 km inland

(Lancaster et al., 1984; Seely and Henschel, 1998; Andersen et al., 2019). Hereafter, both types are referred to summarily as

fog and low clouds (FLCs).40

In a prior study, Mass et al. (2026) used a cloud-controlling factor (CCF) framework, typically used to assess cloud feedbacks

(Klein et al., 2018), to quantify FLC sensitivities to large-scale meteorological controls in two fog-prone regions of the Namib

Desert. Building on this framework, we combine observationally derived FLC sensitivities with projected changes in the con-

trolling factors from selected GCMs of the Coupled Model Intercomparison Project Phase 6 data (CMIP6; Eyring et al., 2016)

to provide the first observationally-constrained estimates of future changes in Namib FLCs. Based on the observational sensi-45

tivities, we hypothesize that future SST warming over the southeast Atlantic region will decrease FLC cover, while increased
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lower-tropospheric stability and changes in coastal circulation may offset this response, leading to competing influences on

FLCs under climate change.

2 Results and discussion

2.1 Projected changes in Namib FLCs50

Detrended and deseasonalized anomalies are used in a ridge regression framework to estimate spatial sensitivity patterns at

a resolution of 1.25° latitude × 1.875° longitude (see Sections A2 and A3 for details). Reanalysis fields of cloud-controlling

factors are taken from two reanalysis datasets (ERA5 and MERRA-2) across two fog hotspots in the Namib Desert: the Central

Namib (CN; 22°S–24°S) and the Angolan Namib (AN; 15°S–17°S), resulting in four setups. Outputs from five CMIP6 models

are then applied under the low- and high-forcing shared socioeconomic pathways, SSP126 and SSP585 (O’Neill et al., 2017),55

to capture the full range of projected responses. Projected FLC cover anomalies for 2015–2100 are shown in Figure 1 as 5-year

rolling means. The four panels correspond to AN-ERA5 (Fig. 1a), CN-ERA5 (Fig. 1b), AN-MERRA-2 (Fig. 1c), and CN-

MERRA-2 (Fig. 1d). The green and purple lines represent SSP126 and SSP585, the weakest and strongest forcing scenarios,

respectively, and the shaded areas indicate the total uncertainty.

Under SSP126, projected FLC trends are weak across all configurations, as indicated by the dashed lines. In the AN, FLC trends60

are small, with statistically significant decrease in the MERRA-2-based setup (AN-MERRA-2: −0.09% · decade−1). In the

CN, trends are also weak, with a statistically significant decrease in the ERA5-based setup (CN-ERA5: −0.06% · decade−1).

These weak trends mirror the near-zero trends in FLC anomalies observed for 1982–2019 in Mass et al. (2026), suggesting that

changes in FLC drivers are either too weak or offset each other.

Under SSP585, projected FLC trends are more pronounced. In the CN, both configurations project increasing FLC cover, with65

positive and statistically significant trends in CN-ERA5 (+0.10% · decade−1) and CN-MERRA-2 (+0.26% · decade−1). A

similar positive trend is found for AN-ERA5 (+0.27% · decade−1). These positive trends are consistent with the results of

Haensler et al. (2011), the only other study that has examined future projections of fog in the Namib Desert, which reported

increasing coastal fog occurrence using the REMO regional climate model (Jacob, 2001). In contrast, the AN-MERRA-2

configuration shows a trend of the opposite sign at −0.30% ·decade−1.70

This difference is further illustrated by the SSP585 mean FLC cover anomaly for 2080–2100 for each individual model, shown

as purple symbols in Fig. 1. In all configurations, FGOALS-f3-L exhibits strong positive FLC cover anomalies. The remaining

models show weaker but generally positive FLC anomalies, except in the AN–MERRA-2 configuration. In this case, FGOALS-

f3-L still exhibits a positive FLC anomaly, although with a smaller magnitude, while the other four exhibit reduced FLC cover

anomalies of around 3% during the 2080–2100 period. A similar pattern is evident for SSP126 (green), with FGOALS-f3-L75

consistently exhibiting positive FLC anomalies, whereas the remaining models lie closer to zero and are generally negative;

the intermodel spread is also smaller than in SSP585.

This spread across GCMs partly arises from the ClimSIPS model selection algorithm (see Section A2), which maximizes the

range of projected temperature and precipitation changes across the WSAF region (Iturbide et al., 2020) within the ensemble.
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The resulting uncertainty σgcm(t) represents one component of the total uncertainty. A second source arises from the estimation80

of ridge regression coefficients (σstat(t)). For each setup, the total uncertainty is obtained as the sum in quadrature of these

components (see Section A4 for more details) and is shown by the shaded areas in Figure 1. The total uncertainty remains

approximately constant for SSP126, whereas it increases over time for SSP585. This increase is driven by σstat(t), which grows

with time under increasing forcing, while σgcm(t) remains relatively constant, reflecting stable model spread. This is illustrated

in Figure A2, which shows the fractional contributions of σstat(t) and σgcm(t) to the total variance for each setup. In 2015,85

σstat(t) accounts for approximately 10% of the total variance across all configurations. By the end of the century, this fraction

increases to 25% under SSP126 and to 80% under SSP585. Moreover, for each CMIP6 model, all available ensemble members

are averaged together. The resulting projections therefore primarily estimate the forced trend and do not fully sample internal

variability. Treating ensemble members separately would broaden the projected uncertainty range.

In addition to the total uncertainty, changing the reanalysis dataset leads to opposite trends in the AN region, despite overlapping90

uncertainty ranges. As only two reanalyses are considered, this difference is not interpreted as a distinct source of uncertainty

but rather as a sensitivity to the choice of the reanalysis dataset, illustrating how different datasets can lead to “uncertain

situations” in the interpretation of climate trends (Simpson et al., 2025). These opposite trends arise from differences in the

SST coefficient maps (not shown). Despite a strong spatial correlation (0.95) between ERA5 and MERRA2 in the AN region

(see Table A1), SST changes in the GCM projections are substantially larger than those of the other predictors, reaching up to95

six times the historical standard deviation under SSP585, whereas the other predictors rarely exceed two standard deviations

(not shown). As a result, small differences in SST sensitivities between ERA5 and MERRA2 are strongly amplified and can

reverse the sign of the projected trends.

The large total uncertainty and the sensitivity to the choice of reanalysis highlight important limitations of the projections.

However, rather than providing forecasts of future FLC changes, these projections offer a framework to explore how changes100

in the predictors translate into FLC variability. The next section therefore examines the contributions of individual predictors

to the projected trends.
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Figure 1. Projected changes in FLC cover anomalies (%) for 2015–2100. Solid lines show the 5-year rolling mean of the ensemble mean

of five CMIP6 models for the Angolan Namib (AN) and Central Namib (CN), based on sensitivities derived from ERA5 and MERRA-2: a)

AN-ERA5, b) CN-ERA5, c) AN-MERRA-2, and d) CN-MERRA-2. Purple and green lines denote SSP585 and SSP126, respectively, and

shading indicates total uncertainty. Dashed lines indicate the corresponding linear trends. Symbols at the end of each panel show the mean

FLC cover anomaly of each model for 2080–2100 under SSP126 in green and SSP585 in purple.

2.2 Drivers of projected FLC changes

In Figure 2, the projected FLC cover anomaly trends presented in Section 2.1 are decomposed into contributions from each

predictor for each model and SSP scenario: SSP126 (green), SSP370 (blue), and SSP585 (purple). The main result is that the105

opposing contributions of EIS, R700, U10, and V10 versus SST identified under present-day climate conditions (Mass et al.,

2026) persist in future projections, indicating resilience of the system to climatic changes. The signs of the predictor trend

contributions are consistent with the projected changes in the corresponding drivers in the GCM ensemble mean (see Fig. 3)

when combined with the sensitivities derived from the present-day climate (see Fig. A1). Increased boundary-layer stability

5

https://doi.org/10.5194/egusphere-2026-3242
Preprint. Discussion started: 25 June 2026
c© Author(s) 2026. CC BY 4.0 License.



(Fig. 3a) favors the persistence of FLCs by suppressing mixing across the inversion (Bretherton et al., 2013; Myers and Norris,110

2016; Scott et al., 2020; Ceppi and Nowack, 2021). A drier free troposphere (Fig. 3b) can further enhance cloud-top radiative

cooling and support low-cloud development in the region (Christensen et al., 2013; Andersen et al., 2020). In contrast, SST

warming (Fig. 3c) tends to reduce the thermal contrast between the ocean surface and the overlying air masses responsible for

FLC formation (Olivier and Stockton, 1989; Cermak, 2012; Spirig et al., 2019; Andersen et al., 2020). Circulation changes

(Fig. 3d and e) indicate an increase in the onshore advection of the marine boundary layer air masses in which FLCs are formed115

(Andersen et al., 2020). Such an enhanced onshore circulation is already observed over the recent decades and can be under-

stood as a consequence of an intensified thermal wind associated with warming over the southern African continent (Attwood

et al., 2024; Tatro and Zuidema, 2025).

By grouping the predictors into thermodynamic (EIS, R700, and SST) and circulation (U10 and V10) contributions, and exclud-

ing FGOALS-f3-L due to its anomalously weak SST warming, it becomes apparent that thermodynamic trend contributions120

are mostly negative, consistent with the observed global fog decline (Vautard et al., 2009; Klemm and Lin, 2016). In contrast,

changes in circulation counteract this effect, making FLCs more resilient to climate change. This raises the question of whether

similar mechanisms may operate in other eastern boundary upwelling systems, where onshore advection of marine boundary

layer clouds dominate, potentially enhancing FLC resilience there as well.

The relative importance of these opposing contributions determines the resulting FLC trends under the different forcing sce-125

narios. Under the lowest forcing scenario, SSP126, these opposing influences are generally small and largely compensate each

other, leading to total trends close to zero. Under stronger forcing scenarios such as SSP370 and SSP585, the total trends and

model spread depend primarily on the magnitude of the negative SST contribution. Weaker SST contributions lead to positive

trends in AN-ERA5, CN-ERA5, and CN-MERRA-2 (Fig. 2a,b,d), whereas a stronger SST contribution results in a negative

trend for AN-MERRA-2 (Fig. 2c). Additionally, for a given model, the partial contributions scale monotonically with the mag-130

nitude of the forcing, suggesting that stronger climate forcing primarily amplify the same underlying processes.

However, substantial variability remains between models. This variability arises primarily from differences in the magnitude of

the SST contributions, which largely determine the sign of the projected FLC trends. While the contributions from EIS, R700,

and the wind components are generally consistent across models, SST responses vary more strongly in magnitude, leading to

larger inter-model differences in the total projected trends. For example, UKESM1-0-LL features a relatively strong negative135

SST contribution across all four setups, whereas FGOALS-f3-L exhibits weaker negative contributions, or even positive ones

in CN-MERRA-2, in contrast to the other models.

The inter-model variability in SST projections is a well-known feature of the CMIP6 ensemble (Masson-Delmotte et al., 2021).

This spread partly arises from models with higher equilibrium climate sensitivity than in CMIP5 (Taylor et al., 2012), largely

driven by differences in cloud–climate feedbacks that vary substantially across models and influence the magnitude of surface140

warming (Meehl et al., 2020; Zelinka et al., 2020). In addition, differences in the efficiency of ocean heat uptake, related to

the representation of vertical mixing and thermodynamic processes within the ocean interior, contribute to variations in the

projected SST response among models (Gregory, 2000; Huber and Zanna, 2017).

In the Benguela upwelling system, recent studies indicate a southward displacement of the coastal upwelling system under

6
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both recent climate variability and projected future climate change (Abrahams et al., 2021; Bordbar et al., 2023; Gallego et al.,145

2025). Such a spatial shift would likely modify the SST sensitivity pattern, although this is beyond the scope of the present

analysis.

Overall, despite the substantial inter-model variability in SST trends and potential shifts in coastal upwelling patterns, the bal-

ance between the different drivers controlling FLC variability remains robust, suggesting that circulation changes could make

the coastal fog system more resilient than expected from the forced thermodynamic response alone.150
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Figure 2. Partial trend contributions to FLC cover anomalies (%) for 2015–2100 from each predictor (EIS, R700, SST, U10, V10). Aggre-

gated Thermodynamic (EIS + R700 + SST), Circulation (U10 + V10), and Total contributions are also shown. Panels show the Angolan

Namib (AN) and Central Namib (CN) based on sensitivities derived from ERA5 and MERRA-2: a) AN-ERA5, b) CN-ERA5, c) AN-

MERRA-2, and d) CN-MERRA-2. Colors denote the different Shared Socio-economic Pathways (SSPs): SSP126 (green), SSP370 (blue),

and SSP585 (purple). Individual GCMs are shown as symbols. Statistically significant trend contributions (p < 0.05) are shown as solid

markers, while non-significant contributions are shown with transparent markers.
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Figure 3. Ensemble mean decadal trends [σ ·decade−1] for 2015–2100 in the predictors: a) EIS, b) R700, c) SST, d) U10, and e) V10. The

centers of the Angolan Namib (AN) and Central Namib (CN) are indicated by the orange and blue circles, respectively. White regions near

the coastline for EIS and SST are the result of the common land mask.

3 Conclusions

Fog and low clouds (FLCs) are key components of the Namib Desert climate, yet their future evolution remains difficult to

assess because fog formation occurs at spatial scales that are not resolved in global climate models (Vautard et al., 2009). To

address this limitation, we used a cloud-controlling factor (CCF) framework (Klein et al., 2018) to estimate sensitivities of FLC

anomalies to large-scale meteorological drivers based on the present-day climate. These sensitivities were then combined with155

projected changes in the drivers from CMIP6 simulations to estimate projections of FLC cover anomalies in two fog-prone

regions of the Namib: the Angolan Namib (AN) and the Central Namib (CN) (Andersen and Cermak, 2018).

This approach has limitations. The results depend first on the sensitivities derived from reanalysis data, which differ slightly

depending on whether they are derived from ERA5 or MERRA-2. In addition, the projected changes in the predictors, particu-

larly SST, vary substantially across CMIP6 models. This is partly intentional and reflects the aim of capturing a broad range of160

climatic changes across the GCM ensemble. Together, these statistical and GCM uncertainties lead to a range of possible FLC

projections. The projections should therefore not be interpreted as deterministic forecasts, but as a framework for exploring the

underlying processes.

Within this framework, future changes in Namib FLC cover anomalies appear to be governed by competing influences among

the large-scale drivers. Increases in atmospheric stability favor FLCs, whereas SST warming suppresses them, consistent with165

the low-cloud feedback (Myers and Norris, 2016; Andersen et al., 2020; Scott et al., 2020; Ceppi and Nowack, 2021; Wu et al.,

2025). Additionally, projected circulation changes associated with intensified thermal winds enhance onshore advection and

thereby favor FLCs in the Namib Desert. This suggests a certain resilience of Namib fog to climate warming relative to other

marine low-cloud systems, raising the question of whether similar circulation-driven resilience may also occur in fog systems

such as those of the Atacama Desert or California..170

These results highlight the importance of improving projections of regional SST patterns in eastern boundary upwelling sys-
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tems, as SST exhibits the largest projected changes (Wang et al., 2015) among the drivers considered and therefore plays a key

role in shaping future FLC variability. Accurately representing future SST patterns in these regions remains critical (Zuidema

et al., 2016) for anticipating changes in fog and low clouds along the Namibian coast. Future work could extend this approach

by allowing spatially evolving fog regions, thereby capturing potential shifts in the geographical distribution of fog and low175

clouds along the Namibian coast.

Appendix A: Data and methods

A1 Satellite-based FLC cover

FLC cover is derived from the satellite-based detection algorithm introduced by Andersen and Cermak (2018). The algorithm

uses observations from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation180

(MSG) satellites, which provide imagery at 3 km spatial resolution and 15 min temporal resolution (Schmetz et al., 2002). By

combining infrared measurements with threshold-based and image-analysis techniques, the algorithm identifies FLC occur-

rence consistently throughout the diurnal cycle.

The algorithm produces a binary field of FLC occurrence for each grid cell at 15-minute intervals. Evaluation with in situ

observations demonstrates good performance, with a probability of detection of 94% and an overall classification accuracy of185

97%. From these data, a FLC cover metric is calculated as the relative frequency of FLC occurrence over a 24-hour period

starting at 12:00 UTC (FLC occurrence peaks at night and early morning), in a chosen region, following Mass et al. (2026).

From daily average FLC cover, a monthly mean FLC cover is then calculated for the analysis period 2004–2019. Two regional

fog hotspots in the Namib Desert are considered: the Angolan Namib (AN; 15◦S–17◦S) and the Central Namib (CN; 22◦S–

24◦S). These regions correspond to two fog-prone coastal sectors of the Namib Desert (Andersen and Cermak, 2018; Mass190

et al., 2025, 2026). To improve the signal to noise ratio and because FLC occurrence decreases inland, the analysis is restricted

to grid cells located within 25 km of the coastline. This spatially averaged, deseasonalized, and detrended monthly FLC cover

serves as the predictand in the statistical model.

A2 Global climate model selection

GCMs are selected using the Climate Model Selection by Independence, Performance, and Spread (ClimSIPS) framework195

(Merrifield et al., 2023). This method ranks climate models according to their historical performance, their independence from

other models, and their contribution to ensemble spread. Model independence is considered because many climate models share

components or development lineages, leading to genealogical relationships within the CMIP ensemble rather than fully inde-

pendent realizations (Knutti et al., 2013). In this study, model performance is evaluated using SST climatologies from ERA5

(Hersbach et al., 2020) over the Benguela region (5◦W–35◦E, 40◦S–0◦) for annual, DJF, and JJA means during 1995–2014,200

together with annual mean shortwave cloud radiative effect (SWCRE) fields for 2001–2018 from the Clouds and the Earth’s

Radiant Energy System (CERES) Energy Balanced and Filled surface flux products (Loeb et al., 2018; Loeb and Doelling,
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2020). SST is included because it exhibits substantial variability across CMIP6 models (Masson-Delmotte et al., 2021) and

constitutes a key driver of fog and low cloud variability along the Namibian coast (Mass et al., 2026), while SWCRE provides

an observational constraint on the radiative effects of fog and low clouds. The spread criterion is based on projected changes205

in near-surface air temperature (tas) and precipitation (pr) over the WSAF region (Iturbide et al., 2020), computed as the dif-

ference between the 2070–2099 and 1995–2014 climatological means, thereby capturing a broad range of climatic changes

across the GCM ensemble. Based on ClimSIPS, the following CMIP6 models were selected for the analysis: FGOALS-f3-L

(He et al., 2019), CNRM-CM6-1-HR (Voldoire et al., 2019), UKESM1-0-LL (Sellar et al., 2019), IPSL-CM6A-LR (Boucher

et al., 2020), and MPI-ESM1-2-HR (Mauritsen et al., 2019). For each selected CMIP6 model, all available ensemble members210

are averaged to reduce the influence of internal variability. To ensure spatial consistency across models, all predictor fields

were regridded to a common grid corresponding to the lowest native resolution among the selected models, here taken as the

UKESM1-0-LL atmospheric grid (1.25° latitude × 1.875° longitude). The regridding was performed using bilinear interpola-

tion. This approach preserves the large-scale spatial patterns of the predictors while enabling a consistent comparison across

models.215

To reduce systematic differences between reanalysis predictors and GCM simulations, a simple variance scaling bias correction

is applied (Teutschbein and Seibert, 2012). Scaling factors are derived from the present-day climate using ERA5 or MERRA-2

(Gelaro et al., 2017) predictor fields and subsequently applied to the corresponding GCM predictors. This approach adjusts the

mean and standard deviation of the predictors while preserving the relationships between them. More advanced bias-correction

methods such as quantile mapping are not used, as univariate bias correction can modify the multivariate relationships between220

predictors (Maraun, 2016) required by the ridge regression framework employed in this study (see below).

A3 Cloud-controlling factor analysis framework

The statistical framework used in this study follows the cloud-controlling factor (CCF) approach described in detail in Mass

et al. (2026). In this framework, anomalies in fog and low cloud (FLC) cover are related to anomalies in a set of large-scale225

environmental drivers commonly used to study marine low clouds (Klein et al., 2018; Scott et al., 2020; Ceppi and Nowack,

2021; Andersen et al., 2022, 2023; Ceppi et al., 2025). The predictors considered here are the estimated inversion strength

(EIS), computed following the method developed by Wood and Bretherton (2006); relative humidity at 700 hPa (R700); sea

surface temperature (SST); and the eastward and northward components of the near-surface wind (U10 and V10).

FLC cover anomalies are averaged over the AN and CN regions, while the predictor fields are considered over a larger sur-230

rounding domain covering 10°S–35°S and 5°E–20°E, corresponding to a 25° latitude × 15° longitude region. Following earlier

CCF studies (Ceppi and Nowack, 2021; Ceppi et al., 2025; Andersen et al., 2023; Wilson Kemsley et al., 2024), large-scale

predictor fields from the surrounding domain are related to a regional predictand, rather than relying on local grid-point-wise

relationships. The domain was selected to capture most of the synoptic-scale variability of the relevant meteorological fields

(Andersen et al., 2020; Mass et al., 2025) and to encompass the regions of interest. This choice ensures that large-scale circu-235

lation patterns and non-local influences, such as coastal upwelling cells, are represented and that SST anomalies can be related
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to FLC variability over land. Because ridge regression regularizes the predictor coefficients (see below), the results are not

expected to be highly sensitive to modest changes in domain size, provided that the main spatial features are included. The

final spatial extent therefore reflects a compromise between encompassing the regions relevant for FLC processes and limiting

the domain size to avoid excessive regularization.240

Two predictor sets are constructed to improve robustness: one based on ERA5 meteorological fields combined with NOAA OI

SST (Huang et al., 2021), and another based on MERRA-2 meteorological fields combined with the same SST dataset. This

results in four configurations: AN–ERA5, CN–ERA5, AN–MERRA-2, and CN–MERRA-2. All predictor fields are subse-

quently interpolated onto the UKESM1-0-LL atmospheric grid (1.25° latitude × 1.875° longitude) using bilinear interpolation

so that they can be used consistently together with the GCM predictor fields.245

The sensitivities of FLC cover anomalies to the predictor anomalies are estimated using ridge regression (Hoerl and Kennard,

1970). In this setup, the regional FLC anomaly is modeled as a linear combination of the spatial predictor anomalies across

the domain. Ridge regression is well suited for this study for two important reasons. First, it performs well in cases with many

collinear predictors (Bishop and Nasrabadi, 2006; Dormann et al., 2013). Second, the number of predictors is large relative to

the number of observations, which increases the risk of overfitting. Ridge regression is an extension of linear regression where250

the cost function additionally features an l2-norm regularization term that penalizes large regression coefficients, controlled by

the regularization parameter λ(r). By shrinking the coefficients, the regularization limits the tendency of the model to fit noise

in the training data. The value of λ(r) determines the balance between model flexibility and regularization: small values allow

a more flexible model that may be prone to overfitting, whereas large values impose stronger regularization and can increase

model bias.255

It is important to emphasize that the regression captures statistical associations between the predictors and FLC cover rather

than direct causal links. The resulting sensitivity patterns should therefore be interpreted as indicators of the relative predictive

influence of the different drivers within the synoptic variability of the region.

The resulting sensitivity patterns are shown in Fig. A1 for the AN–ERA5 configuration, while a detailed discussion of these

patterns at higher spatial resolution is provided in Mass et al. (2026). Table A1 summarizes the spatial correlations between the260

sensitivities derived from the ERA5- and MERRA-2-based predictor sets, indicating good agreement across configurations.

Projected FLC cover anomalies are estimated by combining these sensitivities with ensemble-mean GCM changes in the pre-

dictors. Specifically, the projected FLC cover anomaly is calculated as the scalar product between the estimated sensitivities

and the projected predictor anomalies. This approach relies on the stationarity assumption that the relationships between FLC

cover and the controlling factors derived in the present-day climate remain valid under future climate conditions.265
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Figure A1. Sensitivities fields [% × standard deviation], for each predictor in the AN-ERA5 configuration: (a) estimated inversion strength

(EIS), (b) relative humidity at 700 hPa (R700), (c) sea surface temperature (SST), (d) 10 m eastward wind (U10), and (e) 10 m northward

wind (V10). The orange circle indicates the center of the AN region.

Table A1. Spatial correlations (Pearson’s r) between the sensitivity patterns derived from the ERA5 and MERRA-2 predictor sets.

predictor CN AN

EIS 0.77 0.69

R700 0.71 0.68

SST 0.96 0.95

U10 0.73 0.73

V10 0.67 0.67
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A4 Uncertainty

For each configuration, uncertainty in projections of FLC cover anomalies arises from ridge regression coefficient estimation,

referred to as statistical uncertainty, and from inter-model spread, referred to as GCM uncertainty.

To quantify GCM uncertainty, the trained ridge regression model is applied to each climate model, producing a set of pro-

jections across the CMIP6 ensemble. The GCM uncertainty is defined as the standard deviation of these projections across270

models, denoted as σgcm(t).

Statistical uncertainty is estimated using a moving block bootstrap (Lahiri, 2003). Autocorrelation analysis indicates that tem-

poral dependence is relevant at timescales shorter than 6 months. Therefore, a block length of 6 months is used to preserve

within-block dependence while treating blocks as approximately independent. A total of 500 bootstrap realizations are gener-

ated by resampling blocks with replacement. The statistical uncertainty is defined as the standard deviation across bootstrap275

realizations, denoted as σstat(t).

Assuming independence between both sources of uncertainty, the total uncertainty is computed as:

σtotal(t) =
√
σ2

stat(t)+σ2
gcm(t). (A1)

The relative contribution of each source is quantified using fractional contributions:

fstat(t) =
σ2

stat(t)

σ2
stat(t)+σ2

gcm(t)
, fgcm(t) =

σ2
gcm(t)

σ2
stat(t)+σ2

gcm(t)
. (A2)280

Changes in the fractional contributions over time, highlighting the relative importance of each uncertainty source across con-

figurations and scenarios, are shown in Fig. A2.
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Figure A2. Changes in the fractional contributions of statistical (fstat) and GCM (fgcm) uncertainty to the total variance of FLC cover

anomaly projections, evaluated at selected years (2015, 2050, 2100) for different configurations (AN-ERA5, AN-MERRA2, CN-ERA5, CN-

MERRA2) and scenarios (SSP126 and SSP585).

Code and data availability. ERA5 data were obtained from the Copernicus Climate Change Service via the Climate Data Store (https:

//cds.climate.copernicus.eu/). MERRA-2 data were provided by the Goddard Space Flight Center Distributed Active Archive Center (GSFC

DAAC; https://daac.gsfc.nasa.gov/). The following data collections were used: Global Modeling and Assimilation Office and Pawson285

(2015a, b, c). NOAA OI SST V2 High Resolution Dataset data were provided by the NOAA PSL, Boulder, Colorado, USA, from their web-

site at https://psl.noaa.gov. CMIP6 data are available through the Earth System Grid Federation (ESGF; https://esgf.github.io/index.html).

Satellite FLC data are available at https://radar.kit.edu/radar/de/dataset/pebssmnzn7n8czg5 (DOI: 10.35097/pebssmnzn7n8czg5). Code for

data processing is available from the corresponding author upon reasonable request.
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