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range of Land–atmosphere coupling strengths (Lawrence 
and Slingo 2005). Changes in local physical processes, such 
as soil moisture-atmosphere interactions, have been iden-
tified as driving factors of climate variability and change 
(Seneviratne et al. 2006; Vidale et al. 2007). Soil moisture 
(SM) is one of the most important sources of atmospheric 
predictability (Guo and Dirmeyer 2013), as antecedent SM 
significantly influences the onset, duration, and intensity 
of extreme events (e.g., floods, droughts, and heat waves) 
(Lorenz et al. 2010; Alexander 2010; Seneviratne et al. 
2010; Quesada et al., 2012; Ho-Hagemann et al. 2015). SM 
is also key to the impact of the Land–atmosphere coupling 
on climate through the limitation of evapotranspiration (ET) 
(Seneviratne et al. 2010).

A comprehensive evaluation of a region’s hydrologi-
cal and water cycles requires the integration of surface 
soil moisture (SSM) and root-zone soil moisture (RZSM) 
data. These two land surface variables are fundamental to 

1  Introduction

In recent decades, Land–atmosphere interactions have 
received increasing attention (e.g. Koster et al. 2004; Wei 
and Dirmeyer 2010; Liu et al. 2014), revealing an impressive 
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Abstract
The present study uses 41 years of ERA5 and MERRA2 reanalysis data to assess Soil moisture-Evapotranspiration Interac-
tions (SEIs) and the contribution of surface solar radiation (SSR) to evapotranspiration (ET) variability in Central Africa 
(CA). The study area is clustered using the k-means method, and the nature and strength of changes in ET induced by soil 
moisture (SM) and SSR are assessed. A comparative evaluation of the performance of MERRA2 and ERA5 in represent-
ing SEIs is also made. The results indicate that transitional areas (wet and dry areas) show a strong significant control of 
SM on ET, while very wet areas show a weak but almost significant sensitivity of ET to changes in both SM and SSR. 
MERRA2 shows an extreme sensitivity of ET to changes in SM, resulting in a failure to capture the competitive controls 
on ET exerted by surface versus root zone SM during wet and dry seasons, particularly in dry and very dry soil regimes. 
The two reanalysis datasets reveal a possible interaction between SM and SSR in very wet area, which could impact SEIs. 
A rapid drying process, accompanied by a hydrometeorological regime transition, may be currently underway in the CA 
region. The most significant and strongest transition seems to be occurring in very wet area. The seasonal meridional 
migration of the strong response of ET to changes in SM is associated with a switch in the control of ET between SM 
and SSR. The switch in control depends on soil water content, cloud cover and land cover. When considering the surface 
versus the root zone soil layer, a shared control of ET can be observed.
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regulating the hydrological cycle (Peng et al., 2021; Sriv-
astava et al., 2013). SSM—which supplies water for direct 
evaporation (Jaksa and Sridhar, 2015)—plays a pivotal role 
in enhancing the understanding, modelling and prediction of 
climate-related processes. In contrast, RZSM—representing 
the water accessible to vegetation roots—is indispensable 
for practical applications such as irrigation planning and 
drought assessment (Jaksa and Sridhar, 2015; Sadri et al., 
2020). This consideration is particularly salient in densely 
forested regions such as Central Africa (CA), where plant 
transpiration, predominantly sustained by root-zone water 
uptake, constitutes a significant source of atmospheric 
moisture. Moreover, within the context of global warm-
ing, the projected increase in atmospheric water vapour is 
generally associated with increased ET over land—despite 
notable regional disparities—which may subsequently lead 
to declining SM levels (IPCC AR6 WGI Report, Chapter 8; 
Douville et al. 2021). ET is also recognised as a crucial pro-
cess for examining the feedback mechanisms between SM 
content and precipitation dynamics (e.g. Liu et al. 2014). 
Notably, regions with high levels of surface and root-zone 
SM, such as CA, have been identified as falling within an 
energy-limited ET regime, where radiation and energy avail-
ability rather than SM itself primarily constrain ET (Koster 
et al. 2004; Guo and Dirmeyer 2013).

The understanding of the surface energy balance and 
the coupling with land surface water involves considering 
the interaction between SM content (SSM and RZSM) and 
ET. ET represents the energy transferred from the land to 
the atmosphere. It is also the main pathway by which water 
moves from the ground to the atmosphere. According to 
Dirmeyer et al. (2000) and Entekhabi et al. (1996), SM is 
the main driver of the land surface water and energy balance 
coupling. Thus, changes in total evaporation reflect changes 
in the flux of moisture at the Land–atmosphere interface, 
which is another important aspect of the Land–atmosphere 
coupling. Therefore, characterisation of the ET regime is 
concerned with determining how strongly the SSM and 
RZSM constrain land ET and the resulting feedback to the 
atmosphere (Haghighi et al. 2018).

In CA, a region where more than 20% of precipitable 
water comes from local ET (Pokam et al. 2012; Dyer et al. 
2017), extreme and unpredictable rainfall events are becom-
ing increasingly common. The strong flow of moisture 
from ET highlights the role of Soil moisture-Evapotrans-
piration Interactions (SEIs) in the occurrence and intensity 
of extreme events in CA, and may be highly sensitive to 
local land surface processes. Deng et al. (2020) identified 
a significant proportion of CA as having experienced a 
substantial decrease in soil moisture levels between 1979 
and 2017. This drying trend intensified between 2001 and 
2017 and has been linked to accelerated changes in land 

use and land cover across CA, particularly between 2010 
and 2020 (Nahayo et al. 2023). Together, these observations 
reflect rapid changes in SEIs, suggesting an acceleration in 
regional climate change. Furthermore, the projected reduc-
tion in total wet-day rainfall in CA (Fotso-Nguemo et al. 
2019) strengthens the likelihood of a connection between 
SEI changes and the supply of atmospheric moisture. Given 
that soil moisture—especially in the root zone—governs 
plant water uptake for transpiration, its decline may serve as 
a precursor to drought, thereby threatening regional water 
availability (Sridhar et al., 2008).

Despite its ecological importance, CA has received rela-
tively limited attention in efforts to understand SEIs. Most 
studies that have addressed SEIs have been conducted at 
global or continental scales (Koster et al. 2004; Mwanthi 
et al. 2023), but these may not capture the region’s unique 
dynamics. These studies have demonstrated the strong 
dependence of model results on their initial parameterisation 
(Mwanthi et al. 2023), highlighting the non-transferability 
of initial SM conditions across models (Koster et al. 2004). 
Furthermore, the ability of these models to accurately rep-
resent the complex climate of CA remains controversial, as 
none of these studies have included a regional assessment of 
the mechanisms likely to influence the ability of SM anoma-
lies to induce changes in ET anomalies. Creese and Wash-
ington (2016, 2018) assessed the performance of regional 
and global models simulating CA climate, emphasising the 
need for improved representation of physical processes. 
Consequently, the role of SSM and RZSM in modulating 
the partitioning of incoming radiation into sensible and 
latent heat—ultimately shaping temperature and humidity 
in the lower atmosphere—remains an open question in this 
region.

This study presents a multi-year evaluation of the strength 
and nature of SEIs in CA. The primary objective is to exam-
ine the role of SM—both SSM and RZSM—in driving the 
variability of ET. Additionally, we investigate the local 
drivers of spatio-temporal variability of ET based on an 
assessment of possible interactions between SSR and SSM/
RZSM, which may induce changes in ET rates. Throughout 
this analysis, particular emphasis is placed on soil moisture 
types in relation to the amount of water available for ET 
across the region. With this in mind, our ultimate goal is to 
identify the underlying mechanisms of SEIs specific to each 
soil moisture type. Achieving these objectives will allow 
us to address the following questions: To what extent does 
SM drive the spatiotemporal variability of ET in CA? What 
role does SSR play in shaping this variability? The defini-
tion of the regional mechanisms of ET, taking into account 
the influence of these key components of Land–atmosphere 
feedback, can inform model development and evaluation.
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The scarcity of observational data in CA has increased 
over the past three decades (e.g., Washington et al. 2013; 
Asefi-Najafabady and Saatchi 2013; Zhou et al. 2014; Nich-
olson et al. 2018). As a proxy, the global gridded reanalysis 
products are widely used to understand the regional climate 
and its response to large-scale disturbances. Two of these 
reanalysis datasets will be used in this study. We compare 
the ability of MERRA2 and ERA5 to satisfactorily repro-
duce energy transfer at the Land–atmosphere interface.

This study is structured as follows: a presentation of the 
data and methods used in Sect. 2, followed by the presenta-
tion and discussion of the results (Sect. 3), and a conclusion 
summarising the main findings and implications of the study 
(Sect. 4). Section 3 includes the analysis of the nature and 
strength of SEIs within each soil moisture type (Sect. 3.1), 
the investigation of the temporal evolution of land surface 
and atmospheric parameters involved in SEIs (Sect.  3.2), 
and the combined influence of evergreen forest and cloud 
cover on complex SEIs (Sect.  3.3). The study concludes 
with an assessment of the controls of changes in SM and 
SSR on wet and dry season ET variability (Sect. 3.4).

2  Data and methods

2.1  Data

This work compares the ability of multiple reanalysis data-
sets to satisfactorily capture the SEIs using monthly data 
from two reanalyses from 1980 to 2020. While both datasets 
use data assimilation techniques to provide improved esti-
mations by optimally integrating land surface models, they 
have different strengths.

The first reanalysis dataset, ERA5-Land, is provided 
by the Copernicus Climate Change Service (C3S) of the 
European Centre for Medium-Range Weather Forecasts 
(ECMWF). It offers high-resolution land surface data with 
a spatial resolution of 0.1° × 0.1°, enabling detailed analy-
sis of continental water and energy fluxes. ERA5-Land is a 
refined version of the fifth generation European ReAnaly-
sis (ERA5) global dataset, with an improved resolution of 
about 9  km that provides finer insights into land surface 
variability (Muñoz-Sabater et al. 2021).

The second reanalysis dataset used is MERRA-2, pro-
duced by the National Aeronautics and Space Administra-
tion (NASA) Global Modelling and Assimilation Office 
(GMAO). It provides monthly mean two-dimensional land 
surface data, a valuable resource for examining Land–atmo-
sphere interactions (Gelaro et al. 2017).

Along with these two datasets, the 2012–2020 daily 
high-resolution Level 3 (L3) descending soil moisture 
data (V001) with 0.25° grid resolution generated by the 

Advanced Microwave Scanning Radiometer 2 (AMSR2) 
using the Land Parameter Retrieval Model (LPRM) algo-
rithm (Kachi et al. 2013; Yao et al. 2021; Xing et al. 2021) 
are also included in this study as a reference. By using 
microwave radiation, the AMSR2 satellite instruments pro-
vide data independent of the visible and infrared observa-
tions used by MERRA2 and ERA5. In a cloudy region like 
CA, this is very valuable for cross-validation and availabil-
ity of data regardless of cloud cover.

SSM provided by MERRA2 and AMRS2 is the mois-
ture content measured in the 0–5 cm soil layer, while that 
from ERA5-Land is measured in the 0–7 cm soil layer. The 
moisture content at the depths of 0–7 (θ7cm), 7–28 (θ28cm), 
and 28–100 cm (θ100cm) was used to compute the weighted 
average of the 0–100  cm RZSM from ERA5-Land using 
the following definition from Xing et al. (2021), which is 
derived from that of González-Zamora et al. (2016):

θrzsm = 0.07 ∗ θ7cm + 0.2 ∗ θ28cm + 0.72 ∗ θ100cm.� (1)

MERRA2 provides RZSM directly at a depth of 0–100 cm.
Table 1 provides a detailed list of all the variables that we 

used in this study.

2.2  Methods

2.2.1  Clustering methods

Our study focuses on Central Africa: 15° S–15° N and 7° 
E–35° E. CA has shown spatial heterogeneity in the variabil-
ity of precipitation (e.g., Dezfuli 2017; Camberlin et al. 2019), 
and temperature (e.g., Aloysius et al. 2016; Fotso-Nguemo et 
al. 2017) and evaporation (e.g., Crowhurst et al. 2021; Worden 
et al. 2021). In this context, climate regionalisation appears to 
be a valuable tool for partitioning such heterogeneous regions 
into homogeneous subregions based on single or multiple 
climatic variables. We perform a clustering of our study area 
using the K-means method applied to the evaporative fraction 
(EF), which is calculated using the definition of Santenello et 
al. (2011). The EF classifies soil conditions from dry to freely 
evaporating surfaces, with values ranging from 0 to 1 (San-
tanello et al. 2011). As a key indicator of energy partitioning 
at the Land–atmosphere interface, the EF is valuable for esti-
mating ET (Liu et al. 2020). Consequently, clustering the study 
area based on EF prior to assessing SEIs enhances the accuracy 
of our analysis of the dependence of ET variability to spatio-
temporal changes in land surface variables such as SSR, SSM 
and RZSM.

K-means clustering is a non-hierarchical, unsupervised 
machine learning algorithm used to partition data points into 
a pre-defined number (K) of clusters based to their proximity 
to cluster centroids (Wilks 2011). Its ability to identify patterns 
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Any data points falling outside the confidence interval were 
considered unreliable and excluded during filtering. Therefore, 
the filtering criteria were defined to remove all values outside 
this interval.

In addition to the bootstrap approach, a two-tailed Student’s 
t-test was used to evaluate the statistical significance of the cor-
relation coefficients and both the terrestrial and atmospheric 
coupling indices. Based on t-statistics, the likelihood that the 
observed associations occur by chance was determined using 
p-values. A 95% confidence level was used for this analysis. 
As with the bootstrap method, a filtering criterion was applied 
to the results. The same t-test procedure was also implemented 
in the trend analysis.

3  Results and discussion

3.1  Nature and strength of soil moisture-
evapotranspiration interactions

3.1.1  Seasonal mean spatial patterns of soil moisture types

The significant seasonal difference in ET rates observed in 
the Congo Basin (CB) (Crowhurst et al. 2021; Worden et al. 
2021, 2024) implies a seasonal consideration in the cluster-
ing of our study area. Therefore, in order to best describe 
and represent the mean seasonal variation in the nature and 
strength of SEIs, and to further investigate the seasonal 
effects of SM content on this interaction, k-means clustering 
is applied to the EF from MERRA2 and ERA5 for each sea-
son. Using both the elbow diagram and the silhouette score, 

without prior labeling makes it particularly suitable for region-
alization using climate data. By applying K-means to the EF, 
we identified distinct zones within the study area—hereafter 
referred to as soil moisture types—based on the availability of 
soil water to support ET. Each cluster delineates a homogeneous 
region, which is ideal for examining indirect Land–atmosphere 
coupling processes through the assessment of SEIs.

To address the seasonal variability of CA’s climate, cluster-
ing was performed on the seasonal mean EF across the four 
standard seasons. This enabled the spatial partitioning of EF 
into clusters representing similar seasonal SM availability for 
sustaining ET. The optimal number of clusters was determined 
using both the Silhouette score (Rousseeuw 1987) and the 
Elbow method (Thorndike 1953).

2.2.2  Statistical tools and significance

Composite methods were employed in this study to examine 
the variability in ET rates caused by changes in SM. To assess 
statistical significance, the bootstrap algorithm (Efron 1979; 
1982) was applied to composite ET anomalies for years with 
positive, negative and neutral SM conditions. This algorithm 
is based on a random sampling method (Varian, 2005). In this 
study, the resampling procedure was performed with replace-
ment using Monte Carlo simulations. The mean test statistic 
was calculated for each replicate and the resulting values were 
used to determine the upper and lower 95% confidence bounds. 
These bounds were defined by the 2.5th and 97.5th percentiles 
across all bootstrap replicates. The observed ET anomalies 
were then filtered using these confidence bounds, representing 
the expected range of statistical variability due to sampling. 

Dataset Variables Spatial 
resolution
(lon x lat)

Temporal 
resolution

Period

ERA5-Land Total evaporation;
Soil water content layer 1, 2 and 3;
Surface net solar radiation;
2 m temperature;
Total precipitation;
Total cloud cover;
Leaf area index;
Surface latent heat flux;
Surface sensible heat flux

0.1° × 0.1 Monthly 1980–
2020

MERRA2-Land Total evaporation;
Surface soil moisture;
Root zone soil moisture;
Surface net solar radiation;
2 m temperature;
Total precipitation;
Total cloud cover;
Leaf area index;
Surface latent heat flux; Surface sensible 
heat flux

0.625° × 0.5° Monthly 1980–
2020

‍AMSR2 Level 3 (L3) descending soil moisture data 
(V001)

0.25° × 0.25° Daily 2012–
2020

Table 1  Summary of the vari-
ables used in this study
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3.1.2  Seasonal variation in direction and magnitude of soil 
moisture-evapotranspiration interactions

To assess the direction and strength of the SEIs, correlation 
analysis (Lou et al. 2022) is used to examine the relation-
ships between ET, SM and SSR. Seasonal mean correlation 
coefficients are calculated for each soil moisture type for 
MERRA2 and ERA5. The cluster spatial means and stan-
dard deviations are shown in Fig.  2. While both datasets 
show positive correlations between ET and SSM/RZSM, 
ET and SSR exhibit positive and negative correlations (see 
Fig. 2a–d and m–q). However, the strength of the correla-
tion and the standard deviation vary greatly across soil 
moisture types.

In the very wet area, ET shows weak positive correlations 
(r < 0.5) with SM and SSR across all seasons (see Fig. 2a 
and m). Similarly, both datasets also display weak values for 
the terrestrial and atmospheric coupling indexes (TCI and 
ACI; Dirmeyer 2011) (see Fig. 2j–k and v–w). The standard 
deviations are high, with ERA5 displaying more disper-
sion than MERRA2. Generally, both datasets show stronger 
correlations between ET and SSM/RZSM than with SSR, 
except for ERA5 in DJF (see Fig.  2a). This suggests that 
SSM and RZSM may influence ET more than SSR. How-
ever, given comparable coefficient of determination (r2) 
values between ET–SSM/RZSM and ET–SSR (Fig. 2e and 
q), SM and SSR may concurrently influence ET variabil-
ity. Nevertheless, as all r2 values are below 50%, less than 
half of ET variability is explained by any single factor. This 
indicates that SEIs in this area are likely to be positive but 
weak according to Zhang et al. (2008). In contrast, in wet 
area, ET shows strong, positive correlations with SSM and 
RZSM across all seasons, with low standard deviations (see 
Fig. 2b and n). Conversely, the correlations between ET and 
SSR are weaker, negative and exhibit greater dispersion. 

agreement was found on an optimal number of four clusters 
between the two reanalyses.

Figure  1 shows the spatial distribution of the seasonal 
mean EF, clustered into four soil moisture types based on 
the amount of moisture available for ET: very wet, wet, 
dry, and very dry soils. The four soil moisture types show 
a zonal distribution that undergoes a meridional migra-
tion throughout the four seasons. The two reanalyses agree 
that of the four soil moisture types, the very wet area is the 
largest in CA. This soil moisture type, located on average 
between 3°N and 14°S, migrates northwards from DJF (Fig. 
1a and e) to JJA (Fig. 1c and g), followed by a southward 
shift in SON (Fig. 1d and h). This northward shift is accom-
panied by a marked reduction in the spatial extent of very 
wet area, with its northernmost location in JJA correspond-
ing to the maximum spatial extent of dry soils. The observed 
meridional migration of the very wet soil zone across CA 
is consistent with the seasonal march of the rain belt over 
Africa described by Nicholson (2018), and may indicate the 
positive feedback between SM and precipitation (Sun and 
Wang 2012).

Considering DJF and MAM seasons, the southern part 
of CA (15°S-5°N) experiences a wet soil regime (e.g., very 
wet and wet areas), consistent with the finding of Mwanthi 
et al. (2023), and the northern part (5°N-15°N) experiences 
a dry soil regime (e.g., dry and very dry areas). During JJA 
and SON seasons, dry soil regimes are observed both north 
and south of the wet soil regime. As a result, the spatial 
seasonal pattern of wet, dry and very dry soils appears to 
depend on the seasonal migration of very wet soils across 
the region. The overall heterogeneity of CA in terms of the 
spatial seasonal distribution of SM available for ET may 
lead to different responses of ET to changes in SM in differ-
ent sub-regions.

Fig. 1  K-means clustering of the 
seasonal average spatial distribu-
tion of the four soil moisture types 
(very wet soil, wet soil, dry soil, 
and very dry soil) using the evapo-
rative fraction from ERA5 (a, b, 
c, and d) and MERRA2 (e, f, g, 
and h) over the period 1980–2020 
in CA
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SSM during wet seasons (MAM and SON) and to RZSM 
during dry seasons (DJF and JJA). This suggests a shift in 
ET control from surface to root zone SM during dry periods 
(see Fig. 2c–d). The groundwater-supported ET is consistent 
with the findings of Condon et al. (2020) and is not captured 
by MERRA2 (see Fig. 2o–p). Instead, MERRA2 shows 
SSM and RZSM as the dominant ET modulators across all 
soil regimes. SSM generally drives more ET variability than 

Furthermore, r2 values for ET–SSM/RZSM consistently 
exceed 50%, whereas those for ET–SSR remain well below 
(see Fig. 2f and r). This suggests that SM exerts a stronger 
influence on ET variability than SSR.

In dry soil regimes (i.e. dry and very dry areas), both 
datasets exhibit strong positive correlations between ET 
and SSM/RZSM, with minimal standard deviation (see Fig. 
2c–d and o–p). ERA5 exhibits greater sensitivity of ET to 

Fig. 2  Seasonal spatial averages of various metrics presented across 
the four soil moisture types. (a–d and m–p) Correlation coefficients 
between ET and SSR (red bars), SSM (forest green bars) and RZSM 
(lime green bars). (e–h and q–t) Corresponding coefficients of deter-
mination. (i–l and u–x) Seasonal mean values of the ACI and TCI. 
The TCI is derived using latent heat flux in combination with either 

the SSM (forest green bars) or the RZSM (lime green bars), while the 
ACI is computed using latent heat flux and the 2-metre air tempera-
ture (t_2m, purple bars). Data are derived from ERA5 (top three rows) 
and MERRA2 (bottom three rows). All metrics are computed over the 
period 1980–2020 and the error bars indicate the standard deviation.
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with a dominant spatial pattern of ET sensitivity to SM vari-
ability rather than to SSR variability in all seasons and for 
all metrics in MERRA2. The greater dispersion of values in 
extreme soil moisture areas compared to transitional areas 
(Fig. 2) is associated with the combined positive or negative 
influence of SM and SSR on ET, particularly in very wet 
area (Fig. S1).

3.1.3  Impact of soil moisture-solar radiation interaction 
on the direction and magnitude of soil moisture-
evapotranspiration interactions

The previous section showed the potential for a combined 
SSR and SM to influence ET in some areas. Here, we use 
the partial correlation coefficient to isolate the true relation-
ship between SM and ET, as well as between SSR and ET. 
This enables us to analyse the effect of SM (or SSR) on ET 
while controlling for the effect of SSR (or SM) (Anderson 
1984). The results are shown in Fig. 3.

Both datasets show substantial improvements in corre-
lation scores and r2, as well as a significant reduction in 
dispersion of values in the very wet area (Fig. 3.a-b and 3.c-
d). The improvement of the correlations between ET and 
SSR when the effect of SM is excluded indicates that SSR’s 
influence on ET depends heavily on SM content. The same 
is true for the influence of SM on ET. This suggests that 
there may be some feedback between SSR, SM and RZSM, 
consistent with previous studies establishing a link between 
SSR and variation in SM content (e.g. Zhang et al. 2001, 
2018; Atchley & Maxwell 2011; Song et al. 2012). Atchley 
and Maxwell (2011) and Zhang et al. (2001) found that ET 
was the bridge of this interaction. However, the influence 
of SSR on ET appears to be more sensitive to SM content 
in the surface layer than in the root zone layer. Zhang et al. 
(2017) found that radiative energy affects soil evaporation 
and tree transpiration differently; this helps to explain why 
SSR has a contrasting impact on SEIs in the surface and root 
zone layers. The strength and direction of the influence of 
SM on ET seem to depend on SSR, and vice versa.

In other areas, the interaction between SSR and SM 
mainly affects the direction of SSR’s influence on ET. The 
two datasets show an inversion of the correlation between 
ET and SSR in wet, dry and very dry soil (see Fig. 3, first 
and second columns). This is evident in the change from 
a negative to a positive correlation when the influence of 
SSM and RZSM are excluded. However, this inversion is 
accompanied by a slight change in the magnitude of the 
correlation. Consequently, SM exerts a dual influence on 
the nature and strength of the effect of SSR on ET in these 
regions. This suggests that the negative correlation between 
SSR and ET observed in Fig. 2 may be the result of a nega-
tive feedback loop between SM and SSR. Consistent with 

RZSM, which aligns with the findings of Kim et al. (2023). 
Overall, MERRA2 reflects a stronger SM-driven ET regime 
than ERA5. While SM has a strong influence on ET vari-
ability, both MERRA2 and ERA5 also show a moderate 
impact from SSR. In dry area, ET and SSR exhibit a mod-
erate negative correlation across seasons, whereas in very 
dry area, the correlations are weaker and more mixed. Com-
pared to SSM and RZSM, the lower r2 values for SSR sug-
gest a weaker influence on ET (see Fig. 2g–h and s–t). This 
is likely because, although net solar radiation can control ET 
through its influence on temperature variation (Zhang et al. 
2015), this control appears to be stronger in humid forests 
(Kim et al. 2023).

The stronger correlations between SM and ET revealed 
by both datasets in the transitional areas compared to the 
very wet area align with the TCI patterns. However, the 
TCI appears to be highest in very dry area, consistent with 
increased SM control over ET as SM content decreases, 
according to Kim et al. (2023). This apparent SM-driven 
ET regime in some clusters—which contrasts with the 
conclusions of Mwanthi et al. (2023) on CA’s hydrome-
teorological—may partly explain the significant discrep-
ancies observed in atmospheric general circulation models 
(AGCMs) employed in previous Land–atmosphere cou-
pling studies (e.g. Koster et al. 2004, 2006; Lorenz et al. 
2015). For example, half of the 12 AGCMs in the Global 
Land–Atmosphere Coupling Experiment (GLACE) project 
identified CA as a hotspot for Land–atmosphere coupling 
(Koster et al. 2004). Nevertheless, Dirmeyer et al. (2006) 
observed that AGCMs tend to underperform in modelling 
land–atmosphere interactions at local to regional scales.

The lower dispersion of correlation scores and the stron-
ger SM-driven ET regime displayed by MERRA2 com-
pared to ERA5 is consistent with the discrepancy observed 
in the seasonal spatial distribution of correlation scores, ACI 
and TCI, between the two datasets (see Fig. S1). However, 
both datasets show agreement regarding lower standard 
deviation in transitional areas than in areas of extreme soil 
moisture (very wet and very dry areas), as well as lower 
TCI and ET-SM correlation dispersions than ACI and ET-
SSR correlation dispersions. The two datasets also agree 
on the coincidence of regions of strong positive influence 
of SM on ET with regions of strong negative influence of 
SSR on ET (Fig. S1). This feature is associated with two 
strong opposite patterns of relative sensitivity of ET for 
all metrics in ERA5 and is consistent with the findings of 
Abdolghafoorian and Dirmeyer (2021). They observed that 
regions with a strong influence of SM variations on latent 
heat flux also have strong negative correlations between SM 
and sensible heat flux. Furthermore, the low dispersion of 
values and the greater sensitivity of ET variability to SM 
in MERRA2 compared to ERA5 appear to be associated 
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3.2  Temporal evolution of land surface and 
atmospheric parameters involved in the soil 
moisture-evapotranspiration interactions

3.2.1  Trends analysis and relation with the soil moisture-
evapotranspiration interactions

To investigate how differences in the nature and strength 
of the SEIs can affect the average variation in ET induced 
by SSM, RZSM and SSR, Fig. 4 shows the spatially aver-
aged trends in ET, SSM, RZSM and SSR from MERRA2 
and ERA5. MERRA2 and ERA5 are in agreement only in 
the very wet area, with decreasing (increasing) trends in ET, 
SSM and RZSM (SSR) in all seasons (Fig. 4a, b). DJF is an 
exception to the discrepancy in the trend of SSR between 
the two datasets in wet (Fig. 4c, d), dry (Fig. 4e–f), and very 
dry (Fig. 4g, h) areas.

observations in very wet area, this feedback appears to be 
relatively weaker in the root zone than in the surface layer 
(particularly evident in MAM).

Nevertheless, MERRA2 still shows a greater influence of 
SSM on ET than RZSM. Without the effect of SSR, it also 
fails to capture the competitive control between SSM and 
RZSM on ET during wet and dry seasons (see Fig. 3l and p). 
Overall, the influence of SSM and RZSM on the magnitude 
of the influence of SSR on ET is less uniform outside the 
very wet area. Overall, across soil moisture types, it can be 
seen that SM and SSR can inhibit or enhance their respec-
tive influences on ET, which may result in complex SEIs, 
particularly in very wet area.

Fig.  3  Seasonal spatial averages of partial correlation coefficients 
shown across four soil moisture regimes. Brown bars represent the 
partial correlation between ET and SSR while controlling for SSM. 
Orange bars show the partial correlation between ET and SSR while 
controlling for RZSM. Forest green and lime green bars show the par-
tial correlations between ET and SSM and ET and RZSM respectively, 

while controlling for SSR. The first and second columns display these 
partial correlation values from ERA5 (a, e, i, m) and MERRA2 (b,f, 
j, n), respectively. The third and fourth columns show the correspond-
ing coefficients of determination respectively for ERA5 (c, g, k, o) 
and MERRA2 (d, h, l, p). All metrics are calculated for the period 
1980–2020, with error bars showing the standard deviation
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that of the modulator. However, if two modulators can exert 
the same influence on ET and have opposite trends, then 
the ET trend will be the smallest and will follow that of 
the modulator with the greatest variation. The smallest ET 
trends from ERA5 and MERRA2 provide two examples of 
this (Fig. 4a and b). Since SM and SSR exert contrasting 
influence on ET in the very wet area, the smallest trend in 
ET from ERA5 and MERRA2 is recorded in this area. The 
weakest decreasing trend of ET in MAM is consistent with 
the combined increasing and decreasing trends of SSR and 
SSM and RZSM (Fig. 2a).

The strongest decrease in ET in the same season in dry 
area is also consistent with this explanation (Fig. 4e). The 
strong influence of SM on ET in the dry area is associated 
with a moderate but significant influence of SSR (Figs. 2; 
S1). Therefore, the moderate negative and positive trends in 
SM and SSR, respectively, result in a strong negative trend 
in ET, as indicated by ERA5. This implies that if two modu-
lators driving opposite changes with the same strength in ET 
have opposite trends, the trend in ET is assumed to be the 

However, the trends of ET in all seasons and clusters 
differ markedly—in both direction and magnitude—from 
the significantly increasing global trend of 0.88  mm  yr-2 
reported by Zhang et al. (2015) for the period 1982–2013. 
In contrast, the decreasing trend of SM across CA, as shown 
in both reanalysis datasets, aligns with the global soil drying 
documented in earlier studies (Albergel et al. 2013; Deng 
et al. 2020). Deng et al. (2020) identified this region as a 
hotspot of long-term SM drying (1979–2017), and observed 
that the strong persistence of SM drying indicates that CA 
soils will continue to be dominated by a drying trend in the 
future. Given that increases in SM typically boost latent 
heat flux and thus ET (Jaksa and Sridhar, 2015), a decline 
in SM is also likely to suppress ET. Therefore, The consis-
tently decreasing ET trend observed across all clusters in 
both ERA5 and MERRA-2 supports the hypothesis that SM 
exerts a stronger influence on ET than SSR in this region.

Figure  4 also shows that the changes in ET could be 
induced by both changes in SM and SSR. The influence 
of the modulator is the largest, so the ET trend will follow 

Fig. 4  Seasonal spatial averages in the four soil moisture types of the trend in ET (blue bars), SSR(red bars), SSM (forest green bars) and RZSM 
(lime bars) from ERA5 (a, c, e, g) and MERRA2 (b, d, f, h) for the period 1980–2020 in CA. Standard deviationsare represented by error bars

 

1 3

Page 9 of 23    113 



S. S. Tikeng et al.

ET variability, the trend of ET is sensitive to that of both SM 
and SSR. On a seasonal average, spatially statistically sig-
nificant (p < 0.01), decreasing (increasing) trend patterns of 
ET well match decreasing (increasing) trend patterns of SM 
(SSR) in both datasets (not shown). This suggests the poten-
tial for a moisture-limited ET regime, rather than an energy-
limited ET regime, in this area, as the dependence of ET on 
SSR is observed to be relatively limited when compared to 
the dependence of ET on SM, and also when considering the 
feedback between SSR and SM revealed in Sect. 3.1.3. This 
is consistent with the reservations expressed by Koster et al. 
(2004) regarding the intuitive energy-limited hydro-meteo-
rological regime of the CA. Consequently, further analysis 
is required to elucidate the hydrometeorological regime of 
the CA, particularly in the context of climate change, where 
there is a strong likelihood of prolonged and continuous soil 
drying in this region (Deng et al. 2020).

3.2.2  Study domain average annual and interannual 
variability of land–atmosphere parameters.

Figure 5 shows the annual cycle and interannual variabil-
ity of land surface atmospheric variables as derived from 
ERA5 and MERRA2, in addition to data on SM from both 
reanalyses and an observational dataset, namely AMSR2. 
Bimodal patterns are observed for ET, SSR and RZSM from 
ERA5 and MERRA2 (Fig.  5a). Furthermore, both ERA5 

strongest. Conversely, if they have opposite trends and can 
influence ET in the same way, the ET trend is assumed to 
be the weakest. However, if a variable is not a modulator of 
ET, the ET trend may not be related to that of the variable. 
For example, ET shows a moderate decreasing trend in the 
very wet area, despite a strong increasing trend in SSR (see 
Fig. 4a). These findings align with the hypothesis proposed 
by Teuling et al. (2009) that regional trends in land evapora-
tion are responsive to trends in the limiting drivers. Further-
more, the extent to which a specific driver exerts control 
over the evaporation process enables the prediction of long-
term changes in evaporation, given changes in the control-
ling factor (Miralles et al. 2011; Jaksa and Sridhar, 2015).

Although ERA5 accurately represents this pattern, the 
trends shown by MERRA2 may appear somewhat confus-
ing. However, MERRA2 also show a strong correlation 
between the trends in SM and ET, indicating a significant 
influence of SM on ET (Fig. 4, right panel). Furthermore, 
the spatial pattern of the ET trend appears to be more con-
sistent to that of SSM and RZSM (not shown), as observed 
in the spatial seasonal mean.

Overall, the transitional areas, which can be classified in 
a moisture-limited ET regime, show a pronounced sensitiv-
ity of ET trends to trends in SM compared to trends in SSR 
(Fig. 4c–f). In the very wet area, which was assumed by 
Mwanthi et al. (2023) to have an energy-limited ET regime 
due to the weak influence of the surface soil water content on 

Fig. 5  Spatially averaged annual (a and c) and interannual (b and d) 
variability of land surface parameters from ERA5 (solid line) and 
MERRA2 (dashed line) over CA for the period 1980–2020. The 
AMSR2 soil moisture level 3 dataset (SSM_AMSR2) for the period 
2012–2020 is used as the reference for the soil moisture products from 
MERRA2 and ERA5 comparisons. The second Y-axis (on the right 

side of plots a and b) shows both SSM and RZSM values from ERA5 
and the soil moisture values from AMSR2. The third Y-axis shows 
only the SSM and RZSM values from MERRA2. The effective pre-
cipitation presented in this study is the difference between rainfall and 
evapotranspiration
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observed by Jung et al. (2010) and Zhang et al. (2015), but 
strongly agrees with the regional exceptions of ET increase 
in arid areas reported in the IPCC AR6 report (Douville et 
al. 2021).

Meanwhile, as observed on an annual cycle (Fig.  5a), 
MERRA2 shows an excess of up to 0.19 m3.m−3 of soil 
water content compared to ERA5. This is consistent with 
the deficit of effective precipitation in MERRA2 compared 
to ERA5 (Fig. 5d). The two reanalyses show a negative trend 
over the study period with a significant difference in values 
(MERRA2: -0.0059 mm/year, p = 0.089; ERA5: -0.015 mm/
year, p < 0.01). This deficit is also observed in the ET trends 
between the two datasets over the study period (MERRA2: 
-0.009  mm/year, p < 0.01; ERA5: -0.0039  mm/year, 
p < 0.01). However, there is a large discrepancy between the 
datasets during the period 1998–2008. MERRA2 shows a 
strong decrease in ET rates, consistent with the trends in 
SSM and RZSM, and a strong increase in SSR compared 
to ERA5. These patterns have been observed in previous 
studies and may be associated with the transition to El Niño 
conditions, according to the results of previous studies (e.g. 
Jung et al. 2010; Miralles et al. 2014; Zhang et al. 2015), 
but are not captured byERA5. After this strongly decreasing 
period, the ET rate from MERRA2 shows a slightly increas-
ing trend during the period 2008–2020 where the ET rate 
from ERA5 shows a continuously decreasing trend.

Figure 5 also shows a discrepancy in the SSR trends of 
ERA5 and MERRA2 over the study period, with an increas-
ing trend for the former and a decreasing trend for the latter 
(MERRA2: -2.47 kJ.m−2/yr, p = 0.51; ERA5: 13.54 kJ.m−2/
yr, p < 0.01). This discrepancy is consistent with the oppo-
site trend in total cloudiness (Fig.  5d), which is decreas-
ing and increasing for ERA5 and MERRA2, respectively 
(MERRA2: 3.78 × 10–5/year, p = 0.89; ERA5: -0.0081/year, 
p < 0.01). These divergent trends, and the MERRA2 increas-
ing trend in total cloud cover (TCC) also observed by Wu 
et al. (2022), may be due to the period of strong increasing 
trend that occurred in the period 1998–2008 in response to 
the decrease in SM and ET. In fact, this period is followed by 
a strong decrease in the trend of SSR, and this may explain 
the weak decreasing trend in SSR averaged over the study 
period (− 2.47 kJ.m−2/year) from MERRA2 compared to the 
strong positive trends from ERA5 (13.54 kJ.m−2/year). Fur-
thermore, the two datasets agree well on increasing trends in 
SSR until 2005, which is consistent with the global increase 
in radiative energy found by Wild et al. (2008) over the 
period 1986–2000.

Overall, on a spatial average over the study area, the trend 
of ET over the study period, as in each soil moisture type, 
appears to follow the decrease in SM. This result is consis-
tent with the drying observed by Zhang et al. (2015), but 
also indicates that the CA ET interannual variability may be 

and AMSR2 show a bimodal pattern of SSM, in contrast 
to MERRA2. The difficulty in representing the two annual 
peaks in SSM may be related to the overestimation of both 
SSM and RZSM by MERRA2 compared to AMSR2 and 
ERA5 (Fig. 5a, b). The systematic overestimation of SM by 
MERRA2 is consistent with its underestimation of effective 
precipitation compared to ERA5 (Fig. 5c). This character-
istic of MERRA2 has also been observed in previous stud-
ies (Igbawua et al. 2019; Kenfack et al. 2023). As reported 
by Igbawua et al. (2019), this discrepancy may be due to 
imbalances resulting from adjustments in data assimilation 
methods, satellite calibration and observational databases.

The extreme wetness of MERRA2, is related to the influ-
ence of SM on effective precipitation. In fact, higher SM 
leads to more water available for direct evaporation from 
the soil surface, as well as for plants to take up and return 
to the atmosphere through transpiration (Jaksa and Sridhar, 
2015). Excessive transpiration and evaporation increases 
the rate of ET, which ultimately reduces the amount of 
water remaining as effective precipitation. In addition, the 
already elevated SM content of MERRA2 may be associ-
ated with a higher total ET rate compared to ERA5, result-
ing in delayed drying cycles. The prolonged drying period 
due to the high estimated SM content extends the period of 
enhanced ET and its impact on the atmosphere, explaining 
the inability of MERRA2 to capture the June/July minimum 
in SM (Fig. 5a).

A direct consequence of the dependence of SM memory 
on soil depth is the competitive control of ET variability 
by surface and root zone SM during wet and dry seasons 
observed in dry and very dry areas in the ERA5(Figs.  2, 
S1). The ET water supply in the ERA5 is comparable to 
the findings of Lion et al. (2017), who observed a differ-
ence in ET water supply between surface and deeper soil 
layers during wet and dry seasons, respectively. The failure 
of MERRA2 to capture this phenomenon may be due to the 
characteristics of this dataset, which tends to overestimate 
SM content. This in turn has the direct consequence that 
SM from MERRA2 induces more changes in ET than SSR 
compared to ERA5.

A negative trend is observed for ET, SSM and RZSM 
from ERA5 and MERRA2 over the period 1980–2020 
(Fig.  5b). All trends are statistically significant (p < 0.01). 
This significant decreasing trend of ET, SSM and RZSM is 
consistent with the decreasing trends observed in each soil 
moisture type (Fig. 4). The regional agreement of a dom-
inant soil drying in CA is consistent with the findings of 
previous studies (e.g. Jung et al. 2010; Deng et al. 2020) 
and the regional significant decreasing trend of ET is also 
consistent with the average strong influence of SM on ET 
variability. Conversely, this agreement serves to accentu-
ate the contrast with the global significant increasing trend 
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and negative anomalies. A zone of strong positive sensitiv-
ity of ET variability to changes in SM content is located in 
the northern part of the CB for years of positive (negative) 
SM anomaly. However, in addition to the primary zone of 
pronounced positive sensitivity of ET to SM, there is also a 
distinct pattern in the coastal region, particularly evident in 
DJF for the year of the positive (negative) anomaly of SM 
(Figs. 6a-d).

The southern region exhibits a relatively weak and nega-
tive response of ET to changes in SM. These two contrast-
ing patterns in the spatial distribution of the composite ET 
anomalies are evident throughout the year, with a meridi-
onal migration of the zonal band of highest positive sen-
sitivity of ET to changes in SM. As a consequence of this 
migration, the band of highest anomaly is at its most north-
erly position in JJA (Fig. 6m–p). A second band of strongly 
positive SEIs is observed in the southwest of the Demo-
cratic Republic of Congo (DRC). The two bands show a 
southward shift in SON. The appearance of this second band 
in the south is consistent with the northerly location of the 
very wet area (Fig.  1). Consequently, the transition zones 
show the strongest positive sensitivity of ET variability to 
SM content, a finding consistent with the highest correla-
tion values observed (Fig. 2). Similarly, the weak negative 
sensitivity of ET to SM variability is also consistent with the 
lowest correlation scores.

The spatial heterogeneity of the ET response to changes 
in SM associated with the seasonal migration of the zonal 
band of very wet area, along with the seasonal shift of the 
belt of the strong positive response of ET to SM changes, 
suggests the existence of a seasonal hydrometeorological 
regime transition across the study area. Moreover, using the 
feedback efficiency (Zhang et al. 2008), the soil moisture 
anomalies leading evapotranspiration anomalies by one 
month is assessed. All the patterns shown by the composite 
anomaly of ET are also visible in the spatial distribution of 
the seasonal and annual mean of the feedback efficiency of 
SM on ET in both the surface and root zone layers (Fig. S4; 
S5). Thus, some areas could transition from an energy-lim-
ited to a moisture-limited state, while others transition from 
a moisture-limited to an energy-limited state throughout the 
year. Furthermore, Denissen et al. (2022) have shown that 
the most pronounced shift from energy to water limitation 
occurs in regions exhibiting both increasing and decreasing 
trends in net radiation and SM, respectively. This pattern, 
which is clearly visible in CA (see Figs. 4 and 5), combined 
with the significant soil drying trend, could lead to a more 
permanent transition in the hydrometeorological regime in 
this region.

The seasonal spatial average of the composite anomaly 
of ET for years with positive, negative and neutral anom-
alies of SM shows a considerable dispersion of values in 

strongly modulated by ENSO, according to Miralles et al. 
(2014). Assuming the intensification of the El Niño-driven 
drying observed by Power et al. (2013), CA is expected 
to experience continuous drying conditions in the future. 
Therefore, the resulting SM limitations on ET, as depicted 
by Jung et al. (2010), could sustain the decreasing trend of 
ET, indicating a potential moisture-limited hydrometeoro-
logical regime.

The seasonal spatially averaged interannual variabil-
ity shows decreasing trends in ET, SSM and RZSM from 
ERA5 and MERRA2 that persist in all four seasons over the 
study period (Fig. S2). In addition, the discrepancy between 
MERRA2 and ERA5 in the trends in SM and ET shown on 
the annual average over the period 1998–2008 is also vis-
ible at the seasonal scale. This suggests that these decreases 
in MERRA2 SM and ET rates occurred throughout the year 
over the period 1998–2008. However, as with the annual 
mean, the seasonal means of the spatially averaged inter-
annual variability of SSR show a significant discrepancy 
between MERRA2 and ERA5. In contrast to the trend in ET 
and SM, there is an opposite trend in SSR in almost all sea-
sons (except the DJF) between MERRA2 and ERA5. Both 
ERA5 and MERRA2 exhibit increasing SSR trends in DJF 
that align with corresponding decreases in TCC, echoing 
findings by Jaksa and Sridhar (2015). However, during the 
rainy seasons, MERRA2 reveals an apparent inconsistency: 
while SSR decrease, TCC does not show the expected 
increase.

Nevertheless, this seasonal analysis further strengthens 
the consistency of a regional decrease in ET in CA, resulting 
from an SM limitation, with the persistent regional drying 
observed by Deng et al. (2020).

3.3  Very wet area cloud cover and evergreen 
forest combined impact on complex soil moisture-
evapotranspiration interactions

3.3.1  Soil moisture-evapotranspiration interactions and 
composite anomaly of evapotranspiration in CA.

To further investigate the variability in ET rate induced by 
changes in SM, the effects of SSM and RZSM anomalies 
on the ET anomaly are assessed using the composite anom-
aly of ET for years of positive, negative, and neutral SM 
anomalies. Positive (negative) SM anomalies are defined 
for domain-averaged values of standardised anomalies 
≥ 1 (≤ −1) and values between -1 and 1 are considered 
neutral anomalies.

Figure 6 shows a spatially heterogeneous response of ET 
to changes in SM content across the seasons in the study 
area. ET is more sensitive to changes in SM content in 
some areas, with two contrasting patterns of both positive 
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anomalies in years with strong positive (negative) mean SM 
anomalies is more homogeneous than that of ET (see Fig. 
S3). This suggests a possible impact of biophysical factors 
on SEIs, and plant transpiration, which depends on environ-
mental conditions and is driven by RZSM (Anderson et al. 
2012), may be a key channel of SEIs in very wet area.

3.3.2  The role of leaf area index and cloud cover on SEIs.

To assess the combined effect of evergreen forest and per-
manent cloud cover on SEIs, Fig. 8 shows the spatial dis-
tribution of the seasonal mean of the leaf area index and 
total cloud cover in CA. The leaf area index shows a quasi-
permanent distribution across seasons. The highest values 
are observed in the northern region of the DRC. This pat-
tern observed in the two datasets is associated with a slight 
reduction in the area of the highest values during the dry 

very wet area (Fig. 7). This is probably due to the significant 
heterogeneity in the spatial distribution of the ET anomaly 
in this area, which is indicative of a complex SEI. The spa-
tial distribution of years with a neutral SM anomaly is more 
homogeneous. Furthermore, there is a lack of consensus 
regarding the magnitude of the change in ET induced by 
changes in SM across seasons. This discrepancy extends 
to the direction of change induced when extreme positive 
anomaly values are considered. Indeed, in MAM an average 
negative anomaly in ET is observed for years with strong 
positive SM anomaly. The ET anomaly for years with a neu-
tral SM anomaly is low and positive for each season, and as 
for years with extreme anomaly values, the highest anomaly 
values are recorded in JJA. These observations, coupled 
with the apparent stronger response of ET anomalies to neg-
ative than positive SM anomalies, align with the predomi-
nant soil drying. Additionally, the spatial distribution of SM 

Fig. 6  Seasonal spatial distribution in the composite anomaly of total 
evaporation for years of positive (a, g, m, s) first column and (b, h, n, 
t) second column), negative (c, i, o, u) third column and (d, j, p, v) 
fourth column) and neutral (e, k, q, w) fifth column and (f, l, r, x) sixth 
column) anomaly of SSM and RZSM for the period 1980–2020 in CA. 
Years of positive (respectively negative) anomalies are considered as 

those with standard anomaly values > 1 (respectively < − 1) and neutral 
years for values in [− 1,1]. A statistical significance test at the 95% 
confidence level is applied to the total evaporation composite anomaly 
using bootstrapping. The present plot is based exclusively on data from 
ERA5 reanalysis
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transpiration appears to be an important pathway through 
which SSR drives ET (Song et al. 2017; Lion et al. 2017). 
For example, Lion et al. (2017) observed that plant roots 
are the primary cause of soil drying below field capacity, 
as soil evaporation decreases rapidly with depth. Similarly, 
Brooks et al. (2010) found that water with the longest resi-
dence time in the soil is more likely to be removed by plants 
and not discharged to streams during dry periods.

Furthermore, forests absorb more SSR than savannahs 
due to lower reflectivity, resulting in more transpiration 
than soil evaporation (e.g. Zhang et al. 2017; Cerasoli et al. 
2021). In addition, the greater cloud cover in forest areas 
than in savannahs (Cerasoli et al. 2021), which are almost in 
transitional areas, suggests a greater cloud feedback on SEIs 
in forest areas (very wet area). Consequently, the contribu-
tion of SSR to ET depends on tree transpiration in very wet 
forest areas, which is consistent with the strong correlation 
between transpiration and ET found in the humid tropics 
(Zhang et al. 2017). Thus, both SSR and RZSM influence 
changes in total evaporation from plant transpiration in very 

season (JJA). Consequently, these values are almost exclu-
sively located in very wet area (Fig. 8a–h). Furthermore, it 
appears that the area with the highest cloud cover over the 
study area is also located in the area of high leaf area index 
in each season of the year (Fig. 8i–p). Consequently, very 
wet area shows a robust association between evergreen for-
ests and high cloudiness, which is consistent with the find-
ings of Cerasoli et al. (2021) that forested areas globally 
tend to occupy regions with higher cloud fractions.

Thus, the very wet area is the location of both permanent 
clouds and evergreen forests, and these two factors together 
may have a complex and interesting effect on the SEIs. 
Transpiration from evergreen forests is a major contributor 
to the total amount of ET in CA according to Crowhurst et 
al. (2020). The location of high leaf area index in very wet 
area suggests that SM could have a significant effect on ET 
variability, assuming that SM in the root zone is the main 
driver of plant transpiration (Anderson et al. 2012; Song et 
al. 2017). On the other hand, SSR has been found to be a 
driver of ET in evergreen forests ( Song et al. 2017), and tree 

Fig.  7  Seasonal spatial average in very wet area of the composite 
anomaly of evapotranspiration for years of positive, negative and neu-
tral anomaly of SSM (a) and RZSM (b) over the period 1980–2020. 

Positive (or negative) anomaly years are those with standard anomaly 
values > 1 (or < − 1) and neutral years are those with values in [− 1,1]. 
Standard deviations are represented by error bars
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2020) may have mitigated the reduction in SSR, resulting in 
a high ET rate. This explains the slightly higher value of the 
correlation between ET and SM compared to SSR in each 
soil moisture type (Fig. 2).

Overall, very wet area appear to be under both moisture-
limited and energy-limited ET regimes. As an indicator, the 
variability of ET is driven by changes in SM and radiative 
energy through the strong dependence of transpiration on 
both. Zhang et al. (2017) used the definition of McVicar 
et al. (2012) to classify Equatorial Central Africa into an 
equitant climate regime. Thus, this region lies between the 

wet area with evergreen forests. In Amazonia, for example, 
radiative energy has been found to be an important con-
tributor to interannual variability in transpiration and conse-
quently ET (Zhang et al. 2017). However, high cloud cover 
combined with forest is also expected to create a cooler and 
wetter environment (Cerasoli et al. 2021). Indeed, through 
the process of tree transpiration, energy is expensive to cool 
surface air, limiting surface heating (Denissen et al. 2021). 
This may have led to a reduction in ET according to (Kan-
niah et al. 2013). However, the large amount of moisture 
from ET observed in previous studies (Crowhurst et al. 

Fig.  8  Seasonal spatial distribution of: (a–h) leaf area index, (i–p) 
K-means clustering of the four soil moisture types (very wet soil, wet 
soil, dry soil and very dry soil) using evaporative fraction (in shade) 

and total cloud cover (in contour) from ERA5 (a–d and i–l) and 
MERRA2 (e–h and m–p) over the period 1980–2020 in CA
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across three distinct regions, highlighted in Fig. 9 0.25–28: 
ever-wet (persistently saturated, red box); transitional wet 
(moderate to extreme wetness, purple box); and transitional 
dry (extreme dryness to moderate wetness, black box).

In the ever-wet area, at the surface layer (see Fig. 9 0.1–
4), changes in SSR appear to be the primary contributor to 
ET variability. This pattern—particularly evident in JJA (see 
Fig  9 0.3)—is, however, characterised by relatively weak 
ET changes (anomalies ranging from -0.8 to 0.8), compared 
to SSR changes. By contrast, at the root zone layer (Fig. 9 
0.5–8), ET variability strongly responds to changes in both 
SM and SSR, consistent with their combined influence on 
tree transpiration. Meanwhile, in the transitional wet area, 
the surface and root zone layers exhibit close patterns (see 
Fig. 9 0.9–16). In JJA and SON, when the purple box cov-
ers very wet soil, changes in both SSR and SM significantly 
contribute to ET variability at the surface and root zone lay-
ers. Similarly, in DJF and MAM, when the purple box cov-
ers the transitional areas (wet and dry soils), ET variability 
becomes highly sensitive to SM across both layers, with 
the role of SSR being less significant. However, in the tran-
sitional dry area, changes in SM appear to be the primary 
contributor to ET variability, regardless of soil depth (see 
Fig. 9 0.17–24). Nevertheless, under very dry conditions (in 
DJF and MAM) and in the root zone layer, the ET response 
to SM weakens compared to in the wetter seasons and in the 
surface layer, possibly due to water limitations.

These observations emphasise the significant impact of 
soil water content, which is shaped by the seasonal migra-
tion of very wet soil, on the seasonal sensitivity of ET 
variability to changes in SM and SSR. However, the weak 
changes in ET in response to SSR anomalies at the surface 
layer, compared to the root zone layer, observed in ever-wet 
area, could be linked to interception by plant leaves (Mad-
humali et al. 2024), reflecting a combined radiative and 
moisture-driven regime rather than radiative control of ET. 
This aligns with the combined effects of radiation and SM 
on transpiration in evergreen rainforests (Costa et al. 2010) 
and highlights plant transpiration as the primary contributor 
to total ET in ever-wet regions (Costa et al. 2010; Miralles 
et al. 2011; Peters 2016). The lower surface albedo resulting 
from dense vegetation in this area (see Fig. 8) likely reduces 
ET variability at the surface, whereas greater variability in 
the root zone layer could indicate an equitant climate regime, 
as suggested by Zhang et al. (2017). Nevertheless, this 
assumption of an equitant climate regime revealed by ERA5 
could be more a result of the data used than the real climatic 
characteristics of CA. A reconsideration of this hypothesis 
using MERRA2, which indicates a consistent tendency 
for SSM to control ET variability, would likely support a 
water-driven climate regime. This overestimation of the 
sensitivity of ET variability to changes in SM by MERRA2, 

two boundaries of moisture-limited and energy-limited ET 
regimes. However, the discrepancy observed between the 
two reanalysis datasets with regard to the contribution of 
SM to ET variability, as well as the magnitude of changes 
in land surface variables over the study period, is fairly con-
sistent with the variation across datasets reported by Hirs-
chi et al. (2025) and Nogueira (2020) in their analysis of 
soil-drying and rainfall trends. While these previous studies 
revealed fairly good agreement between ERA5/ERA5-Land 
and ground measurement datasets (e.g. the European Space 
Agency Climate Change Initiative (ESA CCI) product and 
the Global Precipitation Climatology Project (GPCP)), sig-
nificant differences were observed between the outputs of 
MERRA2 and those of both ERA5 and observational datas-
ets. This highlights the need for an observation-based inves-
tigation into the interaction between SM and ET to validate 
this hypothesis. Meanwhile, the spatiotemporal gaps in mea-
surement data, which are exacerbated in CA by biophysical 
factors such as high cloudiness and dense vegetation, high-
light the need to consider the choice of observational data 
when investigating soil moisture–atmosphere feedback.

Moreover, local moisture recycling plays a critical role 
in Central Africa’s hydrological cycle (as highlighted by 
Pokam et al. 2012; Dyer et al. 2017). The important changes 
in land use and land cover that have occurred in CA between 
1990 and 2020 (Nahayo et al. 2023), may have played a crit-
ical role in this process. For example, they may have accel-
erated soil drying and decreased evapotranspiration rates. 
Consequently, the wettest CA region is expected to tran-
sition to a moisture-limited climatic regime in the future. 
The ecosystem limitation index (ELI; Denissen et al. 2022), 
based on the difference between ET-SM and ET-SSR cor-
relations, shows a stronger upward trend in this region. This 
indicates that the most significant transition is occurring in 
the very wet area (Fig. S6). In the context of a changing 
climate—associated with a decrease in ET and SM, and an 
increase in SSR in CA (see Figs. 4 and 5)—it is crucial to 
identify the mechanisms controlling ET under varying SM 
conditions.

3.4  Controls of soil moisture and surface solar 
radiation changes on evapotranspiration variability 
during wet and dry seasons

As shown in previous sections, ET variability is primarily 
influenced by changes in soil water content, as well as by 
the interaction between SM and SSR. This highlights the 
importance of taking a holistic approach that considers the 
combined effect of SM and SSR when analysing the drivers 
of ET in CA. Figure 9 focuses on evaluating the sensitivity 
of ET anomalies to concurrent SM and SSR anomalies at 
the surface and in the root zone. The analysis is conducted 
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their difficulty in capturing changes and the various interac-
tions between these land surface variables. Consequently, 
an observation-based analysis would help improve the accu-
racy and validity of the hypothesis of an equitant climate 
regime in CA by strengthening the reliability of the findings 

compared to ERA5, is consistent with its underestimation 
of soil-drying trends compared to ERA5 and ERA5-Land, 
as reported by Hirschi et al. (2025). Such examples dem-
onstrate the limitations of using certain reanalysis datasets 
for the efficient assessment of hydrometeorological regimes 
and the trends of the variables involved. This is partly due to 

Fig. 9  Water versus energy control 
of evapotranspiration variability 
in Central Africa over the study 
period (1980–2020). Seasonal 
mean variation of evapotranspira-
tion anomalies as a function of 
soil moisture and solar radiation 
anomalies evolution is presented 
for region experiencing extreme 
wet soil condition throughout the 
year (ever-wet area, red box, Figs. 
9. 25–28); the region experiencing 
a transition from a moderately dry 
condition to an extremely wet con-
dition (transitional-wet area, purple 
box, Fig. 9. 25–28) and the region 
experiencing a transition from an 
extremely dry soil condition to 
a wet condition (transitional-dry 
area, black box, Fig. 9. 25–28). 
The analysis is conducted for both 
surface and root zone soil moisture 
in each of the three selected 
areas. The present plot is based 
exclusively on data from ERA5 
reanalysis
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However, water vapour resulting from transpiration, sup-
plied by water and energy, sustains cloudiness in tropical 
rainforests. In fact, plants produce transpiration via photo-
synthesis driven by SSR. This plays a critical role in main-
taining a high evaporation rate due to the supply of water 
from the root system. Despite the fact that evaporative cool-
ing would otherwise limit ET.

Overall, the intricate interplay of these factors, particu-
larly in very wet area, creates a complex picture. Figure 10 
therefore provides a conceptual framework that synthesises 
this complex mechanism.

4  Conclusion

This study compared the performance of ERA5 and 
MERRA2 in capturing and reproducing the SEIs, as well 
as the contribution of SSR to ET variability in CA. First, 
we clustered our study area using the K-means method 
applied to the EF. Then, we assessed the nature and strength 
of the SEIs by investigating the magnitude and direction 
of changes in ET induced by changes in SSM, RZSM and 
SSR. We also assessed the seasonal and SM content depen-
dence of the SEIs.

and uncovering nuanced climate patterns that models alone 
may overlook.

The strong response of ET to changes in SM compared to 
SSR in transitional dry and wet areas is consistent with the 
correlation scores (see Fig. 2). This aligns with their location 
in a hotspot of land–atmosphere coupling (e.g. Koster et al. 
2004), and indicates strong positive SEIs, as reflected by the 
consistently positive ELI observed in these areas, particu-
larly at the root zone layer (Fig. S6). However, according 
to Jaksa and Sridhar (2015), soil water uptake is faster at 
the surface than in the root zone due to direct evaporation 
when vegetation is sparse. This explains why ET variability 
responds more strongly to SSM than to RZSM in transi-
tional dry area, where limited land and cloud cover, as well 
as the slower recharge of deep groundwater, enhances ET’s 
sensitivity to available surface soil water.

Three key factors shape the balance between water 
and energy controls over ET variability: SM content, land 
cover and cloud cover. High soil water content and land 
cover induce a contrasting water and radiative control on 
ET variability between the surface and root zone layers. 
Cloud cover, meanwhile, directly constrains both radiative 
and water contributions to ET. High cloud cover reduces 
evaporative demand, which leads to reduced ET variability. 

Fig. 10  Schematic diagram of soil moisture-evapotranspiration inter-
actions (SEIs) in very wet soils area. Red arrows indicate a negative 
contribution of the drivers to the ET process, while lime arrows dis-
play a positive contribution. Weak and strong interactions are likely to 
occur between soil moisture and ET. These interactions involve differ-
ent levels of soil depth. Despite the strong water supply from the SSM 

at the surface layer, the limitation of radiative energy induced by high 
cloudiness and dense vegetation restrains the soil evaporation rate and 
thus its contribution to ET(weak SEIs). Conversely, the strong water 
supply from the RZSM combined with dense vegetation, despite the 
low radiative energy, improves plant transpiration and thus increases 
its contribution to ET (strong SEIs)
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ongoing transition in the hydrometeorological regime. 
However, given the discrepancy observed between the 
two reanalysis datasets used in this study, further inves-
tigation using observational data is needed to validate 
this hypothesis.

The rapid changes in land use and land cover, as reported 
by Nahayo et al. (2023), combined with the critical role 
of ET in the region’s hydrological cycle, suggest that CA 
could become more vulnerable to water security risks in the 
future. As SM influences land-surface energy transfer and is 
a key driver of ET variability, future research will explore 
the impact of this meteorological parameter on convec-
tive processes. Specifically, the role of SM in shaping the 
occurrence, intensity, duration and frequency of convection-
dependent extreme events such as droughts and extreme 
rainfall in CA.
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The main findings of this study are as follows:

1)	 Based on soil water availability for ET, CA can be cat-
egorised into four soil moisture types: very wet, wet, 
dry and very dry. The very wet area is the largest, and 
its seasonal migration drives the spatial distribution of 
the others.

2)	 SM is the primary driver of ET variability in the tran-
sitional areas (wet and dry areas) in both ERA5 and 
MERRA2, suggesting a water-controlled ET regime. 
There is a competitive control exerted by SSM and 
RZSM on ET in the dry soil regimes (dry and very dry 
areas). SSM dominates ET variability during the wet 
seasons, while RZSM dominates during the dry seasons. 
This pattern is captured by ERA5 but not by MERRA2, 
likely due to MERRA2’s tendency to overestimate SM.

3)	 In the very wet area, ERA5 and MERRA2 show weak 
correlations between SSR and ET, as well as between 
SM and ET, which implies complex SEIs. However, 
analysing the partial correlation score and the impact 
of biophysical factors reveals a possible interaction 
between SSR and SM through their contribution to 
plant transpiration. This interaction influences their 
relative contribution to ET variability, leading to con-
trasting radiative and water controls on ET between the 
surface and root zone layers. Consequently, a complex 
ET process involving both strong and weak SEIs can be 
observed (see Fig.  10). This could explain the uncer-
tainty surrounding the hydrometeorological regime 
of CA, as reported by Koster et al. (2004). While this 
is consistent with the possibility of an equitant cli-
matic regime, as previously suggested by Zhang et al. 
(2017), the reanalysis products’ difference in ET sen-
sitivity to changes in SSM/RZSM and SSR, alongside 
reported variations in SM and rainfall trends across 
datasets (Hirschi et al. 2025; Nogueira et al. 2020), 
point to regional biases in land surface variables inputs 
in reanalysis datasets. This demonstrates the need for 
further observation-based analysis for full validation. 
However, the difference in results from ground obser-
vational products, driven by differences in measurement 
methods, revealed by Hirschi et al. (2025) in soil dry-
ing trend analysis, as well as the spatiotemporal gaps in 
measurement data in CA, call for caution in choosing 
the observational dataset for such an assessment.

4)	 CA is experiencing soil drying, associated with a 
decrease in ET and an increase in SSR, even in very 
wet area. Given the weak relative contribution of SSR 
compared to SM on changes in ET, the intuitive energy-
limited hydrometeorological regime of CA is seriously 
questioned. Moreover, the significant increasing trend 
in ELI, particularly in very wet area, suggests a possible 
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