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Abstract. Fog and low clouds (FLCs) are a key source of moisture for ecosystems in the Namib Desert, yet their variability

and underlying mechanisms remain poorly quantified. We investigate monthly FLC cover in two fog hotspots: the Angolan

Namib (15–17°S) and the Central Namib (22–24°S), using satellite-based observations from 2004 to 2019. Assuming that most

fog originates from advected marine low clouds, we apply a cloud-controlling factor framework in which FLC anomalies are

modeled as a linear function of spatial anomaly fields in estimated inversion strength (EIS), relative humidity at 700 hPa (R700),5

sea surface temperature (SST), and the eastward and northward components of the 10 m wind (U10 and V10). Sensitivities

of FLCs to these drivers are quantified using a statistical model. Results indicate positive sensitivities to coastal EIS, negative

sensitivities to R700, localized negative sensitivities to SST, and a strong influence of onshore circulation, consistent with an

advective origin of fog in the Namib region. The statistical models are then used to reconstruct historical FLC anomalies for

1982–2019 using reanalysis data. The reconstructions reveal near-zero trends resulting from opposing influences: increased10

atmospheric stability enhances FLCs, while SST warming counteracts this. Finally, the reconstructions are used to assess

interannual variability and its links to climate modes. Benguela Niño events, associated with tropical water intrusion and SST

warming, explain up to half of the interannual FLC variability in the Angolan Namib, with warmer SSTs reducing FLC cover.

El Niño conditions also enhance FLC occurrence, but their influence is much weaker.
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1 Introduction15

The Namib Desert, located along the southwestern coast of Africa, is considered the oldest desert on Earth, already semi-

arid around 55 million years ago and reaching extreme aridity between 10 and 7 million years ago (Huntley, 2023). Today, it

remains one of the driest places on Earth. Despite these hyper-arid conditions, it is home to a large number of plant and animal

species, several of which are endemic (Griffin, 1998; Juergens et al., 2013). The survival of most of these species relies on

the moisture supplied by fog (Louw and Holm, 1972; Seely and Henschel, 1998; Ebner et al., 2011; Warren-Rhodes et al.,20

2013; Wang et al., 2019). Additionally, fog can transport nutrients and pollutants (Weathers et al., 2020), which can influence

local biogeochemistry (Warren-Rhodes et al., 2013; Gottlieb et al., 2019). With climate projections indicating warmer and

drier conditions for Southern Africa (Maúre et al., 2018), fog may play an increasingly important role in maintaining regional

ecosystems under climate change.

In the region, several fog types can be identified. First, there is advection fog, which forms when moist air masses are trans-25

ported over a cool ocean surface (Gultepe et al., 2007). Advection fog is typically confined to a narrow coastal strip (Seely and

Henschel, 1998), and can depend on the spatial extent of cold-water upwelling (Olivier and Stockton, 1989). Further inland,

advected marine stratus clouds, which become fog when the cloud base intersects the surface (also called "high fog" in Seely

and Henschel (1998)), dominate. High fog is most frequent between September and March and extends up to 100 km inland

(Lancaster, 1984; Seely and Henschel, 1998; Andersen et al., 2019; Malik et al., 2026; Hipler et al., 2026). Both high fog and30

advection fog are generally regarded as being of marine and advective origin, but they differ in where saturation occurs and in

the atmospheric processes leading to surface fog. Analyses of stable isotopes in fog water samples (Kaseke et al., 2017, 2018)

have been interpreted as an indication for the presence of radiation fog, i.e., fog forming locally at the land surface due to

radiative cooling under clear-sky conditions (Gultepe et al., 2007). However, such radiation fog events are likely rare when

considering the Namib as a whole. Given the extensive research supporting the dominance of advective processes (Olivier35

and Stockton, 1989; Seely and Henschel, 1998; Andersen et al., 2019; Spirig et al., 2019; Andersen et al., 2020), this study

assumes that the majority of fog has an advective origin. As our satellite-based product cannot reliably distinguish between

coastal advection fog and inland high fog, and both are linked to marine advective processes, these are hereafter grouped and

referred to as fog and low clouds (FLCs).

Two regional fog hotspots in the Namib Desert are the Central Namib (CN; 22°S–24°S) and the Angolan Namib (AN; 15°S–40

17°S), as shown in Figure 1 (Andersen and Cermak, 2018; Andersen et al., 2019). Both regions feature a narrow coastal

plain that transitions to a central plateau in the CN and steeper mountains in the AN. However, these regions are associated

with different cells of the Benguela upwelling system (Nelson and Hutchings, 1983), and feature different peak seasons of

fog occurrence (Andersen et al., 2019). Upwelling is a key component of fog formation in the Namib Desert, as marine air

advected over cold upwelled water cools towards saturation (Olivier and Stockton, 1989). The AN region is located near the45

Cape Frio (18°S) upwelling cell, which exhibits a pronounced seasonal cycle, with strong upwelling of cold subsurface waters

during winter and spring. This seasonality is primarily driven by relaxation of the trade winds, resulting in the intrusion of

warm tropical waters during summer and a decrease in upwelling intensity. In contrast, the CN region lies downwind of the
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Lüderitz (26°S) upwelling cell, where upwelling is generally weaker than at Cape Frio during winter and spring but persists

throughout the year (Andrews and Hutchings, 1980; Hutchings et al., 2009). However, day-to-day fog variability in the CN has50

only been found to be weakly associated with upwelling at Lüderitz in austral autumn, likely because SST pattern effects are

more pronounced at longer time scales (Andersen et al., 2020). Additionally, teleconnections to El Niño-Southern Oscillation

(ENSO) have been suggested to enhance fog occurrence in the Central Namib during El Niño conditions, through increased

moisture advection associated with more frequent northwesterly winds (Li et al., 2025). However, this relationship is based

on observations from a single location and is mainly evident during the most recent decade of the record, motivating further55

investigation of ENSO-related FLC variability across the Namib desert.

Here, a cloud-controlling factor (CCF) framework (Klein et al., 2018) is applied to predict large-scale FLC anomalies in the

AN and the CN using anomalies of large-scale meteorology. We extend the traditional CCF framework to account for advection

patterns and non-local effects, i.e. the influence of conditions occurring outside the AN and CN regions themselves, such as

SST anomalies associated with upwelling cells located upwind of them, by using spatial predictor fields (Andersen et al., 2020;60

Ceppi and Nowack, 2021; Ceppi et al., 2026). The first goal of this study is to quantify the sensitivities of FLCs to selected

CCFs and assess whether these sensitivities point towards the advective nature of fog in the region. The hypothesis is that

the CCF sensitivities reveal known sensitivities of marine low clouds: a negative relationship to SSTs, a positive relationship

to coastal EIS, and an important role for onshore circulation. The second goal is to assess how regional and large-scale SST

variability influences interannual fluctuations of FLCs. The hypothesis is that regional SST variability is a primary control of65

interannual FLC variability.

2 Data and methods

2.1 Satellite-based FLC cover

A FLC cover metric is derived from the FLC detection algorithm created by Andersen and Cermak (2018). This algorithm

relies on data from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation70

(MSG) satellites. SEVIRI provides spatiotemporally continuous observations with a spatial resolution of 3 km at nadir and

a temporal resolution of 15 min (Schmetz et al., 2002). The FLC detection algorithm identifies FLCs consistently during all

times of day by combining infrared measurements with a set of threshold-based and image-analysis techniques. Validation

against nighttime surface net radiation measurements from the FogNet station network (Kaspar et al., 2015) in the central

Namib, which accurately capture the presence of low cloud, demonstrates good performance, with a probability of detection75

of 94%, a false-alarm rate of 12%, and an overall classification accuracy of 97% (Andersen and Cermak, 2018). It should be

noted, however, that this satellite-based method cannot on its own distinguish between fog and low stratus clouds, as it is not

straightforward from a satellite perspective to determine whether the cloud base is in contact with the surface. Cloud base

height can be estimated by combining the satellite product with additional near-surface relative humidity data (Malik et al.,

2026), but such an estimate is not required for our analysis, and fog and low clouds are therefore grouped together throughout.80

The algorithm outputs a binary field of FLC occurrence at 15-min temporal resolution for each spatial grid cell. From these
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Figure 1. Spatial distribution of sea surface temperatures and relative frequency of fog and low cloud (FLC) occurrence along the southwest-

ern African coast. SST [°C] is shown over the ocean in purple to yellow shades and FLC occurrence frequency [%] over land in blue shades,

giving an overview of both the upwelling regions and the areas of frequent fog occurrence. The two regions are outlined in red: Angolan

Namib (AN) and Central Namib (CN). The Cape Frio upwelling cell and the Lüderitz upwelling cell are marked with white circular arrows.

binary data, a daily, cell-based FLC cover metric is calculated as the relative occurrence frequency [%] for each cell, based on

a 24-hour period starting at 12:00 UTC. This definition accounts for the diurnal cycle of FLC occurrence, which typically has
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a minimum at 12:00 UTC, increases during the night, and peaks at 4–6 UTC (Andersen and Cermak, 2018). The advective

nature of FLCs leads to high occurrence at the coast that progressively decreases farther inland (see Fig. 1); to enhance the85

signal-to-noise ratio, the analysis is restricted to grid cells within 24 km of the coastline along the coastal plain, within the

latitudinal bounds of each region (AN: 15–17 ◦S; CN: 22–24 ◦S). The daily, cell-based FLC cover is first spatially averaged

over all valid grid cells within this domain, yielding a single daily regional value, which is then temporally averaged over each

calendar month to derive the monthly FLC cover time series for the AN and CN regions over the 2004–2019 period. This

monthly, domain-averaged FLC cover time series serves as the predictand in the statistical model (see Sect. 2.3).90

2.2 Cloud-controlling Factors

In this study, five cloud-controlling factors were selected as predictors for the statistical model (see Sect. 2.3). These factors

follow the convention of standard cloud-controlling-factor frameworks for low clouds (Klein et al., 2018; Scott et al., 2020;

Ceppi and Nowack, 2021; Andersen et al., 2022). The predictors used are the estimated inversion strength (EIS), relative

humidity at 700 hPa (R700), sea surface temperature (SST), and the eastward and northward components of the wind at 1095

m above the surface (U10 and V10, respectively). These variables represent key processes known to influence marine low

clouds. EIS characterizes the strength of the capping inversion and therefore influences the mixing of free-tropospheric and

boundary-layer air. R700 represents the humidity of the free troposphere above the cloud layer and can influence both cloud-top

radiative cooling and entrainment processes. SST affects boundary-layer stability and the thermodynamic contrast between the

ocean surface and the overlying air mass. Finally, U10 and V10 capture near-surface circulation, both the advection of FLCs100

toward the coast and inland, and boundary layer dynamics (Klein et al., 2018). Standard CCF frameworks typically use wind

speed instead, which captures surface fluxes and mixing but carries no directional information. Because the direction of the

flow is crucial for FLCs in the Namib Desert, the wind is decomposed into its eastward and northward components rather than

represented by speed alone. Subsidence was tested as an additional predictor but was excluded from the final set, as it did not

provide additional predictive information within our modelling framework. This does not imply that subsidence is physically105

unimportant for FLCs, but rather that it did not provide additional usable information for predicting FLC cover anomalies at

the spatial and temporal scales considered here. Horizontal temperature advection is indirectly represented through the spatial

SST fields and U10 and V10. Additionally, surface wind speed was decomposed into its U and V components to better capture

the onshore advection of FLCs. Finally, based on Mass et al. (2025), it was found that biomass burning aerosols (BBA) may

contribute to FLC persistence via semi-direct effects, but were found to be hard to separate from meteorological effects. As110

the analysis of Mass et al. (2025) suggests that semi-direct effects may be captured in the EIS fields already, we do not include

BBA, or other aerosols, as CCFs here.

Similarly to Scott et al. (2020), monthly sea surface temperature (SST) fields from the National Oceanic and Atmospheric

Administration (NOAA) Optimum Interpolation (OI) SST product, version 2 (Huang et al., 2021), were used. This dataset

provides spatially complete SST fields constructed by merging satellite, ship, and buoy observations. All other meteorological115

fields were obtained from the ERA5 (Hersbach et al., 2020) reanalysis in one configuration and from the MERRA-2 (Gelaro

et al., 2017) reanalysis in another. The EIS is computed based on the method developed by Wood and Bretherton (2006).
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NOAA OI SST and ERA5 have a horizontal resolution of 0.25° latitude × 0.25° longitude, whereas MERRA-2 has a resolution

of 0.5° latitude × 0.625° longitude. To ensure consistency across datasets, all variables were regridded to the MERRA-2 grid

via bilinear interpolation. Monthly averages for the period 1982–2019 were used for all datasets. Because the NOAA OI SST120

dataset begins in September 1981, starting in 1982 ensures a complete first year of data.

To reduce the dimensionality of the predictor set and to avoid relying on inland wind fields, which have been shown to not

accurately capture the diurnal cycle of the thermo-topographic winds (see Fig. B4 & B5), the R700, U10, and V10 fields were

masked over land, so that only oceanic grid points were retained as predictors for these three variables. This also ensures

consistency across all predictors, as they now share the same spatial extent.125

To analyze the influence of SST on the interannual variability of FLC cover, several ocean indices were calculated. The

Benguela Niño Index (BNI) was defined, following McPhaden et al. (2024), using the NOAA OI SST dataset as the area-

averaged SST anomaly over 10°S–20°S, 8°E–14°E. SST anomalies were calculated relative to the 1991–2020 climatology,

and a long-term linear trend of 0.33◦C ·decade−1 was removed from the resulting BNI time series. Similarly, the Lüderitz

Upwelling Cell Index (LUCI) was defined as the area-averaged, detrended, and deseasonalized SST anomalies over 24°S–28°S,130

12°E–15°E. Finally, consistent with Espinoza et al. (2024), the Oceanic Niño Index (ONI) was obtained from the National

Centers for Environmental Prediction (NCEP) for the period 1982–2019. The ONI represents 3-month running mean sea

surface temperature (SST) anomalies in the Niño 3.4 region (5°N–5°S, 120°W–170°W) (Glantz and Ramirez, 2020). The

relationship between the SST-based indices and the reconstructed FLC anomalies at different time lags is quantified using

lagged Pearson correlations. Prior to this analysis, all series are smoothed with a 3-month centred running mean, consistent135

with the definition of the ONI. For a lag of k months, the FLC anomaly series is correlated with the index series shifted k

months earlier, such that positive lags correspond to the index leading the FLC cover anomalies.

2.3 Statistical learning framework

In this study, a statistical learning analysis is developed to quantify the sensitivities of the key drivers (see Sect.2.2) controlling

FLC cover in the Namib Desert. The method builds on the cloud-controlling factors framework (Klein et al., 2018; Scott et al.,140

2020; Ceppi and Nowack, 2021; Andersen et al., 2023), in which the FLC cover anomalies over the AN or CN region r, denoted

dF (r), are modeled as a linear function of the anomalies of P relevant meteorological cloud-controlling factors dXi(r):

dF (r)≈
P∑
i=1

∂F (r)

∂Xi(r)
· dXi(r) =

P∑
i=1

ωi(r) · dXi(r), (1)

where ωi(r) represents the sensitivity of dF (r) to the i-th controlling factor anomaly.

Similar to Ceppi and Nowack (2021), this study moves beyond local grid-point-wise relationships between dF (r) and dXi(r)145

by averaging the FLC cover anomaly over the AN and CN regions and expressing it as a function of the controlling factor

anomalies within a 25◦ latitude × 15◦ longitude area (10◦S–35◦S, 5◦E–20◦E). This area was chosen to encompass the majority

of the synoptic-scale variability of the meteorological fields (Andersen et al., 2020), while remaining focused on the regions

of interest. This allows non-local effects (e.g., upwelling cells) and large-scale circulation to be accounted for, and allows

local SST anomalies to be related to FLCs over land. Because ridge regression is employed (see below), the results are not150
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particularly sensitive to domain size, provided it includes the relevant features. The spatial extent is therefore chosen to balance

capturing these features with keeping the domain small enough to avoid unnecessarily strong regularization.

The sensitivities ωi(r) are estimated using ridge regression (Hoerl and Kennard, 1970) by minimizing the corresponding cost

function:

Jridge(r,ω) =

T∑
t=1

(
Yt(r)−

P∑
i=1

ωi(r) · dXi,t(r)

)2

+λ(r)

P∑
i=1

∥ωi(r)∥2, (2)155

where P = 5 controlling factors and T = 186 months. Yt(r) is the predictand at time t, i.e., the FLC cover anomaly dF (r)

from Eq. (1) over the AN or CN region (denoted by r), while dXi,t(r) represents the anomalies of controlling factor i at time

t across the spatial domain, covering 25◦ latitude × 15◦ longitude.

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 high total number of predictors, 6,375 (corre-160

sponding to 5 controlling factors multiplied by the 51× 25 grid boxes), can lead to overfitting, i.e., low skill for out-of-sample

predictions. Ridge regression addresses these issues by including an l2-norm regularization term, which penalizes large values

of ωi(r)and is controlled by the regularization parameter λ(r). The tuning of the regularization parameter involves a trade-off

between a flexible model (low λ), which may be prone to overfitting, and a rigid model (high λ), which may suffer from higher

bias.165

It is important to note that the Ridge regression identifies statistical associations between the predictors and FLC cover rather

than direct causal relationships. While the resulting sensitivity patterns can point toward physical drivers, the model results are

interpreted as a measure of predictive importance within the given synoptic context.

In this study, two predictor sets are defined to enhance robustness: an ERA5-based set (EIS, R700, U10m, and V10m from

ERA5 combined with SST from NOAA OI) and a MERRA-2–based set (EIS, R700, U10m, and V10m from MERRA-2 com-170

bined with SST from NOAA OI). Each predictor set is applied to both the CN and AN regions, resulting in four configurations:

AN–ERA5, CN–ERA5, AN–MERRA-2, and CN–MERRA-2. For each configuration, the optimal λ(r) was determined via

tenfold cross-validation (Bishop and Nasrabadi, 2006) by testing 100 evenly spaced λ(r) values on a logarithmic scale be-

tween 2 and 4, evaluated with the coefficient of determination (R2) across validation sets. As a second step, a common λ(r)

was selected for all configurations to be as close as possible to their individual optima. Although this choice yields slightly175

sub-optimal λ(r) values, it ensures consistency and comparability of the derived sensitivities between the four configurations.

The regression was performed using sixfold cross-validation, with one fold (31 months) held out for testing and the remaining

five folds (155 months) used for training in each iteration. After the iterations, the test-fold predictions were stitched together

to reconstruct the full time series, and the regression coefficients were averaged over the six folds.

Both the predictand and predictors underwent the same preprocessing: deseasonalization relative to the 2004–2019 reference180

period to obtain anomalies, followed by the removal of a linear trend to ensure that the estimated sensitivities reflect the sys-

tem’s intrinsic month-to-month variability rather than externally forced trends. This reference period is set by the availability of

the satellite FLC record, and applying it to both predictand and predictors ensures they are defined consistently over the training

period. However, the residual autocorrelation remains in the deseasonalized, detrended monthly time series, concentrated near
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lags 10–12. It’s potentaly explained by the multi-month persistence in the large-scale climate drivers discussed in Section 3.3185

or to limitations of the fixed monthly climatology used for deseasonalizing. This may reduce the effective degrees of freedom

in subsequent significance tests. Additionally, the predictors were standardized to zero mean and unit standard deviation to en-

sure that the estimated sensitivities reflect their relative physical importance. The resulting sensitivities are expressed in units

of [%.σ−1].

The sensitivities ωi(r) obtained from Eq. 2 can now be used in Eq. 1 to reconstruct historical FLC cover anomalies, denoted190

as dFhist:

dFhist(r)≈
P∑
i=1

ωi(r) · dXi,hist(r), (3)

where dXi,hist are the anomalies of controlling factor i for the 1982–2019 period. As before, the controlling factors are

deseasonalized and standardized. However, no detrending is applied, as the long-term trend is of interest in this case. Trends

in the reconstructed FLC anomalies are estimated using ordinary least-squares linear regression. As a robustness check, a195

quadratic fit to the reconstructed FLC anomaly time series was also tested. The linear fit was preferred for AN, while a

quadratic model was slightly favored for CN. However, an improved statistical fit does not necessarily reflect a physically

meaningful change in the trend, and therefore the linear fit is retained throughout the manuscript for consistency. The historical

reconstruction relies on the stationarity of the sensitivities ωi(r): the relationships between FLC cover and the meteorological

controlling factors, derived during the 2004–2019 period, are assumed valid for the 1982–2019 period.200

3 Results and discussion

3.1 Sensitivities of the system

Figure 2 presents the sensitivities of monthly FLC cover anomalies to the key drivers in the ERA5 configuration for the CN re-

gion (CN-ERA5), quantifying how a one-standard-deviation increase in a given driver leads to either a decrease or an increase

in FLC cover anomalies.205

For EIS (Fig. 2a), a positive pattern is evident along the coastline, indicating that a strengthened inversion layer is positively

correlated with higher FLC cover. This is consistent with many studies showing that stronger inversions are associated with in-

creased marine low cloud cover (Myers and Norris, 2016; Scott et al., 2020; Ceppi and Nowack, 2021). This effect is attributed

to a shallower, more humid, and cloudier boundary layer resulting from reduced mixing (Bretherton et al., 2013).

For R700 (Fig. 2b), moderate but systematically negative sensitivities are evident around the CN region. Increased free-210

tropospheric humidity can reduce cloud-top radiative cooling, thereby decreasing the mixing of surface moisture with FLCs

(Christensen et al., 2013; Bretherton et al., 2013). At the same time, higher free-tropospheric humidity can reduce entrain-

ment drying, which moistens the boundary layer and enhances FLCs (Van der Dussen et al., 2015; Myers and Norris, 2016).

However, in situations with very shallow and strong inversion layers, as typically found in this region, the effect of reduced

cloud-top radiative cooling is likely dominant. This is consistent with Andersen et al. (2020), who found a significant free-215
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tropospheric dry anomaly over the coastal region where FLCs form on fog days in the CN.

In the SST sensitivity field (Fig. 2c) the most prominent feature is a region of strong, localized negative sensitivities between

approximately 25 and 28◦S where the Lüderitz upwelling cell is located (Siddiqui et al., 2023). This is in line with the current

understanding of the system, as FLCs in the region often form when warm and moist air masses travel over the cold upwelling

waters (Olivier and Stockton, 1989; Cermak, 2012; Spirig et al., 2019; Andersen et al., 2020). As this model is trained specif-220

ically for the CN region, it is expected that the nearby Lüderitz upwelling cell dominates the sensitivity field. Further south

upwind of the Lüderitz cell, sensitivities are positive and may reflect enhanced surface latent heat fluxes, increasing the mois-

ture content of the marine boundary layer. This pattern may be influenced by the Agulhas leakage, which transports warm

water from the Indian Ocean into the South Atlantic (Biastoch et al., 2024), locally warming the ocean surface and altering

SST gradients, thereby affecting atmospheric moisture fluxes. A similar pattern was found in Andersen et al. (2020).225

The U10 sensitivity field (Fig. 2d) exhibits a strong, localized positive pattern along the coastline. A positive U10 sensitivity

can be understood as a positive association between eastward winds and FLC cover, which indicates the onshore advection of

FLCs formed over the ocean, in agreement with Andersen et al. (2020).

Finally, for V10 (Fig. 2e), the sensitivities are weaker than those for U10, with negative values over the region itself and a

broader band of positive values farther south. This structure appears in all four configurations and shifts northward in the230

AN region (See Appendix A), like the other sensitivity patterns. The positive area lies upwind of the region, where stronger

southerly winds favour coastal upwelling and cooler SSTs, which in turn favour FLCs. The negative values over the region

itself are consistent with Andersen et al. (2020), who found less pronounced coast-parallel winds on fog days in the CN, asso-

ciated with synoptic-scale disturbances producing a northerly wind anomaly ahead of the trough that favours stratus formation

and onshore advection.235

The ridge-derived sensitivities exhibit several physically coherent patterns, as discussed above. However, some features, such

as the positive SST coefficients in the northern part of the region, are more difficult to interpret and may reflect statistical

artifacts or noise. Differences in model skill are also evident: the CN-ERA5 model presented here has a coefficient of deter-

mination of R2 = 0.30± 0.26 (mean ± std across the 6 cross-validation folds), while the AN-ERA5 (see Appendix A) model

achieves R2 = 0.38± 0.12. These R2 values are consistent with those reported in other cloud-controlling factor framework240

studies (Scott et al., 2020; Andersen et al., 2022). Compared with CN, the AN sensitivity patterns are systematically shifted

northward, toward the AN region: this applies to the EIS, R700, SST and wind sensitivities described above. In particular, for

SST sensitivities, the strongly negative signal associated with the Lüderitz upwelling cell in the CN-ERA5 configuration is less

pronounced in the AN-ERA5 configuration, while a broader region of negative sensitivities emerges farther north, centered on

the Cape Frio upwelling cell.245

To test the extent to which sensitivities depend on the choice of reanalysis data set used, the MERRA-2 reanalysis was em-

ployed instead of ERA5 for the meteorological drivers. The resulting CN-MERRA-2 (R2 = 0.31± 0.26) and AN-MERRA-2

(R2 = 0.36± 0.09) sensitivity fields (see Appendix A) exhibit some localized differences but overall show the same patterns

as the sensitivities of the ERA5 set. The spatial correlations (Pearson’s r) between the ERA5 and MERRA-2 sets for each

predictor are presented in table 1. The highest correlations are observed for SST, which is expected since the SST data in both250
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Figure 2. Sensitivities fields [% × standard deviation], for each predictor in the CN-ERA5 configuration: (a) estimated inversion strength,

(b) relative humidity at 700 hPa, (c) sea surface temperature, (d) 10 m eastward wind, and (e) 10 m northward wind. The blue circle indicates

the center of the CN region.

configurations are derived from NOAA OI.

While the AN model shows comparatively stable out-of-sample skill across folds, the CN model exhibits substantially greater

fold-to-fold variability in both the ERA5 and MERRA-2 configurations. Two of the six folds, covering July 2009 to August

2014, consistently show near-zero predictive skill regardless of the reanalysis product, coinciding with a period of reduced

variance in the observed CN FLC anomalies. The model’s absolute error in these folds does not decrease proportionally with255

the reduced target variability, suggesting a reduced ability to resolve lower-amplitude fluctuations in FLC cover, in addition to

the mechanical effect of reduced variance on R2.

Overall, these sensitivities are consistent with the guiding hypothesis: the positive sensitivities to coastal EIS, the localized but

10



Table 1. Spatial correlations (Pearson’s r) between the sensitivity patterns derived from the ERA5 and MERRA-2 predictor sets.

Predictor CN AN

EIS 0.84 0.82

R700 0.79 0.78

SST (NOAA OI) 0.96 0.94

U10 0.73 0.79

V10 0.88 0.83

negative sensitivities to SST, and the strong influence of the onshore circulation indicate that FLCs in the region are predomi-

nantly advective in nature.260

3.2 Historical reconstructions of Namib FLCs

The historical FLC cover reconstructions are shown in Figure 3 for the AN (Fig. 3a) and CN (Fig. 3b) regions, with the

ERA5 configuration in purple and the MERRA-2 configuration in green. Shaded areas indicate the observational period (see

Sect. 2.1). The reconstructions are obtained by applying the sensitivities estimated via ridge regression to the correspond-

ing controlling-factor anomalies (Eq. 3). The final reconstruction uses fold-averaged sensitivities, in which each month from265

2004–2019 contributes to the training data in all but one of the six cross-validation folds, making the resulting reconstruction

non-independent. A fully out-of-sample reconstruction can be obtained by combining the predictions from all test folds, yield-

ing correlations with the observations of r = 0.64 for AN-ERA5, r = 0.62 for AN-MERRA-2, r = 0.61 for CN-ERA5, and

r = 0.63 for CN-MERRA-2 (see Fig. B1). This approach, however, introduces a discontinuity at the start of the observational

period (2004). Using fold-averaged sensitivities ensures a continuous time series from 1982 to 2019, which allows the analysis270

of interannual variability and long-term trends. Averaging the monthly FLC cover anomalies to annual values slightly decreases

the correlation with observations (r = 0.66–0.68 monthly vs. r = 0.61–0.64 annual, across regions and reanalyses).

To better characterize these annual anomalies, we examine which months they are primarily associated with and whether they

reflect changes in the intensity of the fog season or shifts in its timing or duration. Using the satellite-observed FLC record

(2004–2019), we correlated each calendar month’s FLC anomaly with the annual mean anomaly across all years to identify275

which months’ variability is most closely linked to the overall annual signal (Fig. B2). In AN, significant positive correlations

occur in several months, with the strongest relationships found in June and July, when the fog season is still developing toward

its maximum. In contrast, August and September, despite having the highest climatological fog occurrence, show weaker re-

lationships with the annual anomaly. This indicates that AN annual anomalies are primarily associated with variability during

the early development of the fog season, potentially reflecting changes in the strength and/or timing of seasonal build-up rather280

than substantial changes in season duration. In CN, where fog occurs throughout the year with a weaker seasonal cycle, annual

anomalies are most strongly associated with variability outside the climatological peak season, particularly in January, March,

and April, while the peak period contributes comparatively little to interannual variability.
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The reconstructions in both regions show strong correlations between the ERA5 and MERRA-2 setups (r = 0.82 in AN and

r = 0.89 in CN). In the AN, both sets capture similar year-to-year fluctuations, including a peak in 1992 and a pronounced nega-285

tive anomaly in 1984. However, a noticeable bias exists between the two configuration in the AN: the ERA5 set is systematically

about 2% lower than the MERRA-2 set, producing opposite signs in the reconstructed trends (dashed lines: 0.24 % · decade−1

for ERA5 and −0.24 % ·decade−1 for MERRA-2). In contrast, in the CN, no consistent bias is observed, and both reconstruc-

tions are closer, yielding positive trends (0.27 % · decade−1 for ERA5 and 0.03 % · decade−1 for MERRA-2). However, these

trends are not statistically significant and therefore cannot be distinguished from near-zero trends. As expected, due to the290

non-independent data, both sets exhibit very similar behavior during the observation period. Overall, despite the presence of a

climate change signal over these 40 years, notably the warming of SSTs in this region (Tomety et al., 2024), the near-zero linear

trends across all reconstructions highlight the stability of the system. However, this contrasts with Li et al. (2025), where in-situ

fog water measurements show a decline in fog amount after 1996. These measurements are from Gobabeb, which, although

within the latitudinal band of the CN region, lies some 60 km inland and therefore outside the study domain, which is restricted295

to the coastal strip within 24 km of the coastline. No corresponding break point is found in the reconstructed FLC cover time

series, though the reconstruction carries substantial uncertainty. A change observed at Gobabeb, an inland site outside the study

domain, would not necessarily be expected to emerge in this regional-average coastal reconstruction. Their record is also not

a single continuous measurement, but a series assembled from successive fog collectors operating on different measurement

principles. The 1996 step coincides with one of these instrument transitions, which calls for care in interpreting the break point.300
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Figure 3. Historical reconstructions (1982–2019) of interannual FLC cover anomalies for AN (a) and CN (b). The ERA5 configuration is

shown with a solid brown line, and MERRA-2 with a solid green line, while the linear trends are indicated by dashed lines. The shaded area

highlights the observational period (2004–2019).
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To further investigate reasons behind the reconstructed FLC cover trends, the total reconstructions are decomposed into the

partial contributions of the individual predictors. The long-term linear trend contributions are then calculated and presented as

bar plots in Fig. 4, where "Total" represents the reconstructed trends from Fig. 3. This decomposition shows how much each

cloud-controlling factor contributes to the reconstructed trends, and whether their contributions reinforce or offset one another.

As seen in Figure 3, the total trends are not statistically significant. However, several CCFs have significant trend contributions,305

as indicated by the red stars. Note that the relative magnitude of each predictor’s contribution shown in Fig. 4 depends on the

ridge-regression sensitivities, which are estimated jointly across all predictors under the shared l2-norm regularization term

and are therefore shaped by the collinearity structure among predictors. Consequently, a difference between reanalyses in a

given predictor’s contribution should not, on its own, be taken as evidence of a difference in that variable’s underlying physical

importance.310

In addition, Fig. 5 presents the spatial trends of the predictors derived from the ERA5 and MERRA-2 reanalysis and the NOAA

OI SST dataset. Because the mean states are of interest here, the trends are derived directly from the raw reanalysis data, with-

out deseasonalization or the standard scaling applied in the statistical model. For this reason, these maps cannot be directly

linked to the coefficient maps shown in Figure 2. Difference maps are shown in Fig. B3 in Appendix B

For EIS, in both regions and for both configurations, positive trend contributions of around 0.2 % · decade−1 are observed315

(Fig. 4). Only CN-ERA5 and AN-MERRA-2 show a statistically significant trend contribution, whereas CN-MERRA-2, de-

spite a slightly larger trend contribution, is not significant (p = 0.1) due to higher variability in the EIS data. The EIS trends

(Fig. 5a,f) are in good agreement between ERA5 and MERRA-2, showing an increasing inversion strength along the Namibian

coastline. This enhanced atmospheric stability contributed to the increase in FLC cover anomalies in the CN.

For R700, only AN-MERRA-2 shows a significant trend of 0.23 %·decade−1 (Fig. 4). The R700 trends in Fig. 5b and 5g differ320

between ERA5 and MERRA-2: ERA5 shows a positive trend in the northern part of the ocean, whereas MERRA-2 exhibits a

strong negative trend. Despite these differences, in both reanalyses the AN is located in a region of negative trends, indicating

that a drier free troposphere contributes to the increase of FLC anomalies in the AN.

Changes in SST lead to relatively strong negative trend contributions in the AN for both configurations (Fig. 4), with a signifi-

cant trend of −0.51 % ·decade−1 for AN-MERRA-2, where local SST trends are most pronounced (see Fig. 5e). For CN, both325

configurations show small, non-significant negative trends.

As detailed in Section 2.2, the U10 and V10 fields were masked over land prior to their use as predictors. This choice is

supported by the comparison between the ERA5 and MERRA-2 wind fields: good agreement between the two reanalyses

is expected over the ocean, as the fields are relatively smooth there. Even when observational data are sparse, the flow is

predictable, allowing the reanalysis models to achieve high precision. Over land, however, complex topography introduces het-330

erogeneity, which can be further amplified by differences in model parameterizations. This pattern is consistent with previous

studies (Brune et al., 2021). To evaluate which reanalysis dataset better represents the observed conditions, we compared the

seasonally averaged diurnal wind direction cycle for 2016 from the FogNet station at Marble Koppie (22.97°S, 14.99°E) (Kas-

par et al., 2015) with the corresponding data from ERA5 and MERRA-2. Figures B4 and B5 in Appendix B shows that the two

reanalysis datasets are more similar to each other than to the observations, and do not adequately capture the seasonally and335
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diurnally varying strong thermo-topographic winds of the region (Lindesay and Tyson, 1990), but rather capture synoptically

forced wind variability well (Andersen et al., 2020; Hipler et al., 2026). Based on this comparison, we could not determine

which reanalysis dataset better represents the observed conditions in this region. This highlights the need for comparative stud-

ies of ERA5 and MERRA-2 in this region to better assess their performance. For this reason, and because oceanic wind fields

show much better agreement between the two reanalyses, we consider the masked (ocean-only) U10 and V10 fields to be more340

reliable predictors.

Finally, U10 and V10 lead to strong trend contributions (Fig. 4). Across three of the four configurations, a consistent pattern

emerges: U10 contributions are negative or near-zero, while V10 contributions are positive. This holds for AN-MERRA-2

(U10 =−0.52 % · decade−1, significant; V10 = 0.33 % · decade−1, significant), CN-MERRA-2 (U10 =−0.35 % · decade−1,

significant; V10 positive, non-significant), and AN-ERA5 (U10 near-zero, non-significant; V10 = 0.26 % · decade−1, sig-345

nificant). CN-ERA5 stands out as the exception, showing the opposite sign pattern: a significant positive U10 contribution

(0.34 % · decade−1) together with a negative, non-significant V10 contribution. This sign difference in CN-ERA5 can poten-

tially be explained by the U10 sensitivity field (Fig. 2d): a negative sensitivity area just north of the region along the coast,

transitioning sharply to a positive sensitivity closer to the region, is present in all four configurations (see Appendix A), but

this transition is sharper and more intense in CN-ERA5 than in the other three. Because U10 and V10 are correlated predictors,350

this distinct U10 pattern may also be linked to the corresponding difference in the V10 trend contribution for CN-ERA5.

Due to remaining discrepancies between the two reanalysis products over near-coastal ocean areas, the wind trend contribu-

tions should still be interpreted with some caution. However, for the other predictors, Figure 4 highlights a key feature of the

system: the near-zero trends in FLC cover in the historical reconstructions arise from a balance between opposing mechanisms.

On one side, increased atmospheric stability leads to an increase in FLC cover; on the other, SST warming drives a decrease.355

Whether this balance persists or is eventually disrupted under more extreme forcing remains a critical question for anticipating

the future evolution of FLCs in the region.

3.3 Influence of SST on interannual FLC variability

In the previous sections, the sensitivities obtained through the statistical learning framework are analyzed and subsequently

used to create historical reconstructions of FLC cover anomalies. The derived trends were found to be unreliable, notably360

because of discrepancies between ERA5 and MERRA-2, as well as a general lack of statistical significance in the estimated

trends. However, the reconstructed interannual FLC variability agrees relatively well with the observations. For this reason, we

detrend the reconstructions, which leads to a small increase in the correlations between the ERA5 and MERRA-2 setups in the

AN (r = 0.86 in AN and r = 0.90 in CN; not shown). These detrended reconstructions are then used to further examine the

influence of SSTs on interannual FLC variability. Figure 6 shows the detrended 3-month running mean FLC cover anomalies365

for the 1982–2019 period in the ERA5 configuration, compared with the Oceanic Niño Index (ONI), which characterizes ENSO

phases in the Pacific, for the AN (Fig. 6a) and CN (Fig. 6c) regions. The corresponding scatter plots (Fig. 6b, d) show that

warm and cool ENSO phases overlap substantially in FLC anomaly, consistent with the weak overall relationship. Figure 6e

displays the Pearson correlation coefficients as a function of monthly time lag, illustrating the effects of temporal delay. Peak
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Figure 4. Yearly FLC cover anomaly linear trend coefficients (1982–2019) showing the partial contribution of each cloud-controlling factor

to the total historical reconstruction. The AN region is shown in orange and the CN region in blue. ERA5 is represented by solid bars and

MERRA-2 by dashed bars. Red stars indicate statistically significant trends (p < 0.05).

correlations are observed at time lags of two months in the CN region and five months in the AN region. These maximum370

values (r = 0.24 for AN–ERA5 and r = 0.21 for CN–ERA5; r = 0.23 for AN–MERRA-2 and r = 0.21 for CN–MERRA-2;

see Fig. C1) are consistent with Rouault and Tomety (2022), who reported significant correlations between ENSO and Benguela

upwelling SST with lags of up to eight months. Importantly, they find opposite signs for the northern and southern Benguela:

in the northern Benguela, which broadly covers both of our study regions, El Niño is associated with an enhancement of

the upwelling-favorable trade winds and thus stronger upwelling and cooler coastal SST. Taking into account Fig. 6 and the375

findings of Rouault and Tomety (2022), ENSO appears to slightly enhance FLCs in the region, at least partially through its

effect on local winds.

Although ENSO influences FLCs in the region, a stronger impact from local SST variability can be anticipated, notably from

regional warming events known as Benguela Niño events. These events result from weakened trade winds, which promote the

intrusion of warm tropical waters from the north and reduce coastal upwelling (Florenchie et al., 2003, 2004; Rouault et al.,380

2018). In addition, equatorially generated Kelvin waves can propagate along the African coast, causing the thermocline to

deepen and surface waters to warm (Florenchie et al., 2003; Richter et al., 2010; Imbol Koungue et al., 2019). Rouault and

Tomety (2022) further report that La Niña conditions favour the development of Benguela Niños in Angola and Namibia,

providing a link between the two modes of variability. The Benguela Niño events are quantified, similarly to the ONI in the

Pacific, using the Benguela Niño Index (BNI) (Shannon et al., 1986), which represents detrended SST anomalies averaged385
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Figure 5. Spatial decadal trends over 1982–2019 for ERA5 (a–d) and MERRA-2 (f–i). Panels show EIS [K · decade−1] (a, f), R700

[% · decade−1] (b, g), U10 [m · s−1 ·decade−1] (c, h), V10 [m · s−1 ·decade−1] (d, i), and NOAA OI SST [K ·decade−1] (e). Arrows in

panels c, d, h, and i indicate wind speed and direction. The centers of the two study regions are marked by circles: Angolan Namib (AN) in

orange and Central Namib (CN) in blue.

over 10°S–20°S and 8°E–14°E. The BNI region coincides with one of the strongest SST gradients on the planet (Brandt et al.,

2024), spanning from the warm Angolan waters in the north to the cold upwelled Namibian waters in the south (see Fig. 1).

Because SSTs play a key role in the Namibian FLC system, a correlation between the BNI and FLC cover can reasonably be

expected. The BNI appears particularly suited for the AN region because it encompasses the Cape Frio upwelling cell, but it

does not include information from the Lüderitz upwelling cell, which is especially relevant for the CN. To address this, we390

define the Lüderitz Upwelling Cell Index (LUCI) in a manner similar to the BNI, but for the region 24°S–28°S, 12°E–15°E,

which encompasses this upwelling cell and has been identified by Siddiqui et al. (2023) as the Lüderitz upwelling region. BNI

and LUCI vary primarily on multi-month timescales. Major Benguela Niño events typically persist for six months or longer,

with some events lasting close to a full year (Shannon et al., 1986). The Lüderitz upwelling cell relevant to the LUCI index

persists year-round, with intensity generally weaker in winter and spring (Andrews and Hutchings, 1980; Hutchings et al.,395

2009). The robustness of the BNI and LUCI definitions to their exact spatial extent was assessed by testing the sensitivity of

their correlation with the respective reconstructions to shifts in the defining box location (Appendix C, Figure C3). BNI shows

stable correlation for small shifts, weakening only for large shifts, consistent with its broad, literature-defined extent within a

strong regional SST gradient. LUCI shows a slight increase in correlation for a northward shift. The Lüderitz cell itself is fixed

in location, but upwelling is not confined to it: the coastal upwelling band extending north towards the CN region also matters400
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Figure 6. Detrended 3-month running mean FLC cover anomalies compared with the Oceanic Niño Index (ONI) during 1982–2019 for: AN-

ERA5 (a) and CN-ERA5 (c). FLC anomalies are brown and ONI black, with warm (≥+0.5◦C) and cool (≤−0.5◦C) phases highlighted

in red and blue. (b, d) Corresponding scatter plots of FLC anomalies against the ONI, with points coloured by phase (red: warm; blue: cool;

grey: neutral) and the least-squares fit in black. (e) Pearson correlation coefficients (r) between lagged FLC anomalies and ONI as a function

of monthly lag for AN (orange) and CN (blue).

for FLC variability there, and a northward shift captures it. The increase therefore reflects the broader coastal upwelling signal

rather than a stronger Lüderitz-specific relationship.

Figure 7 shows the detrended 3-month running mean FLC cover anomalies for 1982—2019 in the ERA5 configuration, super-

posed with the BNI for the AN region (Fig. 7a) and with LUCI for the CN region (Fig. 7c). A strong negative correlation is ob-
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served between FLC cover anomalies and the BNI in the AN region, with a Pearson’s r =−0.66 (AN-MERRA-2: r =−0.68;405

see Fig. C2). Using the coefficients of determination (R2 = 0.44), it becomes apparent that the BNI explains nearly half of the

interannual FLC variability in the AN. For example, in 1984, the most prominent negative FLC anomaly in the AN appears to

have been largely driven by a particularly pronounced warm water intrusion, as captured by the BNI. In the CN, a moderate

negative correlation exists between FLC anomalies and LUCI. Although weaker than the FLC–BNI correlations in the AN,

LUCI is able to explain 20% (R2 = 0.20) of the interannual FLC variability in the CN. It is important to remember that these410

two indices, BNI and LUCI, are related to different mechanisms: BNI primarily reflects the intrusion of warm equatorial wa-

ters due to weakened trade winds, whereas LUCI is specifically designed to capture variability in the Lüderitz upwelling cell.

However, LUCI and BNI are not entirely independent: the intrusion of tropical warm waters probably also affects the LUCI

region. The AN region, being closer to the source is more strongly affected, whereas the warming is less intense by the time it

reaches the CN region.415

One important limitation should be noted when correlating the historical reconstructions with the BNI and LUCI indices.

The statistical model uses SST anomalies as predictors, and the BNI and LUCI indices represent SST anomalies over sub-

regions of this domain. We therefore computed the correlations between the BNI and LUCI indices and the observed FLC

anomalies over the corresponding subregions during 2004–2019. These correlations are lower than those obtained from the

model-predicted FLC cover, decreasing by approximately 20% for AN and 30% for CN (not shown). This decrease likely420

reflects the non-independence of the indices and predictors; however, the shorter observational period may also contribute

to the reduced correlations. Despite the decrease, the correlations remain statistically significant (p < 0.05) and indicate that

physically relevant relationships exist between regional SST anomalies and FLC cover.
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Figure 7. Detrended 3-month running mean FLC cover anomalies in the ERA5 setup during 1982–2019, compared with the Benguela Niño

Index (BNI) for the AN region (a) and the Lüderitz Upwelling Cell Index (LUCI) for the CN region (c). FLC anomalies are shown in

brown, and BNI/LUCI in black, with warm (≥+0.5 ◦C) and cool (≤−0.5 ◦C) phases highlighted in red and blue, respectively. (b, d)

Corresponding scatter plots of FLC anomalies against the respective index, with points coloured by phase (red: warm; blue: cool; grey:

neutral) and the least-squares fit in black.

4 Conclusions and outlook

Fog and low clouds are the main source of moisture sustaining ecosystems across the hyper-arid Namib, so identifying the425

mechanisms governing their variability matters for anticipating how this moisture supply may change under future climate

conditions. The main goals of this study were to explain and quantify the key large-scale meteorological factors controlling fog

and low clouds (FLC) in the Namib region, and to assess the relevance of SST pattern variability on interannual FLC cover.

We focused on two subregions characterized by most frequent FLC occurrence: the Angolan Namib and the Central Namib.

To achieve this, we applied a cloud-controlling factor analysis (Klein et al., 2018; Scott et al., 2020; Ceppi and Nowack, 2021;430

Andersen et al., 2023) using ridge regression to predict monthly FLC cover anomalies. The main findings of this study are:

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

and northward components of the 10-m wind (U10 and V10, respectively) were used as the five key factors controlling

FLC cover in the region. The derived model sensitivities quantify the large-scale meteorological mechanisms that lead to
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FLC occurrence in the Namib: a strong inversion along the coast underneath a dry free troposphere, onshore advection435

of the marine boundary layer air, and, in the case of the CN, pronounced upwelling at the Lüderitz upwelling cell.

These findings are consistent with prior studies (Olivier and Stockton, 1989; Seely and Henschel, 1998; Andersen et al.,

2019; Spirig et al., 2019; Formenti et al., 2019; Andersen et al., 2020), and the estimated sensitivities further support the

advective nature of FLCs in the Namib region, in agreement with our first guiding hypothesis.

2. The derived sensitivities were then used to reconstruct historical FLC cover anomalies for the period 1982–2019. These440

reconstructions show moderate agreement with observations, with correlation coefficients between r = 0.61 and r =

0.64 across all regions and reanalysis datasets. Trend analysis of the reconstructed FLC cover reveals near-zero trends,

resulting from opposing mechanisms: increased atmospheric stability that favors FLCs is counterbalanced by warming

sea surface temperatures, which tend to reduce FLCs.

3. Using two reanalysis datasets, ERA5 and MERRA-2, revealed discrepancies between them, largest in the near-surface445

wind fields. Both reanalyses further show a marked bias relative to station observations, where they resolve the persistent

southerly synoptic flow but not the region’s thermo-topographic circulation. This suggests a broader limitation of reanal-

ysis products in remote regions with pronounced thermo-topographic wind regimes, such as the Namib (Lindesay and

Tyson, 1990). Rather than resolving the diurnal thermo-topographic cycle itself, reanalyses appear to represent mainly

the synoptic variability. This highlights the need for comparative studies of the two reanalyses in the area.450

4. ENSO was found to have a weak influence on FLCs in the Namib, with El Niño conditions slightly enhancing FLC

cover at lags of two to five months. This is consistent with the lagged ENSO influence on Benguela upwelling reported

by Rouault and Tomety (2022). However, local SST dynamics are shown to be more important for FLCs in the Namib.

5. Benguela Niño warm SST anomalies, associated with the intrusion of tropical waters, explain nearly half (R2 = 0.44)

of the interannual FLC variability in the Angolan Namib region, while the Lüderitz upwelling cell accounts for 20%455

(R2 = 0.20) of the variability in the Central Namib region. This emphasizes the role of coastal upwelling and tropical

warm water intrusions as key drivers of fog variability along the southwestern African coast.

More broadly, this study shows that a cloud-controlling factor framework, developed for marine low clouds, can be applied to

a coastal fog system and yield physically interpretable sensitivities. Extending the analysis to spatial predictor fields is what

allows non-local influences such as upwelling cells upwind of the study regions to be captured. The resulting reconstruction460

extends the 16-year satellite record to nearly four decades, which is what makes the link between FLC variability and regional

climate modes accessible in the first place.

Future changes in coastal upwelling and tropical warm water intrusions in the BNI region have important implications for fog

response and may be key to producing robust estimates of fog in the Namib Desert. The framework developed here could be

applied to climate model output to test whether the compensation between increased atmospheric stability and SST warming465

identified in Sect. 3.2, which currently keeps the historical FLC trend near zero, persists under stronger future forcing or is

eventually disrupted.
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Appendix A: Sensitivities of Alternative configurations
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Figure A1. Sensitivities fields [% × standard deviation], for each predictor in the AN-ERA5 configuration: (a) estimated inversion strength,

(b) relative humidity at 700 hPa, (c) sea surface temperature, (d) 10 m eastward wind, and (e) 10 m northward wind. The orange circle

indicates the center of the AN region.
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Figure A2. Sensitivities fields [% × standard deviation], for each predictor in the AN-MERRA-2 configuration: (a) estimated inversion

strength, (b) relative humidity at 700 hPa, (c) sea surface temperature, (d) 10 m eastward wind, and (e) 10 m northward wind. The orange

circle indicates the center of the AN region.
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Figure A3. Sensitivities fields [% × standard deviation], for each predictor in the CN-MERRA-2 configuration: (a) estimated inversion

strength, (b) relative humidity at 700 hPa, (c) sea surface temperature, (d) 10 m eastward wind, and (e) 10 m northward wind. The blue circle

indicates the center of the CN region.

23



Appendix B: ERA5 and MERRA-2 comparisons
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Figure B1. Comparison of observed annual FLC anomalies against the fully out-of-sample prediction (ŷ, red) and the fold-averaged recon-

struction used in Fig. 3 (blue), for each region and reanalysis. The fold-averaged reconstruction is not independent of the observations and

correlates more closely with them than the genuinely out-of-sample prediction, illustrating why Fig. 3 does not overlay observations directly.
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Figure B2. Based on the satellite-observed FLC record (2004–2019). (a, b) Average monthly cycle of FLC cover for AN and CN. (c, d)

Correlation (r) between each month’s FLC anomaly and the annual mean anomaly, for AN and CN; blue bars indicate p < 0.05.
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Figure B3. Spatial decadal trend differences between ERA5 and MERRA-2 (∆=ERA5−MERRA− 2) over 1982–2019 for (a) ∆EIS,

(b) ∆R700, (c) ∆U10, and (d) ∆V 10. The centers of the two study regions are marked by circles: Angolan Namib (AN) in orange and

Central Namib (CN) in blue.
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Figure B4. Seasonally averaged diurnal wind direction cycle for 2016 (red: DJF; blue: JJA; orange: MAM; green: SON). Shaded areas

indicate the interquartile range (25th–75th percentile) for each hour. Top row: (a) FogNet station (Marble Koppie: 23.024◦S, 14.463◦E), (b)

ERA5 (nearest grid cell), (c) MERRA-2 (nearest grid cell). Bottom row: (d–f) as in (a–c), for MAM and SON.
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Figure B5. Wind roses showing the joint distribution of wind direction and speed for the FogNet station (Marble Koppie), ERA5, and

MERRA-2, separated by season (rows: DJF, MAM, JJA, SON) for 2016. Bars indicate the frequency of occurrence (%) for each wind

direction sector, colored by wind speed bin (m/s).
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Appendix C: ONI/BNI/LUCI Correlations for the MERRA-2 configuration470
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Figure C1. Detrended 3-month running mean FLC cover anomalies compared with the Oceanic Niño Index (ONI) during 1982–2019 for:

AN-MERRA-2 (a) and CN-MERRA-2 (c). FLC anomalies are green and ONI black, with warm (≥+0.5◦C) and cool (≤−0.5◦C) phases

highlighted in red and blue. (b, d) Corresponding scatter plots of FLC anomalies against the ONI, with points coloured by phase (red: warm;

blue: cool; grey: neutral) and the least-squares fit in black. (e) Pearson correlation coefficients (r) between lagged FLC anomalies and ONI

as a function of monthly lag for AN (orange) and CN (blue).
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Figure C2. Detrended 3-month running mean FLC cover anomalies in the MERRA-2 setup during 1982–2019, compared with the Benguela

Niño Index (BNI) for the AN region (a) and the Lüderitz Upwelling Cell Index (LUCI) for the CN region (c). FLC anomalies are shown

in green, and BNI/LUCI in black, with warm (≥+0.5 ◦C) and cool (≤−0.5 ◦C) phases highlighted in red and blue, respectively. (b, d)

Corresponding scatter plots of FLC anomalies against the respective index, with points coloured by phase (red: warm; blue: cool; grey:

neutral) and the least-squares fit in black.
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31



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 Pawson

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

website at https://psl.noaa.gov. Satellite FLC data are available at 10.35097/pebssmnzn7n8czg5 (Mass et al., 2026b). Code for data process-475

ing is available at 10.5281/zenodo.21630065 (Mass et al., 2026a).

Author contributions. AM, HA and JC had the idea for the analysis. AM obtained and analyzed the data sets, conducted the original research,

and wrote the manuscript. HA and JC contributed to article preparation and the interpretation of findings.

Competing interests. Hendrik Andersen is guest editor for the inter-journal (ACP/AMT/AR/ESSD) Special Issue “Aerosol, fog, climate, and

biogeochemistry in southern Africa”. The remaining authors declare that they have no conflicts of interests.480

Acknowledgements. Funding for this study was provided by Deutsche Forschungsgemeinschaft (DFG) in the project Namib Fog Life Cycle

Analysis - Aerosols and Climate (NaFoLi[CA]2), project number 462604610. We thank Paquita Zuidema, Anja Van Der Plas and Roland

Vogt for discussion and ideas which improved the study. We are also grateful to the editor, Matthew Christensen, and the four anonymous

reviewers for their careful and constructive feedback, which has helped improve the manuscript.

32

https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
https://daac.gsfc.nasa.gov/
https://psl.noaa.gov


References485

Andersen, H. and Cermak, J.: First fully diurnal fog and low cloud satellite detection reveals life cycle in the Namib, Atmospheric Measure-

ment Techniques, 11, 5461–5470, https://doi.org/10.5194/amt-11-5461-2018, 2018.

Andersen, H., Cermak, J., Solodovnik, I., Lelli, L., and Vogt, R.: Spatiotemporal dynamics of fog and low clouds in the Namib unveiled with

ground- and space-based observations, Atmospheric Chemistry and Physics, 19, 4383–4392, https://doi.org/10.5194/acp-19-4383-2019,

2019.490

Andersen, H., Cermak, J., Fuchs, J., Knippertz, P., Gaetani, M., Quinting, J., Sippel, S., and Vogt, R.: Synoptic-scale controls of fog and low-

cloud variability in the Namib Desert, Atmospheric Chemistry and Physics, 20, 3415–3438, https://doi.org/10.5194/acp-20-3415-2020,

2020.

Andersen, H., Cermak, J., Zipfel, L., and Myers, T. A.: Attribution of observed recent decrease in low clouds over the Northeastern Pacific

to cloud-controlling factors, Geophysical Research Letters, 49, e2021GL096 498, https://doi.org/10.1029/2021GL096498, 2022.495

Andersen, H., Cermak, J., Douglas, A., Myers, T. A., Nowack, P., Stier, P., Wall, C. J., and Wilson Kemsley, S.: Sensitivities of cloud

radiative effects to large-scale meteorology and aerosols from global observations, Atmospheric Chemistry and Physics, 23, 10 775–

10 794, https://doi.org/10.5194/acp-23-10775-2023, 2023.

Andrews, W. and Hutchings, L.: Upwelling in the Southern Benguela Current, Progress in Oceanography, 9, 1–81,

https://doi.org/https://doi.org/10.1016/0079-6611(80)90015-4, 1980.500

Biastoch, A., Rühs, S., Ivanciu, I., Schwarzkopf, F. U., Veitch, J., Reason, C., Zorita, E., Tim, N., Hünicke, B., Vafeidis, A. T., Santamaria-

Aguilar, S., Kupfer, S., and Soltau, F.: The Agulhas Current System as an Important Driver for Oceanic and Terrestrial Climate, pp.

191–220, Springer International Publishing, Cham, ISBN 978-3-031-10948-5, https://doi.org/10.1007/978-3-031-10948-5_8, 2024.

Bishop, C. M. and Nasrabadi, N. M.: Pattern recognition and machine learning, vol. 4, Springer, 2006.

Brandt, P., Bordbar, M. H., Coelho, P., Koungue, R. A. I., Körner, M., Lamont, T., Lübbecke, J. F., Mohrholz, V., Prigent, A., Roch,505

M., et al.: Physical drivers of Southwest African coastal upwelling and its response to climate variability and change, in: Sustainabil-

ity of southern African ecosystems under global change: Science for management and policy interventions, pp. 221–257, Springer,

https://doi.org/10.1007/978-3-031-10948-5_9, 2024.

Bretherton, C. S., Blossey, P. N., and Jones, C. R.: Mechanisms of marine low cloud sensitivity to idealized climate pertur-

bations: A single-LES exploration extending the CGILS cases, Journal of Advances in Modeling Earth Systems, 5, 316–337,510

https://doi.org/10.1002/jame.20019, 2013.

Brune, S., Keller, J. D., and Wahl, S.: Evaluation of wind speed estimates in reanalyses for wind energy applications, Advances in Science

and Research, 18, 115–126, https://doi.org/10.5194/asr-18-115-2021, 2021.

Ceppi, P. and Nowack, P.: Observational evidence that cloud feedback amplifies global warming, Proceedings of the National Academy of

Sciences, 118, e2026290 118, https://doi.org/10.1073/pnas.2026290118, 2021.515

Ceppi, P., Wilson Kemsley, S., Andersen, H., Andrews, T., Kramer, R. J., Nowack, P., Wall, C. J., and Zelinka, M. D.: Emerging low-cloud

feedback and adjustment in global satellite observations, Atmospheric Chemistry and Physics, 26, 4153–4171, https://doi.org/10.5194/acp-

26-4153-2026, 2026.

Cermak, J.: Low clouds and fog along the South-Western African coast—Satellite-based retrieval and spatial patterns, Atmospheric Research,

116, 15–21, https://doi.org/10.1016/j.atmosres.2011.02.012, 2012.520

33

https://doi.org/10.5194/amt-11-5461-2018
https://doi.org/10.5194/acp-19-4383-2019
https://doi.org/10.5194/acp-20-3415-2020
https://doi.org/10.1029/2021GL096498
https://doi.org/10.5194/acp-23-10775-2023
https://doi.org/https://doi.org/10.1016/0079-6611(80)90015-4
https://doi.org/10.1007/978-3-031-10948-5_8
https://doi.org/10.1007/978-3-031-10948-5_9
https://doi.org/10.1002/jame.20019
https://doi.org/10.5194/asr-18-115-2021
https://doi.org/10.1073/pnas.2026290118
https://doi.org/10.5194/acp-26-4153-2026
https://doi.org/10.5194/acp-26-4153-2026
https://doi.org/10.5194/acp-26-4153-2026
https://doi.org/10.1016/j.atmosres.2011.02.012


Christensen, M. W., Carrió, G. G., Stephens, G. L., and Cotton, W. R.: Radiative Impacts of Free-Tropospheric Clouds on the Properties of

Marine Stratocumulus, Journal of the Atmospheric Sciences, 70, 3102 – 3118, https://doi.org/10.1175/JAS-D-12-0287.1, 2013.

Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Marquéz, J. R. G., Gruber, B., Lafourcade, B., Leitão, P. J.,

et al.: Collinearity: a review of methods to deal with it and a simulation study evaluating their performance, Ecography, 36, 27–46,

https://doi.org/10.1111/j.1600-0587.2012.07348.x, 2013.525

Ebner, M., Miranda, T., and Roth-Nebelsick, A.: Efficient fog harvesting by Stipagrostis sabulicola (Namib dune bushman grass), Journal of

arid environments, 75, 524–531, https://doi.org/10.1016/j.jaridenv.2011.01.004, 2011.

Espinoza, V., Lobos-Roco, F., and del Río, C.: Synoptic control of the spatiotemporal variability of fog and

low clouds under ENSO phenomena along the Chilean coast (17°-36° S), Atmospheric Research, 308, 107 533,

https://doi.org/https://doi.org/10.1016/j.atmosres.2024.107533, 2024.530

Florenchie, P., Lutjeharms, J. R., Reason, C., Masson, S., and Rouault, M.: The source of Benguela Niños in the south Atlantic Ocean,

Geophysical Research Letters, 30, https://doi.org/10.1029/2003GL017172, 2003.

Florenchie, P., Reason, C., Lutjeharms, J., Rouault, M., Roy, C., and Masson, S.: Evolution of interannual warm and cold events in the

southeast Atlantic Ocean, Journal of Climate, 17, 2318–2334, https://doi.org/10.1175/1520-0442(2004)017<2318:EOIWAC>2.0.CO;2,

2004.535

Formenti, P., D’Anna, B., Flamant, C., Mallet, M., Piketh, S. J., Schepanski, K., Waquet, F., Auriol, F., Brogniez, G., Burnet, F., Chaboureau,

J.-P., Chauvigné, A., Chazette, P., Denjean, C., Desboeufs, K., Doussin, J.-F., Elguindi, N., Feuerstein, S., Gaetani, M., Giorio, C., Klopper,

D., Mallet, M. D., Nabat, P., Monod, A., Solmon, F., Namwoonde, A., Chikwililwa, C., Mushi, R., Welton, E. J., and Holben., B.: The

aerosols, radiation and clouds in southern Africa field campaign in Namibia: Overview, illustrative observations, and way forward, Bulletin

of the American Meteorological Society, 100, 1277–1298, https://doi.org/10.1175/BAMS-D-17-0278.1, 2019.540

Gelaro, R., McCarty, W., Suárez, M. J., Todling, R., Molod, A., Takacs, L., Randles, C. A., Darmenov, A., Bosilovich, M. G., Reichle, R.,

Wargan, K., Coy, L., Cullather, R., Draper, C., Akella, S., Buchard, V., Conaty, A., da Silva, A. M., Gu, W., Kim, G.-K., Koster, R.,

Lucchesi, R., Merkova, D., Nielsen, J. E., Partyka, G., Pawson, S., Putman, W., Rienecker, M., Schubert, S. D., Sienkiewicz, M., and

Zhao, B.: The Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2), Journal of Climate, 30, 5419 –

5454, https://doi.org/10.1175/JCLI-D-16-0758.1, 2017.545

Glantz, M. H. and Ramirez, I. J.: Reviewing the Oceanic Niño Index (ONI) to enhance societal readiness for El Niño’s impacts, International

Journal of Disaster Risk Science, 11, 394–403, https://doi.org/https://doi.org/10.1007/s13753-020-00275-w, 2020.

Global Modeling and Assimilation Office and Pawson, S.: MERRA-2 instM_3d_ana_Np: 3d, Monthly Mean, Instantaneous, Pressure-Level,

Analysis, Analyzed Meteorological Fields V5.12.4, https://doi.org/10.5067/V92O8XZ30XBI, accessed: 2026-02-17, 2015a.

Global Modeling and Assimilation Office and Pawson, S.: MERRA-2 instM_2d_asm_Nx: 2d, Monthly Mean, Single-Level, Assimilation,550

Single-Level Diagnostics V5.12.4, https://doi.org/10.5067/5ESKGQTZG7FO, accessed: 2026-02-17, 2015b.

Global Modeling and Assimilation Office and Pawson, S.: MERRA-2 inst1_2d_asm_Nx: 2d, 3-Hourly, Instantaneous, Single-Level, Assim-

ilation, Single-Level Diagnostics V5.12.4, https://doi.org/10.5067/3Z173KIE2TPD, accessed: 2026-02-17, 2015c.

Gottlieb, T. R., Eckardt, F. D., Venter, Z. S., and Cramer, M. D.: The contribution of fog to water and nutrient supply to Arthraerua leubnitziae

in the central Namib Desert, Namibia, Journal of Arid Environments, 161, 35–46, https://doi.org/10.1016/j.jaridenv.2018.11.002, 2019.555

Griffin, M.: The species diversity, distributionand conservation of Namibian mammals, Biodiversity & Conservation, 7, 483–494,

https://doi.org/10.1023/A:1008875511827, 1998.

34

https://doi.org/10.1175/JAS-D-12-0287.1
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.1016/j.jaridenv.2011.01.004
https://doi.org/https://doi.org/10.1016/j.atmosres.2024.107533
https://doi.org/10.1029/2003GL017172
https://doi.org/10.1175/1520-0442(2004)017%3C2318:EOIWAC%3E2.0.CO;2
https://doi.org/10.1175/BAMS-D-17-0278.1
https://doi.org/10.1175/JCLI-D-16-0758.1
https://doi.org/https://doi.org/10.1007/s13753-020-00275-w
https://doi.org/10.5067/V92O8XZ30XBI
https://doi.org/10.5067/5ESKGQTZG7FO
https://doi.org/10.5067/3Z173KIE2TPD
https://doi.org/10.1016/j.jaridenv.2018.11.002
https://doi.org/10.1023/A:1008875511827


Gultepe, I., Tardif, R., Michaelides, S. C., Cermak, J., Bott, A., Bendix, J., Müller, M. D., Pagowski, M., Hansen, B., Ellrod,

G., et al.: Fog research: A review of past achievements and future perspectives, Pure and applied geophysics, 164, 1121–1159,

https://doi.org/10.1007/s00024-007-0211-x, 2007.560

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Muñoz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers, D., Sim-

mons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., De Chiara, G., Dahlgren,

P., Dee, D., Diamantakis, M., Dragani, R., Flemming, J., Forbes, R., Fuentes, M., Geer, A., Haimberger, L., Healy, S., Hogan, R. J.,

Hólm, E., Janisková, M., Keeley, S., Laloyaux, P., Lopez, P., Lupu, C., Radnoti, G., de Rosnay, P., Rozum, I., Vamborg, F., Vil-

laume, S., and Thépaut, J.-N.: The ERA5 global reanalysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999–2049,565

https://doi.org/10.1002/qj.3803, 2020.

Hipler, V., Andersen, H., Spirig, R., Vogt, R., Piketh, S., Adler, B., and Cermak, J.: Synoptic and regional-scale meteorological controls of

stratus altitude in the Namib Desert, EGUsphere, pp. 1–22, https://doi.org/10.5194/egusphere-2025-5816, 2026.

Hoerl, A. E. and Kennard, R. W.: Ridge regression: Biased estimation for nonorthogonal problems, Technometrics, 12, 55–67,

https://doi.org/10.1080/00401706.1970.10488634, 1970.570

Huang, B., Liu, C., Banzon, V., Freeman, E., Graham, G., Hankins, B., Smith, T., and Zhang, H.-M.: Improvements of the daily optimum in-

terpolation sea surface temperature (DOISST) version 2.1, Journal of Climate, 34, 2923–2939, https://doi.org/10.1175/JCLI-D-20-0166.1,

2021.

Huntley, B. J.: The Namib Desert Biome, pp. 361–382, Springer International Publishing, Cham, ISBN 978-3-031-18923-4,

https://doi.org/10.1007/978-3-031-18923-4_16, 2023.575

Hutchings, L., van der Lingen, C., Shannon, L., Crawford, R., Verheye, H., Bartholomae, C., van der Plas, A., Louw, D., Kreiner, A.,

Ostrowski, M., Fidel, Q., Barlow, R., Lamont, T., Coetzee, J., Shillington, F., Veitch, J., Currie, J., and Monteiro, P.: The Benguela Current:

An ecosystem of four components, Progress in Oceanography, 83, 15–32, https://doi.org/https://doi.org/10.1016/j.pocean.2009.07.046,

eastern Boundary Upwelling Ecosystems: Integrative and Comparative Approaches, 2009.

Imbol Koungue, R. A., Rouault, M., Illig, S., Brandt, P., and Jouanno, J.: Benguela Niños and Benguela Niñas in forced ocean simulation580

from 1958 to 2015, Journal of Geophysical Research: Oceans, 124, 5923–5951, https://doi.org/10.1029/2019JC015013, 2019.

Juergens, N., Oldeland, J., Hachfeld, B., Erb, E., and Schultz, C.: Ecology and spatial patterns of large-scale vegetation units within the

central Namib Desert, Journal of Arid Environments, 93, 59–79, https://doi.org/https://doi.org/10.1016/j.jaridenv.2012.09.009, 2013.

Kaseke, K. F., Wang, L., and Seely, M. K.: Nonrainfall water origins and formation mechanisms, Science Advances, 3, e1603 131,

https://doi.org/10.1126/sciadv.1603131, 2017.585

Kaseke, K. F., Tian, C., Wang, L., Seely, M., Vogt, R., Wassenaar, T., and Mushi, R.: Fog spatial distributions over the Central Namib

Desert-an isotope approach, Aerosol and Air Quality Research, 18, 49–61, https://doi.org/10.4209/aaqr.2017.01.0062, 2018.

Kaspar, F., Helmschrot, J., Mhanda, A., Butale, M., De Clercq, W., Kanyanga, J., Neto, F., Kruger, S., Castro Matsheka, M., Muche, G., et al.:

The SASSCAL contribution to climate observation, climate data management and data rescue in Southern Africa, Advances in science

and research, 12, 171–177, https://doi.org/10.5194/asr-12-171-2015, 2015.590

Klein, S. A., Hall, A., Norris, J. R., and Pincus, R.: Low-cloud feedbacks from cloud-controlling factors: A review, Surveys in Geophysics,

pp. 135–157, https://doi.org/10.1007/s10712-017-9433-3, 2018.

Lancaster, J., L. N. . S. M.: Climate of the central Namib Desert, Madoqua, 1984, 5–61,

https://doi.org/https://hdl.handle.net/10520/AJA10115498_484, 1984.

35

https://doi.org/10.1007/s00024-007-0211-x
https://doi.org/10.1002/qj.3803
https://doi.org/10.5194/egusphere-2025-5816
https://doi.org/10.1080/00401706.1970.10488634
https://doi.org/10.1175/JCLI-D-20-0166.1
https://doi.org/10.1007/978-3-031-18923-4_16
https://doi.org/https://doi.org/10.1016/j.pocean.2009.07.046
https://doi.org/10.1029/2019JC015013
https://doi.org/https://doi.org/10.1016/j.jaridenv.2012.09.009
https://doi.org/10.1126/sciadv.1603131
https://doi.org/10.4209/aaqr.2017.01.0062
https://doi.org/10.5194/asr-12-171-2015
https://doi.org/10.1007/s10712-017-9433-3
https://doi.org/https://hdl.handle.net/10520/AJA10115498_484


Li, Y., Wang, L., Diersing, C. J., Qiao, N., Liu, Y., Maggs-Kölling, G., and Marais, E.: El Niño intensified fog formation in the Namib Desert,595

Earth’s Future, 13, e2024EF005 725, https://doi.org/10.1029/2024EF005725, 2025.

Lindesay, J. A. and Tyson, P. D.: Thermo-topographically induced boundary layer oscillations over the central Namib, southern Africa,

International Journal of Climatology, 10, 63–77, https://doi.org/10.1002/joc.3370100108, 1990.

Louw, G. N. and Holm, E.: Physiological, morphological and behavioural adaptations of the ultrapsammophilous, Namib Desert lizard

Aporosaura anchietae (Bocage), Madoqua, 1, 67–85, 1972.600

Malik, D., Andersen, H., Cermak, J., Vogt, R., and Adler, B.: Cloud base height determines fog occurrence patterns in the Namib Desert,

Atmospheric Chemistry and Physics, 26, 681–701, https://doi.org/10.5194/acp-26-681-2026, 2026.

Mass, A., Andersen, H., Cermak, J., Formenti, P., Pauli, E., and Quinting, J.: A satellite-based analysis of semi-direct effects of

biomass burning aerosols on fog and low-cloud dissipation in the Namib Desert, Atmospheric Chemistry and Physics, 25, 491–510,

https://doi.org/10.5194/acp-25-491-2025, 2025.605

Mass, A., Andersen, H., and Cermak, J.: Code for: "Coastal upwelling and tropical warm water intrusions are key drivers of interannual fog

variability along the southwestern African coast", https://doi.org/10.5281/zenodo.21630065, 2026a.

Mass, A., Andersen, H., and Cermak, J.: Satellite-based fog and low stratus monthly cover in the Angolan Namib and Central Namib,

https://doi.org/10.35097/pebssmnzn7n8czg5, 2026b.

Maúre, G., Pinto, I., Ndebele-Murisa, M., Muthige, M., Lennard, C., Nikulin, G., Dosio, A., and Meque, A.: The southern African climate610

under 1.5 C and 2 C of global warming as simulated by CORDEX regional climate models, Environmental Research Letters, 13, 065 002,

https://doi.org/10.1088/1748-9326/aab190, 2018.

McPhaden, M. J., Jarugula, S., Aroucha, L. C., and Lübbecke, J. F.: Indian Ocean Dipole intensifies Benguela Niño through Congo River

discharge, Communications Earth & Environment, 5, 779, https://doi.org/10.1038/s43247-024-01955-x, 2024.

Myers, T. A. and Norris, J. R.: Reducing the uncertainty in subtropical cloud feedback, Geophysical Research Letters, 43, 2144–2148,615

https://doi.org/10.1002/2015GL067416, 2016.

Nelson, G. and Hutchings, L.: The Benguela upwelling area, Progress in Oceanography, 12, 333–356,

https://doi.org/https://doi.org/10.1016/0079-6611(83)90013-7, 1983.

Olivier, J. and Stockton, P.: The influence of upwelling extent upon fog incidence at Lüderitz, southern Africa, International Journal of

Climatology, 9, 69–75, https://doi.org/10.1002/joc.3370090106, 1989.620

Richter, I., Behera, S. K., Masumoto, Y., Taguchi, B., Komori, N., and Yamagata, T.: On the triggering of Benguela Niños: Remote equatorial

versus local influences, Geophysical Research Letters, 37, https://doi.org/10.1029/2010GL044461, 2010.

Rouault, M. and Tomety, F.: Impact of El Niño–Southern oscillation on the Benguela upwelling, Journal of Physical Oceanography, 52,

2573–2587, https://doi.org/10.1175/JPO-D-21-0219.1, 2022.

Rouault, M., Illig, S., Lübbecke, J., and Koungue, R. A. I.: Origin, development and demise of the 2010–2011 Benguela Niño, Journal of Ma-625

rine Systems, 188, 39–48, https://doi.org/https://doi.org/10.1016/j.jmarsys.2017.07.007, benguela: Opportunity, Challenge and Change,

2018.

Schmetz, J., Pili, P., Tjemkes, S., Just, D., Kerkmann, J., Rota, S., and Ratier, A.: An introduction to Meteosat second generation (MSG),

Bulletin of the American Meteorological Society, 83, 977–992, https://doi.org/10.1175/1520-0477(2002)083<0977:AITMSG>2.3.CO;2,

2002.630

36

https://doi.org/10.1029/2024EF005725
https://doi.org/10.1002/joc.3370100108
https://doi.org/10.5194/acp-26-681-2026
https://doi.org/10.5194/acp-25-491-2025
https://doi.org/10.5281/zenodo.21630065
https://doi.org/10.35097/pebssmnzn7n8czg5
https://doi.org/10.1088/1748-9326/aab190
https://doi.org/10.1038/s43247-024-01955-x
https://doi.org/10.1002/2015GL067416
https://doi.org/https://doi.org/10.1016/0079-6611(83)90013-7
https://doi.org/10.1002/joc.3370090106
https://doi.org/10.1029/2010GL044461
https://doi.org/10.1175/JPO-D-21-0219.1
https://doi.org/https://doi.org/10.1016/j.jmarsys.2017.07.007
https://doi.org/10.1175/1520-0477(2002)083%3C0977:AITMSG%3E2.3.CO;2


Scott, R. C., Myers, T. A., Norris, J. R., Zelinka, M. D., Klein, S. A., Sun, M., and Doelling, D. R.: Observed Sensitivity of Low-Cloud Radia-

tive Effects to Meteorological Perturbations over the Global Oceans, Journal of Climate, 33, 7717 – 7734, https://doi.org/10.1175/JCLI-

D-19-1028.1, 2020.

Seely, M. K. and Henschel, J. R.: The climatology of Namib fog, in: Proceedings of the First International Conference on Fog and Fog

Collection, pp. 353–356, 1998.635

Shannon, L., Boyd, A., Brundrit, G., and Taunton-Clark, J.: On the existence of an EI Niño-type phenomenon in the Benguela System,

Journal of Marine Research, 44, 495–520, https://elischolar.library.yale.edu/journal_of_marine_research/1826, 1986.

Siddiqui, C., Rixen, T., Lahajnar, N., Van der Plas, A. K., Louw, D. C., Lamont, T., and Pillay, K.: Regional and global impact of CO2 uptake

in the Benguela Upwelling System through preformed nutrients, Nature Communications, 14, 2582, https://doi.org/10.1038/s41467-023-

38208-y, 2023.640

Spirig, R., Vogt, R., Larsen, J. A., Feigenwinter, C., Wicki, A., Franceschi, J., Parlow, E., Adler, B., Kalthoff, N., Cermak, J., Andersen, H.,

Fuchs, J., Bott, A., Hacker, M., Wagner, N., Maggs-Kölling, G., Wassenaar, T., and Seely, M.: Probing the fog life cycles in the Namib

Desert, Bulletin of the American Meteorological Society, 100, 2491–2507, https://doi.org/10.1175/BAMS-D-18-0142.1, 2019.

Tomety, F. S., Illig, S., Ostrowski, M., Awo, F. M., Bachèlery, M.-L., Keenlyside, N., and Rouault, M.: Long-term climatological trends

driving the recent warming along the Angolan and Namibian coasts, Climate Dynamics, 62, 7763–7782, https://doi.org/10.1007/s00382-645

024-07305-z, 2024.

Van der Dussen, J., De Roode, S., Dal Gesso, S., and Siebesma, A.: An LES model study of the influence of the free tropospheric thermody-

namic conditions on the stratocumulus response to a climate perturbation, Journal of Advances in Modeling Earth Systems, 7, 670–691,

https://doi.org/10.1002/2014MS000380, 2015.

Wang, L., Kaseke, K. F., Ravi, S., Jiao, W., Mushi, R., Shuuya, T., and Maggs-Kölling, G.: Convergent vegetation fog and dew water use in650

the Namib Desert, Ecohydrology, 12, e2130, https://doi.org/10.1002/eco.2130, 2019.

Warren-Rhodes, K. A., McKay, C. P., Boyle, L. N., Wing, M. R., Kiekebusch, E. M., Cowan, D. A., Stomeo, F., Pointing, S. B., Kaseke,

K. F., Eckardt, F., Henschel, J. R., Anisfeld, A., Seely, M., and Rhodes., K. L.: Physical ecology of hypolithic communities in the cen-

tral Namib Desert: the role of fog, rain, rock habitat, and light, Journal of Geophysical Research: Biogeosciences, 118, 1451–1460,

https://doi.org/10.1002/jgrg.20117, 2013.655

Weathers, K. C., Ponette-González, A. G., and Dawson, T. E.: Medium, vector, and connector: Fog and the maintenance of ecosystems,

Ecosystems, 23, 217–229, https://doi.org/10.1007/s10021-019-00388-4, 2020.

Wood, R. and Bretherton, C. S.: On the relationship between stratiform low cloud cover and lower-tropospheric stability, Journal of climate,

19, 6425–6432, https://doi.org/10.1175/JCLI3988.1, 2006.

37

https://doi.org/10.1175/JCLI-D-19-1028.1
https://doi.org/10.1175/JCLI-D-19-1028.1
https://doi.org/10.1175/JCLI-D-19-1028.1
https://elischolar.library.yale.edu/journal_of_marine_research/1826
https://doi.org/10.1038/s41467-023-38208-y
https://doi.org/10.1038/s41467-023-38208-y
https://doi.org/10.1038/s41467-023-38208-y
https://doi.org/10.1175/BAMS-D-18-0142.1
https://doi.org/10.1007/s00382-024-07305-z
https://doi.org/10.1007/s00382-024-07305-z
https://doi.org/10.1007/s00382-024-07305-z
https://doi.org/10.1002/2014MS000380
https://doi.org/10.1002/eco.2130
https://doi.org/10.1002/jgrg.20117
https://doi.org/10.1007/s10021-019-00388-4
https://doi.org/10.1175/JCLI3988.1

