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ABSTRACT

Reducing discrepancies in the simulation of water and energy fluxes remains a key
challenge in accurately representing surface water flux processes, particularly in regions with
limited observational data. This study evaluates the sensitivity of the WRF-Hydro model to three
parameterization schemes - Free Drainage (FD), TOPMODEL, and MMF - over West Africa. The
results show that MMF outperforms the other schemes in representing surface water flux
variables, especially in topographic convergence zones, where soil moisture and
evapotranspiration in riverbeds increase by 20% with respect to FD. At the catchment scale, soil
moisture, evapotranspiration, and groundwater storage are well simulated, with correlation
coefficients reaching 0.9. In addition, model calibration for the Donga River gives reliable

performance with KGE value up to 0.74.

The shrubland, bare soil, and grassland (SBG) in MODIS-IGBP land cover is substituted by the
Evergreen Broadleaf Forest (EBF), Savanna (SAV), and Woody Savanna (WS) to mimic the the
Great Green Wall (GGW) initiative. At basin scale, the seasonal cycle and inter-annual variability
are well captured as there is a strong linear relationship between the observed and simulated
values with correlation coefficients from 0.9 to 0.97. The KGE values reaches respectively 0.72,
0.71, and 0.72 in Oueme, Sissili, and Faga catchments. Compared to the current land use (REF)
scenario, EBF-VC and WS-V C experiments decrease the mean soil moisture (SM) by 0.2 and 0.1
mm, while the SAV-VC increases it by 0.8 mm in drier conditions in Faga. However, the scenarios
reveal a decrease of mean SM by 0.5, 0.6, and 0.1 mm for EBF-VC, SAV-VC, and WS-VC in
higher precipitation areas (Oueme). Remarkably, the average ET is increased whatever the
climatic condition except for SAV-VC in Sissili where a negative effect is recorded. For instance,
EBF-VC, SAV-VC, and WS-VC increases the average ET by 0.25, 0.08, 0.07 mm d! in Faga.
EBF-VC, SAV-VC and WS-VC experiments reduce streamflow respectively by 24%, 18%, and
21% in Donga and 31%, 26%, and 28% in Oueme.

The change in the surface fluxes (e.g., LH, SH, GH, RN, ET) and subsurface dynamics (e.g.,
water table depth) in response to the variation of the lineaments permeability (K) is evaluated
with three experiments namely High, Moderate, and Low K (see section 3.4.2.5). Remarkably,
the most significant change in the diurnal cycle of the energy fluxes occurred around noon.
Compared to the reference simulation (without lineament), High and Moderate K experiments

decrease the outgoing longwave (LW) by -2% and -1% in the dry season. Higher permeability in
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the fractures results in a decrease of the outgoing longwave radiation. An increase of 1.1 and 1.5
W m™ of sensible heat is associated with Moderate K and Low K experiments from March to
May. The energy balance closure increases significantly by 36.9 and 25.4% for Moderate K and
High K experiments from September to November (SON). The average groundwater storage
(GWS) of the basin increases with High K and Moderate K experiments by 355.8 and 326.8

million m>.

The climate projections of five Global Circulation Models (GCMs) namely GFDL-ESM4,
HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, and NorESM2-MM under two different
Shared Socioeconomic Pathways (SSP1-2.6, SSP5-8.5) are used to assess the subsurface
dynamics’ sensitivity to extreme warming scenarios. Under SSP1-2.6, 3 out the 5 GCMs show
an increase of groundwater storage (GWS) by 0.45 to 30.39 million m® in Donga basin. All the
GCMs indicate a decrease of mean surface water storage (SWS) under SSP5-8.5 projection
except GFDL-ESM4. According to NorESM2-MM, IPSL-CM6A-LR, MIROC6, and
HadGEM3-GC31-LL projections, a decrease of surface water storage (SWS) will occur whatever
the warming level by the end of the century.

Changes in land use and land management significantly affect the global emissions budget,
influencing the climate through biogeochemical processes. This study provides the assessment of
soil greenhouse gas GHG emissions in the Sudanian savanna region of West Africa using a
chamber-based experimental setup. Our results reveal significant variation in methane (CHa)
fluxes across the sites. However, nitrous oxide (N20O) fluxes did not vary significantly, likely due
to uniformly low nitrogen input across all systems. The highest seasonal CH4 emissions were
recorded in the rainfed rice field (0.69 + 0.17 and 0.82 =+ 0.22 kg C ha™! season’, on average),
while the forest reserve acted as a net CHa sink (—0.019 £ 0.20 and —0.42 = 0.13 kg C ha™! season
1. In contrast, soils across all sites, both managed and natural, were sources of N0, with fluxes
ranging from 0.01 kg N ha™! season™! in the forest reserve to 0.16 kg N ha™' season™ in the rice
field. This study also analyzed the environmental drivers of GHG fluxes and found that CH4
variability was significantly influenced by soil water content and soil temperature (partial R?
between 0.21 and 0.42). No significant relationship was observed between these variables and
N:20 emissions. These results highlight that changes in land cover and land management in the

Sudanian can substantially increase CH4 emissions, while their impact on N2O fluxes is marginal.
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Chapter One
Introduction

1.1 Background

Today and future fundamental challenges in West Africa (WA) point to the climate crisis
and meeting urgent development needs. One of the Sustainable Development Goal (SDG)
characteristics is to minimize greenhouse gases release, reduce global warming and preserve
natural resources. According to the State of the Climate report of 2019, most of the climate
indicators are signalling the critical unfolding threat to the planet’s water resources (Blunden and
Arndt, 2020). Groundwater-atmosphere related environmental features are severely pressured by
climate change and anthropogenic influences. The groundwater depletion, soil degradation and
deforestation are flagrant consequences affecting West Africa. Further, transboundary basins
authorities in West Africa like Niger River Basin Authority are confronted with data collect

irregularity, poor data collect infrastructure and coverage.

It is a global endeavour to preserve the planet, bring down disaster risks, end poverty, and
achieve peace and prosperity through the implementation of the 2030 Sustainable Development
Goals (SDGs), the Paris agreement, Sendai Framework and the Agenda 2063 (UNFCCC, 2015;
UNISDR, 2015; United Nations General Assembly, 2015; AU, 2015). In Africa, among emerged
main facts from the Assessment Report 6 (AR6), climate change is reducing food and
exacerbating water insecurity, contributing to land degradation, loss of biodiversity (SR1.5,
SRCCL, SROCC) and increased deaths related to airborne and waterborne diseases. In addition,
under a global warming increase from 1.5°C to 2°C, West African countries (low and middle-
income countries) will witness the largest reductions in economic growth and a further move to
3°C will make worse the burden of the exposed and vulnerable population (IPCC, 2018c). The
adaptative capacity and mitigation options are more than ever required through the sustainable
use of natural resources, climate resilience principles implementation, and socio-environmental
change scenarios application in decision-making (IPBES, 2018; Shukla et al., 2019). In rapidly
growing African cities, these measures for instance can be in form of improvements to early
warning systems and access to information about groundwater and surface water drought,

recharge and depletion states under climate change and intensive groundwater pumping.
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Figure 1.1: Current and projected effects of global warming on biodiversity, food production,

mortality and morbidity (IPCC, 2022).



By 2050, the global water-scarce urban population under the business-as-usual scenario
(SSP2&RCP4.5) of climate change will reach in average 2.065 billion (He et al., 2021). West
Africa rapid population growth and its derivative influences on Land Cover Land Use (LULC)
and water resources through urban and agricultural water use increase the magnitude of the
climate change effects. The year 2050 is projected to witness more than half of global population
growth living within the sub-Saharan region (UN, 2019) and water use is forecast to dramatically
increase (Wada & Bierkens, 2014). Before the industrial revolution, most groundwater systems
were in balance between recharge and discharge, and natural groundwater quality was generally
excellent. But increased pressures have been put on groundwater from population growth,
agricultural intensification, urbanisation/industrialisation and climate change. In response to
these challenges, the global community is expected by 2030 to achieve cheap, universal and
equitable access to safe and affordable drinking water for all (SDG 6.1). The focus is also set to
provide adequate access and equitable sanitation and hygiene in the vulnerable regions. The two
SDGs achievement and evaluation in WA is daunting not only because of insufficient funds but
also limited spatial and temporal data offering necessary knowledge about the groundwater to
atmosphere systems. The groundwater management first challenge is data availability and
Conventional information systems (point data networks) are costly to maintain and is time-
spatially limited. There is an unprecedented need for alternative ways to increase groundwater to
atmosphere information in WA and groundwater assessment, modelling and reliable
understanding require accurate hydrogeological measurements. Since the 1950s, the human-
induced climate change is likely the main driver of the frequency and intensity of heavy
precipitation events and other water cycle perturbation. Intensification of agricultural and
ecological droughts under Human-induced climate change is evidenced in WA due, for example,
to evapotranspiration increase. It is even more challenging as observations are sparse at the
continental scale and climate models offer coarse spatial resolution and over-simplify the
subsurface features. Though many hydrologic models have been developed to assess various
water cycle component, the interactions from groundwater to atmosphere under human water use
is not well developed in WA. The global community SDGs achievement requires developing
innovative scientific tools in WA and the coupled terrestrial systems modelling are indeed an

effective way to reach the target.

West Africa's rapid population growth and its impacts on water resources and land cover

(e.g., urban and agricultural water use) increase the magnitude of the climate change effects



(Foley, 2011; Bavel, 2013; Bliefernicht et al., 2018; Sy & Quesada 2020; Potapov et al., 2022).
The year 2050 is projected to witness more than half of global population growth living within
the sub-Saharan region (UN, 2019), and groundwater use is predicted to increase dramatically in
this region (Wada & Bierkens, 2014). Moreover, the Intergovernmental Panel on Climate Change
(IPCC) reports projected critical state of water availability for the domain (Niang et al. 2014) and
noticeable uncertainties for instance in runoff projections (Roudier et al., 2014). The resulting
uncertainty in flood and drought prediction will tamper with the mitigation and adaptation actions
(Hounkpé et al., 2022; Ogunjo et al., 2023). Therefore, continual efforts for improving the
representation of the land surface processes are required for flood and drought prediction

modeling systems.

To reduce the uncertainties in water and energy fluxes simulation, it is generally suggested
that both the representation of subsurface and land surface components should be improved
(Lahmers et al., 2019). For instance, the feedback effect of soil moisture on precipitation through
regional precipitation recycling is well documented as proof of the land surface interaction with
the atmosphere (Hsu et al., 2017; Wei & Dirmeyer, 2019). The global circulation models
employed to evaluate the soil moisture potential impact on large-scale atmospheric circulation
confirmed the need to adapt the model structure to better capture the dominant climatic and
hydrological conditions (Berg et al., 2017). At regional scale, the interactions between land and
atmosphere can be captured in finer detail with the Weather Research and Forecasting — Hydro
model (WRF-Hydro) modeling system, as demonstrated by evaluation studies using the
precipitation (e.g., Arnault et al., 2021; Quenum et al., 2022), runoff (e.g. Arnault et al., 2016;
Naabil et al., 2017), and soil moisture (Zhang et al., 2024) in data-scarce areas. The integration
of lateral terrestrial water flow to enhance the WRF-Hydro code in past studies (e.g. Zhang et al.,
2019) resulted in increased soil evaporation and soil moisture which directly affected the
simulated water balance. For instance, the application of a tagging procedure using WRF-Hydro
to track moisture in the water cycle showed that the consideration of lateral terrestrial water flow
slightly increases the regional precipitation recycling (Arnault et al., 2019; Zhang et al., 2019).
These findings demonstrated that the endeavor to represent in detail the hydrological processes

at the local scale can alter the model precision.

The land surface representation in land surface models (LSMs) and its interactions with
the atmosphere is widely explored and reported but pertaining to its responses and connections

with the lower part of the Earth system (e.g., subsurface), noticeable progress is required



especially in data-scarce areas. Despite the advance in the atmospheric and land surface models
coupling for water and energy fluxes simulation, the lower boundary description and
implementation are roughly detailed with arguable assumptions and foreseen biases in the
models’ results. In a prolonged dry season, water fluxes from groundwater sustain the soil
moisture and the evapotranspiration (ET) in a limited solar radiation area of Danube’s River basin
(Rummler et al., 2022). Although the contribution of subsurface water fluxes to surface water
availability in this particular area is relatively low (<2%), this contribution may increase
drastically in a water limited area such as the West African Sub-Saharan region. The West African
climate characteristics have been evidenced in terms of energy balance (Quansah et al., 2017;
Wanner et al., 2022, 2024), water budget (Schuol et al., 2008; Galle et al., 2015), groundwater
potential (Oussou et al., 2022) and various energy and water-related variables, but the question
regarding how the change of the subsurface dynamics at large scale influence the fluxes at the

land surface and in the soil is yet to be thoroughly investigated.

It is demonstrated in an energy-limited area that streamflow simulation using an improved
hydrological model Weather Research and Forecasting — Hydro model (WRF-Hydro) with a 2D
groundwater scheme performs better compared to a simplified subsurface and free drainage
scheme (Rummler et al., 2022). This evidence evaluation is fairly required for the present study
area because of the peculiar usefulness of the improved scheme to provide further accuracy in the
water and energy simulation. The interactions between water, and energy components are better
highlighted with detailed descriptions of the lower boundary and the development of more
effective tools (Fan et al., 2007; Miguez-Macho et al., 2007; Miguez-Macho et al., 2008; Fan &
Miguez-Macho, 2010; Niu et al., 2011; Miguez-Macho & Fan, 2012; Barlage et al., 2015, 2021;
Martinez et al., 2016). Two-way feedbacks between soil moisture and groundwater table are
demonstrated in some cases (Ajami et al., 2011; Atchley & Maxwell, 2011; Condon & Maxwell,
2014; Furusho-Percot et al., 2019). The advantages offered by these LSM improvements are
critically needed to diminish the discrepancies associated with understanding and closing the

water and energy budget in data-scarce areas.

There is a handful of approaches available to further improve groundwater processes in
climate and hydrological models (Sulis et al., 2017, 2018) varying from computationally less
expensive and column-based (1D) approaches (Niu et al, 2011) to distributed lateral flow
integration (medium complexity, Miguez-Macho & Fan, 2012) and variably saturated

groundwater models (3D) such as Parflow (Condon & Maxwell, 2019). The model configuration



adopted in each of these studies is defined by the level of complexity, the resolution (spatial and
temporal), and the coverage (global, regional, and local). While a 3D representation of the Earth
system is computationally achievable and efficient at a local scale to solve a particular
hydrological problem, a one-dimensional model can offer timely results for a larger scale.
Notwithstanding that argument, the improved LSMs increase the accuracy of the simulation of
the soil moisture (Wagner et al., 2016; Forrester & Maxwell, 2020), evapotranspiration (Koirala
et al., 2014; Martinez et al., 2016), and runoff (Batelis et al., 2020; Rummler et al., 2022). The
above-cited studies justify the attempt to achieve reliable accuracy in groundwater dynamics

representation with a dedicated land surface hydrological model such as WRF-Hydro.
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1.2 Problem statement and research question

The land surface of the Earth system is widely recognized as an intermediary interface
connecting subsurface and atmospheric processes through the exchange and storage of water,
energy, and carbon fluxes. Supported by extensive field measurements, Land Surface Models
(LSMs) provide a confident representation of natural phenomena and anthropogenic impacts at
the Earth's surface, influencing global climate policy decisions over recent decades. Despite these
hurdles, substantial progress has been made in elevating awareness of climate change, backed by
two key pieces of evidence. First, Sellers et al. (2007) demonstrated that plant biophysical
responses to increased CO2 can have a significant impact on the global climate. Second, Cox et
al. (2000) showed that the coupling of climate and carbon cycles has accelerated global warming
rates. Additionally, the interconnected questions that LSMs aim to address—such as groundwater
properties representation, feedbacks with the unsaturated zone and atmosphere, responses to
intensive pumping, and climate change effects—further complicate these challenges (Fisher &
Koven, 2020). While advancements in computational power and the availability of new datasets
have enhanced LSM spatial resolution (Wood et al., 2011), epistemic uncertainties and
unresolved heterogeneity continue to influence model outputs. Furthermore, the task of
accurately capturing subsurface processes and linking them to surface dynamics, climate change
evidence, carbon fluxes, and human activities (e.g., water supply and agriculture) remains both

critical and complex for sustainable resource management.

Groundwater (GW) systems, together with surface reservoirs and flow controls, regulate
and redistribute water resources between highly wet and water-scarce areas in a seasonal pattern.
This buffering function helps mitigate the impacts of climate change and human activities by
maintaining relatively stable outflows from land water storage. However, studies by Genereux et
al. (2013) and Ma et al. (2014) connected fluctuations in groundwater levels to ecosystem shifts
between carbon sinks and sources. Reliable evaluations of groundwater quantity and travel time
responses to climate forcing under changing conditions have been reported (Jing et al., 2020).
These findings underscore the necessity for intensified research, especially in Western Australia,
to understand how persistent groundwater level declines influence the carbon cycle and local
warming through changes in groundwater-dependent ecosystems. Prediction of groundwater
level variations has improved through training hydrosphere variables (e.g., soil moisture,
vegetation water content, rainfall) and atmospheric predictors (e.g., humidity, atmospheric

boundary layer, ENSO, AMO) using machine learning and deep learning techniques, revealing



significant results (Koster & Walker, 2015; Oussou et al., 2022). Although subsurface flows tend
to be relatively stable, exchanges between groundwater and the atmosphere (G2A) are non-
negligible (Condon et al., 2021), with feedback effects—sometimes delayed—impacting both
water and energy components (Maxwell & Kollet, 2008; Erler et al., 2019; Sorensen et al., 2021).
In addition, the link between climatic variability and bidirectional feedbacks and groundwater
responses remains a significant research question (Jing et al., 2020). Improved documentation
and assessment of these dynamics would enhance understanding of groundwater system

sensitivity to land surface processes.

It is arguably accepted that the main recharge process for groundwater replenishment in
the West African region is diffuse recharge through which the rainfall and/or surface water
reservoirs move slowly downward in form of moisture fluxes. The change in these fluxes
influences the groundwater reservoirs and can be arguably related to the prevailing climatic
condition at a given time and in response to climate change (Li et al., 2021). For large scale
groundwater system assessment in WA, although the increase in potential recharge under future
climate conditions is evidenced (Cook et al., 2022) at a relatively low horizontal resolution (25
km), it still requires thorough evaluation of climate change and anthropogenic impacts using
different global climate models and LSMs. For instance, regional initiatives such as the Great
Green Wall (GGW, Smiatek & Kunstmann, 2023) and the extreme climate events are significant
scenarios to test for improved understanding of diffuse recharge and informed decision making.
The diffuse recharge is the infiltration directly to the unconfined/semi-confined groundwater
system which is in contact with the planetary boundary layer. As the rainfall is for the land surface
processes, it is a primary factor in the subsurface fluxes and defines the groundwater

sustainability and potential.

Both the weather and climate at local and regional scale are sensible systems where
extreme events (e.g. flood and drought) can drive the subsurface-land-atmosphere interactions.
Sustaining agriculture, water supply and living condition in dry areas demand thorough
evaluation and prediction of the components of the terrestrial hydrology and their links with
energy and carbon fluxes. For instance, the latent heat of vaporization connects the water and
energy budgets and defines the evapotranspiration (ET) which contributes to the rainfall for more
than 60% (Wei et al., 2017). Berger et al. (2019) demonstrated in contrasting ecosystems of a
semi-arid savanna (WA) that rain events can trigger carbon sink or release based on the land use

characteristics. The land surface transpiration related to the vegetation represents close to 80% of



the total evaporation (Schlesinger & Jasechko, 2014). Regarding the water and energy cycle
exchanges, the combined effects of the vegetation dynamics on the land-atmosphere feedback are
significant (Suni et al., 2015). With the reported changes in the temperature and extreme events,
the evapotranspiration is prominently limited by water availability (Hosseini et al., 2022) while
plants carbon sink/release is mainly driven by the combined energy and water rates in the
ecosystem (Zhang et al., 2021). Major fluxes two-way exchange between the land surface and
the atmosphere are better captured with the coupled hydroclimatic models’ validation with field

measurements and remote sensing products.

The simulation of groundwater-soil moisture-atmosphere fluxes exchange in the sub-
Saharan climatic condition is a relevant scientific question that has not been extensively
documented to enrich the scientific debate on climate change. Many models coupling (ex, ARPS,
WRF-WRF Hydro, PARFLOW-CLM-COSMO, PARFLOW-WRF) are undertaken to relate the
boundary layer development to surface-subsurface processes (Sulis et al., 2017), assess spatial
and temporal latent heat connections with lateral surface and sub-surface flow in a three
dimensions condition (Rahman et a/., 2015. Shrestha et al, 2014), evaluate soil moisture
sensitivity and lateral flow influence in maintaining the surface process and boundary layer (Reed
et al., 2007) and the relationship of soil moisture dynamics with sub-surface lateral flow (Zhao

etal.,2021).
Based on the aforementioned evidence, this study attempts to answer the following

research question:

1) Does the parameterization of subsurface flow dynamics control the energy fluxes
and water cycle in data-scarce areas like West Africa (WA)?

i1) Do idealized afforestation experiments modify the patterns of water and energy
cycles, especially in the Sahel region, improve the water restoration for ecosystem
sustainability, and reduce the land warming effects?

111) Will climate projections (e.g., Temperature and Precipitation) under the Shared
Socioeconomic Pathways (SSP1-2.6, SSP5-8.5) affect turbulent fluxes and

subsurface dynamics at the local scale?
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1v) Does water table dynamics offset the seasonal variability of the greenhouse gas
emissions (e.g., CHs, N2O, CO») in contrasting land use types under the Sudanian
climatic conditions, and what are the primary environmental drivers regulating

CHa4 and N:O fluxes across these systems?

1.3 Aim and Specific Objectives

The aim of this study is to ascertain the groundwater-atmosphere interactions and controls

on water, energy, and greenhouse gas fluxes over West Africa.

The specific objectives are to:

1. evaluate land surface water and energy fluxes responses to subsurface parameterizations;

2. determine the effects of vegetation dynamic schemes and land use changes on the water
and energy fluxes;

3. assess the sensitivity of the surface turbulent fluxes to different warming scenarios; and

4. evaluate the effects of hydrological parameterizations on N2O, CH4, and CO; fluxes in a

coupled system.

1.4 Innovation

This study evaluates the potential of the WRF-Hydro model in representing subsurface
processes (e.g., water table) over West Africa, as the previous deployment of the model in the
region did not focus on this particular aspect. It assesses the model calibration using regionalized
parameterization (e.g., REFKDT, OVROUGHRTFAC) and ascertains its performance multi-
source dataset. Different idealized afforestation experiments are undertaken to evaluate for the

first time their impacts on water table depth, storage, and subsurface flow in the Sahel.

Moreover, an underground boundary dataset (Depth-to-bedrock) is produced for the
continent and validated using the integrated hydrological model Parflow-CLM. The signal of the
geological lineaments (e.g., fractures) in the fluxes at the land surface is evaluated for the first

time at the local scale. The effect of Climate projections under SSP1-2.6 and SSP5-8.5 on
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subsurface dynamics of the Donga basin is assessed. The spatial and temporal dynamics of major

greenhouse gas fluxes to water table dynamics are assessed using the JULES-Microbe model.
1.5 Structure of the thesis

The structure of this thesis is partitioned into five chapters. The general introduction and
statement of problem include the overview of the research question tackled in this study (Chapter
One). The aim and objectives, and innovation achieved are displayed in the same chapter. In
Chapter Two, the current state-of-art of the literature on the topic is presented succinctly with a
review of relevant thematics like Groundwater-Atmosphere modeling, model parameterization
and coupling, and water, energy, and greenhouse fluxes. This is followed by the description of
the methodology, data collect, and study domain presented as Chapter Three. Chapter Four covers
the results/findings obtained in this thesis with the discussions. In Chapter Five, the conclusion
and limitations of the study are provided with the perspectives and foreseeable research questions

as follow up.
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Chapter Two
Literature Review
2.1 Definition of some concepts
2.1.1 Water cycle

The movement of water within the Earth's systems follows a complex path, linking land,
atmosphere, and ocean through processes such as precipitation, evaporation, condensation,
infiltration, and others. The continuous circulation of water in its various forms (e.g., liquid, solid,
and gas) sustains life on Earth, whether animal or vegetal. Water droplets fall on the ground
through rain and snow, evaporate into water vapor, which condenses to form clouds in the
atmosphere. Water is transported by wind in its gaseous phase, flows on the land surface as runoff,
goes into the ground as infiltration, and provisions underground reservoirs as groundwater. Stored
in soils and biomass, water is labeled green water, sustaining plant and microbial activities. Blue
water is readily available, underground or surface water found in rivers, lakes, and groundwater

system, mainly exploited for human activities like agriculture and drinking water supply.
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2.1.2 Energy fluxes

The incoming shortwave and longwave radiation heat the Earth’s surface, which reflects
part of the energy and emits the absorbed radiation in longer wavelengths (e.g., infrared). The net
radiation from the land-atmosphere interaction is partitioned into three components (Fig. 2.2). As
the primary determinant of surface climate, the latent heat, sensible heat, and ground heat define
the energy balance in the boundary layer in response to energy gained from the solar radiation.
The magnitude of the energy balance components changes according to soil water availability
and incoming solar radiation, which in turn depend on the geographical location. Both diurnal
and annual cycles of solar radiation are reflected in the energy partitioning throughout the day
and year. The relationships between the turbulent fluxes (latent and sensible heat), surface
temperature, and net radiation are demonstrated in the Penman-Monteith equation (Forster et al.,
2021). The exchange of heat, also known as convection, occurs with the wind directions: eastward
(zonal) and northward (meridional). Major energy movement at the top of the atmosphere (TOA)
controls the energy budget of the climate system. Recent studies highlighted the Earth’s energy
imbalance as a result of anthropogenic actions on the global mean TOA radiation budget
(Schuckmann et al., 2016). The disruption of the TOA energy budget in terms of the change in
the magnitude of the incoming and outgoing radiation is a major factor affecting the state of the

global climate.
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2.1.3 Earth System Modeling

The dynamic processes of the Earth System are numerically simulated and predicted to
ascertain past, present, and future behaviors in the atmosphere, land, ocean, and ice using Earth
System models (ESMs, Fig. 2.3). The models represent quantitative and discrete descriptions of
geophysical fluid dynamic processes executed with high-performance computers to understand
the climatic and environmental systems (e.g., hydrosphere, atmosphere, biosphere, lithosphere,
cryosphere, and anthroposphere). The physical processes are estimated using parameterization
schemes by approximation of reality with empirics, heuristics, phenomenological laws, and
closing assumptions (Pan et al., 2025). Models are developed to solve fluid dynamics in sub-
systems in standalone mode and coupled to address peculiar scientific questions in terms of long-
term and immediate state and trend in the Earth system. Numerical solvers are improved to reduce
oversimplification of subsystems like groundwater in ESMs and produce accurate replica of the
Earth system (Li et al., 2023). Nevertheless, the caveat is higher complexity in models’ resolution
can lead to unforeseen discrepancies due to poor parameter tuning or coupling. Beyond the skills
of Global Climate Models (GCMs), pertinent elements of the Earth System is better captured
with detailed mathematical approximations of fluid dynamics in the components. Whether
present or future climate system is illustrated with these models to assess climate change effects
in Earth spheres. The analysis of the interactions between the simulated processes adds an
invaluable advantage in understanding the causality effects and feedbacks between the Earth’s
components. Many studies have evidenced the undeniable role of ESMs in improving human
understanding and decision-making, like raising awareness on current global warming, drought,

and flood (Zhou et al., 2022, Steffen et al., 2020; Kawamiya et al.,2020).
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2.1.4 Climate Change Impacts on Groundwater

The increase in water demand in response to population rise has triggered groundwater
depletion in highly populated areas. However recent studies have evidenced the persistent dry-
down in groundwater recharge and levels (Liesch and Wunsch, 2019; Wunsch et al., 2022) under
climate change. The variation of precipitation and temperature in a changing climatic condition
has altered land-atmosphere interactions, groundwater flows, quality and discharge (Alam et al.,
2019). According to IPCC report on groundwater (IPCC, 2007), the knowledge of recharge is yet
to be thoroughly enriched. The potential impact of climate change on groundwater still has a long
way to clarify the potential changes in groundwater-surface water interactions that might occur.
Nevertheless, some mitigated evidences are provided on the scientific question. For instance,
groundwater recharge is projected to decrease significantly by more than 70% in south-west
Africa, along Mediterranean Sea (southern rim), and north-eastern Brazil under four climate
scenarios between 2050s and the historical period of 1961-1990 (D6ll and Florke, 2005; IPCC,
2007). In contrary, an increase of more than 30% is projected for the western USA, the Sahel,
Siberia, northern China, and the Near East. Using JULES model with recharge estimated as soil
drainage from a 3 m deep soil column, Cook et al. (2022) projected an increase of groundwater
recharge by 1 to 20% of the rainfall in response to RCP8.5 by year 2100 with areas like eastern
Sahel and northern Ghana reaching 2-fold compared the reference (2000). Further, increased
evapotranspiration under global warming is likely to enhance saltwater intrusion into coastal
groundwater systems and sea-level rise by just 0.1 m can reduce freshwater lens by 8m (Bobba

et al., 2000).

2.2 Groundwater-Atmosphere interactions

The land surface in the Earth system plays a well-documented intermediary role,
facilitating the exchange and storage of water, energy, and greenhouse gases between subsurface
and atmospheric processes. Supported by field observations, land surface models (LSMs) have
become reliable tools for simulating both natural processes and human-induced changes at the
Earth's surface. These models have significantly influenced global climate change policies over
recent decades. LSMs have been widely used to assess Earth system states and fluxes at both
global and regional scales. However, as highlighted by Fisher and Koven (2020), they continue

to face three primary challenges: managing the complexity of processes, representing spatial
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heterogeneity, and understanding dynamic parameters. Despite these limitations, LSMs have
contributed greatly to raising global awareness of climate change, supported by two key findings:
(1) that plant biophysical responses to elevated CO- can substantially affect global climate
(Sellers et al., 2007), and (2) that coupling between climate and the carbon cycle accelerates

global warming (Cox et al., 2000).

The interconnected nature of the questions that LSMs aim to address adds to their
complexity (Fisher & Koven, 2020). This is especially true when incorporating groundwater
(GW) dynamics. GW systems involve diverse physical and chemical properties, interactions with
the unsaturated zone and atmosphere, responses to intensive groundwater extraction, and
sensitivity to climate change, all of which expand the scope and complexity of LSMs. Although
advancements in computational power and new datasets offer opportunities to improve the spatial
resolution of LSMs (Wood et al., 2011), unresolved epistemic uncertainties and subsurface
heterogeneity continue to limit model accuracy. Capturing subsurface processes and linking them
to surface dynamics, climate change indicators, carbon fluxes, and socioeconomic factors (such
as agriculture and water supply) remains a formidable but essential task for sustainable and
forward-looking resource management. The demand for integrated global groundwater
representation in Earth system models is growing, yet the specific GW properties to be included
and the methods of their integration remain poorly defined due to the intrinsic complexity of
groundwater systems. GW properties are generally categorized into hydrodynamic, chemical, and

isotopic groups.

However, estimating groundwater storage (GWS) and fluxes from space—at scales
ranging from tens to thousands of meters—has long been hampered by coarse spatial and
temporal resolution, data uncertainty, and a lack of field-based validation, making satellite-
derived GWS unreliable for critical decision-making. This issue is especially problematic in
densely populated and rapidly developing regions, where the demand for accurate, up-to-date
observations is urgent. Continued failure to meet these expectations could significantly
compromise decision-making by stakeholders in the water sector. Moreover, the term
"groundwater storage" (GWS) as used in remote sensing often oversimplifies the geometry and
hydrodynamic behavior of groundwater systems—particularly those at greater depths. As noted
by Miguez-Macho and Fan (2012), this oversimplification fails to capture the horizontal and

vertical flows in layered aquifer systems, and their feedbacks with land surface processes.
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2.3 Improving subsurface parameterization for Groundwater-Atmosphere modeling

The Earth systems’ fluxes beneath the land surface represented by lateral flows are what
characterize subsurface dynamics, and the simulation of these processes using bucket-type
models encounters failure. Jing et al. (2018) summarized some of the limitations, mentioning the
inseparable errors in GW storage and head estimation, thus in their feedbacks on land surface
processes. Not only that, these issues are attributed to the layered groundwater systems’
heterogeneity oversimplification and the absence of any possibility to account for solute transport
and retention (Benettin ef al., 2017; Van Meter et al., 2017) which consequently hinder the
improvement of understanding about climate change impacts on groundwater resources. As the
Earth’s subsurface complexity relies upon mainly its heterogeneity (3D varying quantity and
quality) and types of sources and sinks, partial differential equations (PDE) models have been
developed since decades to capture and solve both the steady and transcient states of underground
flows. One basic principle about the PDE-based models is that computations are defined by the
spatial gradients of the primary variable. A summary overview of these codes starting from early
2000 indicates models such as ParFlow (Maxwell & Miller, 2005; Maxwell & Kollet, 2008),
tRIBS (Ivanov et al., 2004) InHM (VanderKwaak & Loague, 2001), OpenGeoSys (Kolditz et al.,
2012), CAST3M (Weill et al., 2009), PIHM (Qu & Duffy, 2007; Kumar et al., 2009), CATHY
(Camporese et al., 2010), HydroGeoSphere (Hwang et al., 2014), MODHMS (Panday &
Huyakorn, 2004; Phi et al., 2013), GEOtop (Rigon et al., 2006), IRENE (Spanoudaki et al.,
2009), and PAWS (Shen & Phanikumar, 2010) in Jing ef al., (2018). Nevertheless, groundwater
simulation methods are grouped into variably saturated flow models (e.g. Parflow), saturated flow
models (e.g. MODFLOW), steady state models, and Quasi-3D models (e.g. LSM and ESM). The
unsaturated zone near surface flows are vital for species reproduction at the surface (e.g. Root
water uptake) and food production (e.g. Soil humidity and nutrients) however their simulation
accuracy using PDE-based models is reported to be less reliable (Paniconi & Putti, 2015). The
attempts to resolve this issue, improve both spatial and temporal resolution, and lower outputs
uncertainties are what in fact have resulted into the models’ complexity and higher computational
time. Though, it is arguably accepted that groundwater flow modelling should consider some key
factors at stake for good results namely capture the 3D flow whatever the scale and resolution,
account properly for land surface and overland flow processes, represent and connect shallow
and deep groundwater systems, and the withdrawal for human activities. Recent studies have

agreed on the undeniable need to bring together models’ specific capabilities whether to simulate
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saturated groundwater flow, water flow in the unsaturated zone, near surface quick flow, and
overland flow in a coupled way across scales at the surface water-groundwater interface (e.g.
Parflow-CLM, GSFLOW, PCR-GLOBWB-MOD, CP v1.0, and mHM-OGS). An impeding
scientific question is to elucidate the available coupled models’ regional suitability or skillfulness
in areas like the Sub-Saharan region. In addition, how can they be integrated in water resources

management at the local scale and how useful are they in decision making?

Adding to the global efforts to implement more realistic hydrological models, de Graaf et
al. (2020) argued that GW systems representation at a larger-scale should be evaluated based on
how well groundwater systems’ properties are captured. The achievement of this target is even
urgent and will be beneficial because of the multiple advantages displayed by GW resources
ranging from sustaining the land surface processes (e.g. River flow, evapotranspiration, wetlands)
(Maxwell & Condon, 2016; de Graaf et al., 2019) to soothing the global warming effects on the
water budget (Schaller & Fan, 2009), and providing a reliable water quality. The reconciliation
of the aforementioned desire (Gleeson et al., 2014) with the demand of higher spatial resolution
is not without repercussion on the computational time. Nevertheless, the accurate simulation of
key groundwater systems’ properties namely the hydraulic head, lateral flow, and storage change
is at stake for informed GW management and planning, and large-scale hydrogeological
assessment (Krakauer et al., 2014). Recent works have recognized the gridded data GLHYMPS
(Gleeson et al., 2014) as the most reliable for large-scale groundwater systems permeability (de
Graaf et al., 2020) however concerns have been raised about inconsistencies in low permeability
values of sedimentary basins (de Graaf ef al., 2019; Reinecke ef al., 2019) but this is out of this

study’s scope.
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2.4 Coupling Groundwater-Atmosphere for higher accuracy in modeling

In recent years, the long-time overlooked and hardly imaginable term "groundwater-to-
atmosphere climatology" has been brought to the scientific community's attention and simulated
over Europe (Kollet et al., 2018) with very significant outcomes, breaching the long-time barrier
between groundwater and Atmosphere experts and bolstering climate forecasts. Many works
undertaken over WA attempted to relate various subsurface features to the atmospheric dynamics
(Taylor et al., 2009), but the urgency to provide a spatially and temporally uniform assessment is
more than ever felt, especially under the ever-growing water need in highly populated areas and
climate change. Bloshl ez al. (2019) laid down 23 unsolved questions in hydrology, and Condon
et al. (2021) seven critical groundwater-related which serve as background to the following: (i)
which properties representation is relevant for human water demand satisfaction and
sustainability? (i) How can they be implemented accurately in a global/continental/regional
model? (iii)) How to fatten the nationally standardized hydrogeological data collection frontiers
for a uniform and widely accepted GW model? (iv) Depending on the primary and secondary
porosity intermittence which separate hard-rock GW flow from sedimentary and karstic terrains,
how do we capture natural hydrogeological frontiers complexity avoiding the pitfall of just
reducing the spatial resolution? (v) How do we bring together the historical need for accuracy in
Hydrology and global/continental/regional models relatively coarse resolution issue? A
successful global/continental/regional hydrogeological model parameterization is the first main
required achievement and is for great interest. This involves making sure that according to the
geological structure and properties the 3 types of system namely low-permeability (low-K), high-
permeability (K) and sedimentary systems are well represented. (vi) In low-K and high-K, how
passive and active Remote Sensing fractures/lineaments mapping can improve the
hydrogeological model parameterization? (vii) how remotely sensed land subsidence or
displacement in response to intensive groundwater systems' pumping can be represented or add
to the hydrogeological model parameterization? A comparative analysis is required and a well-
documented and accepted coupled models should be retained before the development of the
suggested Global Groundwater Platform (Condon et al., 2021) (viii) Which coupled models for
accurate and effective subsurface storage and fluxes simulation through Groundwater-

Atmosphere modelling?

The climate variability in form of CO2 concentration in the atmosphere is reported to be

irreversibly influenced and its annual flux quantification and related equivalent emission to the

24



atmosphere is arguably matched between sources and sinks (Liu & Dreybrodt, 2015). One of the
most important and well explored effects of climate change since decades is the alteration in the
land to atmosphere components of the regional hydrologic cycle and the feedbacks on GHG (eg.
carbon release). However, the subsurface storage loss whether caused by the storage change
seasonality or human induced removal is proved and labelled in recent years as a long time
overlooked and significant source of atmospheric carbon dioxide (Wood & Hyndman, 2017) with
an estimated global groundwater depletion from two sources of 145 km3/yr (Konikow, 2011) and
189 km3/yr (Wada, 2016) corresponding to emitted carbon dioxide of 9.7 and 13.5 MMT. The
storage anomaly when it dwells persistently in the negative quadrant, induces a net flux of
released CO», which is reported to be greater than at least seven of the 23 major sources identified
by the United States Environmental Protection Agency (US EPA). Further, the groundwater
discharge to the land surface into lakes, rivers, wetlands, etc, releases high concentrations of
bicarbonate (HCO3"), which in contact of the ambient temperature releases CO> due to the re-
equilibrium of CO2 (Wood & Hyndman, 2017). Many studies on groundwater quality in West
Africa have proved (Houéménou et al, 2020) the relatively significant concentration of
bicarbonate (HCO3") depending on the type of groundwater systems but its contribution to carbon
release is yet to be constrained using both in situ and satellite-based measurements. In fact, the
satellite products offer a unique possibility to evaluate at large scale groundwater depletion

induced carbon release at a relatively higher resolution.

2.5 Linking GW-controlled land cover change to water, energy, and greenhouse gas fluxes

Human-induced LULCC influence on the land surface processes is inevitable and the part
it plays in intensifying climate change drivers is widely reported (Sy et al., 2017). As one of the
COP 21 (Paris agreement) targets demands carbon dioxide removal (CDR) in form of biomass
sinks improvement with carbon capture and storage (BECCS), it is agreed that a positive
influence on LULCC can be beneficial in lowering global warming (mitigation) and improving
livelihood (adaptation). Groundwater controlled or dependent ecosystems contribute to LULCC
especially in shallow water level aquifers conditions like the WA fractured groundwater systems
(Freycon et al., 2015; Pierret et al., 2016; Oussou et al., 2022) but the potential of CO2 removal
of this particular type of vegetation received until now less attention. Also, LULCC impacts

exemplify by the biogeochemical effects (CO2, N2O, and CHy) respond to the two-sided whether
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natural or human-induced afforestation or deforestation (Carlson et al., 2016; Jia et al., 2019;
Friedlingstein ef al., 2020). Although the human influence on LULCC is well-documented, the
GWL or storage change contribution in accelerating or decelerating these biogeochemical
processes (e.g. Carbon cycle) deserves further attention and assessment. Prongatz et al., (2021)
discussed and improved understanding about LULCC versus climate effects but acknowledged
the need to expand the LULCC studies to sub-continental scales (e.g. WA) and relate them to the
UN-SDGs. Thus, the LULCC versus SDG6 which is the water component of the SDGs and how
it drives the water cycle remains a challenge to explore for water supply security in the ever-
growing global warming concern. (i) How does a persistent drawdown of GWL or storage in GW
controlled or dependent ecosystems drive biogeochemical processes in occurrence carbon cycle?
(i) How the seasonality of GW-controlled land cover change can be used to improve carbon
removal from atmosphere? (iii) What land use management practices are adapted in GW
controlled ecosystems for sound global warming mitigation? Although Gasser et al. (2020),
Houghton & Nassikas (2017), and Tian ef al. (2020) argued that anthropogenic greenhouse gases
emissions and removals are attributed to LULCC basing their affirmation on bookkeeping
models, the proportion of the human-induced GWL drawdown is yet to be counted. They have
been a diligent endeavour toward improving bio-geophysical and biogeochemical properties and
processes simulation using Dynamic Global Vegetation Models (DGVMs). As far as the LULCC
influence on the atmospheric feedbacks is concerned, the state-of-art has shown that DGVMs
improved in robustness and completeness from the coupled Land-Use and Climate, IDentification
of robust impacts (LUCID) project to future LULCC scenarios simulation through the coupled
LUCID-CMIPS (Brovkin et al., 2013; Boysen et al., 2014) and recently recommended as part of
CMIP6 in form of a dedicated Land Use Model Intercomparison Project (LUMIP) (Pongratz et
al.,2021). These Earth components integration orientated and accuracy minded efforts provided
further evidences about the anthropogenic LULCC effects on carbon release but still need to be
extended to the subsurface models. In a case of persistent human-induced GWL drawdown, soil
moisture and groundwater drought, the carbon cycle response and its contribution to atmospheric
feedbacks might be a clue for better LULCC effects understanding and subsequent decision-

making.

2.6 GW-Atmosphere modeling and observation data challenges
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There is a recent argument that GW modelling at different scales though serving specific
purposes, offers complementary benefits for understanding the Earth System and its’ feedbacks
(Gleeson et al., 2021). The attempts to capture and explain local scale GW systems behaviour
with large scale GW models have remained a daunting target where successful representation is
less imaginable due to their separate purposes. Moreover, the expectation that local measurements
will match large-scale GW models’ outputs even with high spatial resolution is arguably
overblown and the performance criteria is very often subjective. Because of that, three ways of
GW models’ evaluation namely observation-based, model-based, and expert-based are suggested
by Gleeson et al. (2021) but in limited GW data areas such as WA archiving this detailed analysis
though required encounters several challenges. The in-situ GW observations are sparsely
distributed, not well-monitored, filled with gaps, and the policy of monitoring wells siting
changes from country to country. Although some countries might have regular monitoring
platforms, others are undermined by the high proportion of private household GW pumping
which offers no record of the fluctuations. The model-based approach is more applicable in the
study area but the persistent disagreements in the outputs due to models’ specificity and
complexity makes it less reliable for decision making. The expert-based evaluation assumes that
the field knowledge is well-developed; otherwise, the evaluation is error-prone because of GW
systems variability. The regional-scale GW modeling has been preferred for decades and this is
partly due to the specificity of its local management, humanly assumed spatial extent based on
countries limits, and surface basin extent which are recently challenged because of the undeniable

need to study the GW systems as whole introducing the term *’Transboundary Aquifer Systems

© (IGRAC, 2021).

Adding to the well-established regional-scale GW modeling, the reaction of the GW
components of the Earth System to global change and anthropogenic influences require a genuine
attention to understand these vital resources from different perspective. The yearly (multiyear)
seasonality in GWL in a given region cannot be assumed to be totally disconnected from the
large-scale hydrological cycle, teleconnections, and feedbacks. More, large-scale GW modeling
is an indirect approach to tackle the long-time GW data scarcity in developing areas like WA.
Gleeson et al. (2021) argued the urgent need to achieve that by covering GW issues at local,
regional, and global scale. The influence of GW Systems on climate through energy, water, and
carbon distribution is extensively assessed but limited literature has taken into account this study

arca.
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The longtime challenge to bridge large and regional scale GW modeling for comparison
and validation purpose is argued to be no more considered as a panacea for successful GW
resources representation. Instead, the two types of models’ complementary based on their
strengths and weaknesses appear as an envisage-able option to improve understanding, regulate
water resources management, and efficiently handle the climate change crisis. Likewise, this is
an urgent requirement for poorly gauged areas and a way to have a globally uniform GW related
dataset at higher resolution. In the context of open science, the GW features complexity and the
difficulty to accurately capture them in GHMs and LSMs hinder the reliability of available global
data and their acceptance by the overall hydrologic community. This is reflected in the existing
GHMs and LSMs as the simulation of GW storage, hydraulic head, baseflow, streamflow and
runoff (Fan et al., 2007), capillary rise, recharge, drains to a river (Miiller Schmied et a/., 2014),
surface water and groundwater two-way exchange (D6l et al., 2016) is influenced by the models’
conceptualization, the assumptions and simplifications, and the computation limits. Despite the
existing interrogations on these models’ success, the difference in their characteristics for
example lateral extent, spatial resolution, models’ parameterization is what opens a way to a wider
possibility to duplicate at a large-scale the ongoing scientific debate at regional to local scale on
GW resources with likely less details. The progress in the LSMs coupling and the methods that
defines it can be a bridge not only between the numerical models but also from one layer of
discussion to another; that is, switching the analysis from scale to scale, building connections
between similar GW properties, and enhancing errors evaluation using the three aforementioned
validation practices (observation-, model-, and expert-based). This might require the
implementation of opensource and standalone tools orientated mainly towards this critical

question.

2.7 Representing subsurface boundaries for GW-Atmosphere modeling

The spatial distribution of subsurface boundaries, particularly bedrock occurrence, serves
as a critical lower limit for simulating land surface processes such as water, energy, and
greenhouse gas fluxes (Fan et al., 2013). Although recent efforts have sought to incorporate depth
to bedrock (DTB) into Land Surface Models (LSMs)—transitioning from the use of constant
depth values over large areas to the production of global DTB maps (Pelletier et al., 2016;

Shangguan et al., 2017; Hengl et al., 2017)—there remains a need for substantial improvements
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in both accuracy and representation. Significantly, the existing global DTB datasets have been
developed using borehole data from all continents, with the exception of Africa. Nevertheless,
these datasets are widely used in African-focused studies, despite the data gap. There is a
consensus in the literature that the minimum DTB value is 0 meters in locations where bedrock
is exposed at the surface. However, the maximum DTB values, typically found beneath stream
channels (de Graaf et al., 2015), vary considerably across different studies (Pelletier et al., 2016;
Hengl et al., 2017; Shangguan et al., 2017; Zamrsky et al., 2018). This inconsistency poses a
particular challenge in hard-rock terrains, where accumulated eroded material in riverbeds results
in greater DTB thickness. The spatial extent and depth of this sedimentation are shaped by a
combination of geological, hydrological, and climatic factors, complicating the task of accurately
estimating DTB. Because DTB is often modeled based on the probability or likelihood of thick
sediment deposition, identifying maximum DTB values, especially in riverbeds, remains
problematic and is still a matter of debate. Field measurements from hard-rock regions further
illustrate this uncertainty, with some DTB outliers exceeding the double the suggested maximum
limits (Shangguan et al., 2017). For example, Lachassagne et al. (2021) proposed a maximum
DTB of 100 meters, while estimates for Africa vary widely—50 m (Pelletier et al, 2016), 237 m
(Shangguan et al., 2017), and 2 m (Hengl et al., 2017). Although the maximum DTB suggested
in Pelletier et al. (2016) and Lachassagne et al. (2021) for the Earth system modeling, the practice
of assigning a constant DTB across large geological units is likely an oversimplification and may

lead to inaccurate model outputs in heterogeneous terrains.
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Figure 2.5: Conceptual model of watershed subsurface boundaries and examples of maximum
depth-to-bedrock. (Right) Maximum depth-to-bedrock for most groundwater and integrated
hydrologic models, Critical Zone Observatory (CZO) models and observations, and Land Surface

Models (LSM) depending on groundwater travel time and salinity (see Condon et al., 2020).
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The seasonal dynamics of groundwater systems, in conjunction with surface water
reservoirs and flows, play a critical role in regulating and redistributing water resources between
water-rich and water-stressed regions. Acting as a natural buffer, groundwater helps mitigate the
impacts of both climate change and human activities by sustaining a relatively stable outflow
from terrestrial water storage (e.g., Ndehedehe et al., 2021). However, research by Genereux et
al. (2013) and Ma et al. (2014) has shown that groundwater-dependent ecosystems can alternate
between functioning as carbon sinks and carbon sources, depending on fluctuations in
groundwater levels (GWL). Additionally, the quantity and travel time of groundwater flow under
climate change scenarios have been reliably assessed in some studies (Jing et al., 2020). Despite
these advances, further research is needed, particularly in West Africa, to understand how
persistent GWL declines—driven by both climate variability and land cover changes—affect the
carbon cycle and contribute to localized warming in groundwater-related ecosystems. The ability
to predict changes in GWL has been evaluated using a combination of hydrospheric indicators
(e.g., soil moisture, vegetation water content, precipitation) and atmospheric drivers (e.g.,
humidity, atmospheric boundary layer [ABL], ENSO, AMO), often through machine learning and
deep learning approaches (e.g., Kalu et al., 2022; Koster & Walker, 2015; Oussou et al., 2022).
Although subsurface flows are generally stable over time, groundwater-to-atmosphere (G2A)
exchanges are not insignificant (Condon et a/., 2021), and their delayed feedbacks influence both
the quantity and quality of hydrologic and atmospheric components (Maxwell & Kollet, 2008;
Erler et al., 2019; Sorensen et al., 2021). Improving and systematically documenting these
interactions can enhance our understanding of aquifer system sensitivities to land surface
processes—particularly those driven by climate change—and inform more effective water

resource and climate-related decision-making, especially in densely populated regions.

2.8 Greenhouse gas emissions under Groundwater-Atmosphere modeling

The terrestrial ecosystem in WA is not excepted regarding the greenhouse gases emission
especially the carbon exchange print on the environmental disruption and climate warming.
During the wet-to-dry transition periods, it is reported that the carbon sink driven by biomass
regrowth in the rainy season is replaced by the carbon release which prevails in the dry season
(Quansah et al., 2015) in West African Savanna. Although, a sudden drop in the precipitation rate

might mark severe decrease in the ecosystem respiration and therefore be considered a primary
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predictor of CO» rate increase in the atmosphere, it is yet to be apprehended to what surface or
subsurface factor this critical role is handover to in the dry season. This highlights the
unprecedented need to assess whether the dry season carbon rate increase is driven by exogenous
carbon importation due to atmospheric global circulation or in situ land surface or subsurface
fluxes. The latter options are foreseen by Quansah et a/. (2015) in which it is suggested that

factors related to the soil might enhance the ecosystem respiration.

There are two acknowledged major systems in WA that define the CO- fluxes inter-annual,
seasonal and diurnal trends year in year out in form of the terrestrial ecosystem influenced by
meteorological forcings and anthropogenic activities (Ciais et al., 2011; Janssens et al., 2003).
The Land Cover Land Use (LCLU) is the main carbon uptake and release component in the
terrestrial ecosystem depending on the vegetation greenness and drives the energy balance
(Quansah et al., 2015). It is argued that the ecosystem whether natural or influenced by human
activities switches from carbon sink in rainy season to carbon source in dry season but the annual
budget fluctuation in terms of inner-annual sink versus source time span and inter-annual storage
deficit in the past years in the Sudanian savanna is required for climate change related decision
making. In fact, the Quantile Function of Storage (QFS) can be used as a tool to efficiently
monitor the sink/source variability and how ecosystems degradation impacts carbon release and
its concentration change in the atmosphere. Although valuable actions have been taken to reduce
the lack of high confidence evidences about the contribution of the carbon budget of the Sudanian
Savanna to the global budget, there is an inevitable fact that different LCLU and local climate
condition display different energy, water and carbon fluxes. And this is even exacerbated in the
climate change era where the greenhouse gases effects related to carbon release from subsidies is

reported to increase (IPCC AR6, 2022 in SPM).

32



Vegetation composition

Climate warming Increased N deposition

Nitrifying bacteria

1 1
I NO, :
: Nitrification (Aerobic) 1
I NO;~ I
I Qxﬁe@m (Anaey :
|
1 NO,~ |
I
I

NH,*

I Denitrifying bacteria

Y e e e e
Qual Quantif
? Direct-positive effect Positive interactive effect

Soil substrate @ =

Direct-negative effect

)

N o

Figure 2.6: Conceptual schematic of CHs, N2O, and CO> fluxes in wetlands under N deposition,
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Limitations can be placed on the carbon fluxes because of reduced sunlight required for
photosynthesis during the rainy season and this infers that though plants activities might be
triggered by precipitation for carbon uptake, the light availability is reported to arguably drive
the rate in the Sudanian savanna (Berger et al., 2019). These two factors added to the land use
greenness are significant contributors to the carbon source versus sink strength in the region.
However, the question about the strongest driver of the Net Ecosystem Exchange (NEE) of CO>
is yet to be elucidated and the ambiguity of its’ spatial and temporal pattern remains a challenge.
It is fairly recommendable for better insight into carbon release issues in the study area that
existing factors from each Earth system component including subsurface should be explored and
relate to the carbon concentration change signals. To handle this, different methods such as the
original signal decomposition into sub-domains using Principal Component Analysis (PCA),
Independent Component Analysis (ICA), and Rotated Component Analysis (RCA) have proved
their efficiency in revealing the hidden patterns of variability embedded in a particular variable.
These multivariate statistics are widely reported methods for high-dimension data matrix

reduction to lower dimension or mixed signals separation (Ndehedehe et al., 2018).

Throughout seasons, water and energy limitations are reported to exercise significant
control over the biosphere-precipitation feedbacks in the Sudanian savanna (Klein et al., 2017,
Green et al., 2017 in Bliefernicht et al., 2018). And the carbon rate in the atmosphere switches
from sequestration to release when the season changes from wet to dry whatever the land cover
type in the study area (Berger et al., 2019; Quansah et al., 2015). Although, the net warming and
cooling effects of the atmosphere is associated respectively with carbon losses and uptake
increase, it is fairly a critical question to find out the carbon rate enhancement (sink/source) ability
of the rain in different land use conditions. That is, which association of rain duration, amount,

and intensity perform best in enhancing the carbon concentration in a particular land use type?

From carbon fixation to biomass and yield estimation, the Production Efficiency Model
according to Montheith (1972 and 1977) is well established for GPP and NPP assessment. But
the widely reported error associated to the estimation when compared to Eddy Covariance
measurements has remained a daunting task since the best structural optimization of the model is
yet to be archived (Zhang et al., 2015). This global endeavor to reach less error prone equations
have reached moved from factor to factor (fPAR, PAR, LUE) and the light use efficiency
parameter is known as a significant contributor to the error budget in the GPP models based on

Remote Sensing products (Gitelson et al., 2015). The environmental stress scalars integration to
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the LUE model for GPP computing has been limited so far to the land surface and atmospheric
factors (Wellington et al., 2022; Zhang et al, 2015). This is reflected in the required inputs
(Temperature, soil, precipitation) of the widely adopted models. Zhang et al. (2015) evidenced
the gain in accuracy of GPP estimation in different climate conditions using structural
optimization of the LUE models. Not only that, the evaluation of LUE models for better error
reduction using environmental stress scalars based on the Carnegie-Ames-Stanford approach
(CASA), Global Production Efficiency Model (GLO-PEM), Vegetation Photosynthesis Model
(VPM), and Eddy Covariance-Light Use Efficiency model (EC-LUE) has remained a challenge
and the integration of other Earth system component (subsurface factors) is yet to be explored.
That is, adding the subsurface and surface variables such as groundwater level and land
subsidence to the reported stressors to verify the improvement in the GPP and NPP estimation
accuracy is not less useful as the scientific debate on the aforementioned issue is yet to be cleared.
Although, these stress scalars might be less regarded in humanly influenced environments like
irrigated cropland, their control over carbon production in other land use type is not negligible

(Wellington et al., 2022).

Human activities such as land use and land management have led to a steady increase in
the atmospheric concentration of major greenhouse gases, including N>O, and CHa, over recent
decades, raising significant concerns about global warming (Canadell et a/., 2021; Guug et al.,
2025; Tharammal et al., 2019). The cumulative effects of the carbon dioxide emission have
pushed the threshold of the atmospheric CO> concentration to 414 mmol mol! (NOAA, 2020). A
score of factors is identified as ways the terrestrial system influences the atmosphere, especially
the net ecosystem exchange (NEE) of the plant and soil (Humphrey et al., 2021). While the
environmental impacts of CO: emissions are well documented (Baldocchi, 2003), the
contributions of nitrous oxide (N20) and methane (CHa) to global warming potential (GWP) are

even greater per molecule—yet their monitoring, especially in West Africa, remains limited

With a global warming potential of 25 times that of carbon dioxide and a lifetime span of
less than a decade (Canadell et al., 2021), the level of the atmospheric CH4 concentration between
the pre-industrial era and now has reached 1879 nmol mol'(NOAA, 2020). CH4 emissions from
agriculture, livestock breeding, and manure management (Heilig et al., 1994) is widely reported
however the contribution from rainfed farming in West Africa is yet to be thoroughly investigated.
The biological and environmental factors that affect CH4 emissions are many (Xu et al., 2016)

but soil moisture is one of the most significant (Dutaur & Verchot, 2007). Notwithstanding the
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aforementioned evidence, further clarification in uncovered or poorly covered areas (i.e., West

Africa) is necessary for decision-making.

The global endeavour for climate change adaptation and mitigation is mainly focused on
the carbon dioxide emission but the global warming potential (GWP) of nitrous oxide (N2O) is
reported 265 times higher with more than a century life span (NOAA, 2020; Pachauri et al.,
2014). The highest rate of total N2O emissions due to human activities is in the agricultural sector
(Tian et al., 2020; Grossi et al, 2018). N>O emissions on agricultural soils are a direct
consequence of animal excreta and fertilizer applications (Flechard et al., 2007). The needs for
organic nitrogen fertilizers vary from crop’s yield improvement to intensive grass growth
simulation for large-scale grazing events (Murphy et al., 2022). Two types of nitrogen (N)
spreading responsible for N>O losses increase are the cumulative effects of fertilizer application
on top of animal excreta and on urine and dung deposit (Carpinelli et al., 2020; Maire et al., 2018;
Hyde et al., 2016; Jarvis et al., 1995). The ratio of N>O release to uptake is therefore further
exacerbated at the affected spots when both the plant N demand and soil microclimatic conditions

tilt the balance in the emission direction (O’connell et a/., 2004).
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2.9 Current state of observational data availability for Groundwater-Atmosphere models

validation in West Africa

Most of the environmental, hydrological, and hydrometeorological studies rely on the
traditional concept of observational systems, hydrological observatories or advanced
hydrometeorological systems. Today’s statistics reveal at the global level a non-negligible
progress in covering poorly gauged areas and a growing attention towards interdisciplinary
research (Bloschl et al., 2016). Despite the compelling necessity to achieve this purpose in WA
because of increasing weather extremes, climate hazards, and water-food scarcity (IPCC AR®6,
2022), the high cost required for hydrometeorological instruments acquisition has placed a
serious limitation on WA. Notwithstanding these issues, since 1980s two types of international
research projects have benefited the region like the short-term period (less than 3 years) field
experiments focusing on energy balance (Sahelian Energy Balance Experiment — SEBEX,
Wallace et al.1991, Kahan et al, 2006), micrometeorology (Nigerian Micrometeorological
Experiment — NIMEX, Jegede et al., 2004, Mauder et al., 2007), African Monsoon Analysis
(NASA field campaign of the African Monsoon Multidisciplinary Analysis - NAMMA, Smith et
al., 2012), precipitation (Estimation of Precipitation by Satellite-Niger experiment — EPSAT-
Niger, Lebel et al., 1992), and Hydrology (Hydrologic Pilot Experiment in the Sahel —- HAPEX-
Sahel, Goutorbe et al., 1994, Lebel et al., 1997). And the relatively long-term (greater than 3
years) observation networks such as the African Monsoon Multidisciplinary Analysis (AMMA)
program established in three countries (Benin, Niger, and Mali), the Dahra test in Senegal, and
the WASCAL observatories which complete operation remains a challenge for the host

stakeholders.

The global south unlike the north benefits less from the global endeavour for fluxes
monitoring. In fact, there is a compelling limitation of climate stations and long-term
measurements are rare (Ceperley et al., 2017). In fact, the fluxes monitoring especially in the
semi-arid savanna grasslands are still not thoroughly explored (Sjostrom et al., 2013; Tagesson
et al., 2015) and tropical savanna ecosystems are yet to be extensively studied compared to the
tropical rain forests (Rodrigues et al., 2013). The beginning of the 21st century has seen an
increase in flux monitoring in WA using different technics in diverse climatic conditions and land
use. However, the first longest series by EC method measuring CO2 and energy fluxes in the
Sudanian savanna of West Africa is traced back to 2008 (Briimmer et al., 2009). The energy

components were not all measured back then in tropical West Africa (Mauder et al., 2007b). The
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experiments were based on the flux-gradient similarity (Jegede et al., 2005; Balogun et al.,
2002a), assuming a closed energy balance for the Bowen ratio method (Bowen, 1926; Ohmura,

1982) and the modified Bowen ratio (Liu & Foken, 2001; Balogun et al., 2002b).

A score of experiments have been setup for surface energy balance assessment in WA such
as the Large Aperture Scintillometer (LAS), radiometer, and EC method implemented in the Volta
basin for seasonal cycle analysis (Schiittemeyer at al, 2006). In a tropical climate (Ile-Ife,
Nigeria), the components of the energy were measured for the first time using a micro-
meteorological experiment during the seasonal dry to wet transition period in the first quarter of
2004 (Mauder et al., 2007b). The EC fluxes monitoring experiment in an undisturbed south
Sudanese savanna was undertaken for energy and carbon assessment for two years in Burkina-
Faso (Briimmer et al., 2009). Further, the area-averaged sensible and latent heat fluxes of the
Wankama catchment in Niamey (Niger) were estimated with LAS Scintillometer using an
aggregation scheme covering three types of vegetation and the result compared to EC
measurements (Ezzahar et al., 2009). The Scintillometer technic combined with EC method was
deployed during the end of the dry season 2006 in Northern Benin and turbulent heat fluxes were
measured (Guyot et al., 2009). The climate fluctuations and their implication on energy fluxes,
water cycle, and vegetation was assessed at Gourma observatory with EC stations in Mali
(Mougin et al., 2009). Furthermore, in a semi-arid Sahelian climate, the energy balance
components especially the vertical flux of a millet field and semi-natural fallow plot was
monitored with EC stations in Wankama catchment (West Niger) over two years. The land use

control over the energy balance closure is evidenced for the Sahel in Timouk et al. (2009).

The West African monsoon seasonal cycle and the related surface turbulence of the
Planetary Boundary Layer in 2006 was observed with the EC method in the Northern Benin
(Lohou et al., 2010). The network of FLUXNET measurements sites is upscaled to the global
level with ML algorithms and model tree ensembles (MTE), and the final product was proved
useful for the West African climate (Jung et al., 2011). The evaporative fraction, a product of the
surface turbulence is derived from Remote Sensing products and related to the ground heat flux
employing a given parameterization scheme for four EC sites between 2005 and 2007 in different
climatic condition (Tanguy et al., 2012). The gross primary productivity (GPP) from 12 EC
stations in Africa including one from a grassland/shrubland of Bontioli reserve (Burkina-Faso)
served as reference to evaluate the remotely sensed GPP of the MODIS satellite (Sjostrom et al.,

2013). Tagesson et al. (2015) investigated the climate change in Senegal and its impact on the
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environment in a semi-arid savanna grassland. The carbon, water, and energy fluxes of the
ecosystem is explored with the EC method. Also, the accuracy of the Coupled Model
Intercomparison Project Phase 5 (CMIP5) in simulating the latent heat is assessed at the global
level with 240 EC sites extending from 2000 to 2006 (Yao et al., 2016) with evidences for WA.
Ceperley et al. (2017) demostrated that the turbulent fluxes through the evaporative fraction is
influenced by the land cover health in a small catchment (Burkina-Faso) which added to the soil

moisture gives a reliable prediction of the evaporation.

The EC technique is deployed in numerous ecosystems for relatively long period of
observation (Mauder et al., 2013; Aubinet et al., 2012) in Europe (Integrated Carbon Observatory
System — ICOS, www.icos-infrastructure.eu), in Germany (Terrestrial Environmental
Observatories, www.tereno.net), and in US (National Ecosystem Observatory Network,
www.neoninc.org). The limitation related to long-term fluxes monitoring in WA is well reported
(Bliefernicht et al., 2018) and the experiments setup lack of required resources to sustain the
observation and provide reliable measurement. Different land cover types fluxes exchange in the
Sahelian region is observed through the Sahelian Energy Balance Experiment (SEBEX) with the
purpose in the one hand to measure directly the energy available, evaporation, and the sensible
heat flux; and in other hand to evaluate Satellite Remote Sensing efficiency in estimating energy
fluxes for regional climate forecasting (Wallace et al., 1991). Improving the global circulation
models (GCMs) parameterization was one of the targets for deploying the Hydrologic
Atmospheric Pilot Experiment in the Sahel (HAPEX-Sahel). Not only that, the West Niger area
was provided with a relatively large amount of data and study outputs (Dolman et al., 1997,
Goutorbe et al., 1997). The land-atmosphere processes of the study area are assessed at the large
scale with the aggregation of field measurements, Remote Sensing, hydrological and
meteorological modeling (Goutorbe et al., 1994). Two main limitations were underlined about
the experiment by Ramier et al. (2009): the experiments’ spatial placement was dispersed and the
time period devoted to the observation was short (end of 1992 rainy season). Further, the Nigerian
micro-meteorological Experiment (NIMEX) assessed the energy fluxes in a tropical climate of
WA with different types of method such as the EC measurement (Jegede et al., 2005; Mauder et
al., 2007b).

The water resources management was the main focus for the GLOWA-Volta project
“Sustainable Use of Water Resources: Intensified Land Use, Rainfall Variability, and Water

Demands in the Volta Basin in the early 21st century providing science-based decision-making
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tools for development, integrated, and sustainable water use (Van de Giesen et al., 2001;
Schiittemeyer et al., 2006). Both precipitation and evaporation were measured and simulated to
spatially understand water availability and feedbacks in WA, particularly in the Volta basin. Also,
the nexus of soil, vegetation, and anthropogenic activities on climate and hydrology in terms of
land use change impact is assessed. The project analysed various aspects of water resources
management (Hydrology and water use) from the legal, political, and institutional perspective to
spatial and temporal availability, use, and demand. It covered complex scenario simulations for

decision-making and technology integration (BMBF, 2005).

The African Monsoon Multidisciplinary Analysis (AMMA) project is one of the early
initiatives to investigate thoroughly the West African Monsoon (WAM) in terms of land, ocean,
and atmosphere interactions and feedbacks (AMMA-ISSC, 2005; Redelsperger et al., 2006;
Guyot et al., 2009; Galle et al., 2018). Therefore, experiments are setup for interdisciplinary
analysis in a joint global endeavour. More, a long-term variability of the WAM dynamics, land
surface processes, and rainfall is undertaken through the “Couplage de I’ Atmosphére Tropicale
et du Cycle Hydrologique”, a component of AMMA (Lebel et al., 2009; Timouk et al., 2009).
Three bioclimatic zones, namely North-Guinean, Sahel, and Sudan, with different annual rainfall,
are extensively assessed with three mesoscale sites located in Benin, Niger, and Mali (Lebel et

al., 2009; Galle et al., 2018).

The West African Science Service on Climate Change and Adapted Land Use (WASCAL)
program launched a hydrometeorological data collect initiative since 2012 using climate and EC
stations. The water, energy, and greenhouse gases of the Sudanian savanna of WA are monitored
with the intent in one hand to evaluate land use change controls over climate, and climate change
social and ecological impacts. In other hand, decision making strategies are provided for
adaptation and mitigation. To achieve that purpose, more than 30 meteorological variables in sub-
hourly temporal resolution are measured at different sites with a growing number instrumentation
for particularly greenhouse gases (CO2, N20O, and CH4). The different types of land use
considered are nature reserve/near natural, cropland, a mixture of fallow, and degraded grassland
which indicates the vegetation greenness gradient of the savanna (Bliefernicht et al., 2013;
Quansah et al., 2015; Bliefernicht et al, 2022). The past publications that used the
aforementioned dataset provided details and relevant information about the EC stations. The
advantages offered by the EC instrumentation for micro-meteorological studies in WA are

multiple as longtime unexplored land surface fluxes exchange in the region is now revealed
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(Bliefernicht et al., 2013, McGloin et al., 2018). This adds up to the existing global network such
as FLUXNET (Baldocchi et al., 2001) and is a reliable data source for multi-discipline analysis
and models’ validation (Stockli et al., 2008; Jaeger et al., 2009 in Franssen et al., 2010).
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Chapter Three
Materials and Methods

3.1 Sensitivity of water fluxes to subsurface flow parameterization schemes using a

groundwater-enhanced Weather Research Forecast Hydro modeling system

3.1.1 Study area

The area of interest is selected based on the data availability and extends between the
longitudes 5°37.8° W and 4°6.6’ E and the latitudes 4°43.8’ N and 15°51.0’ N (Figure 3.1). It
encompasses part of the climatic zones in the region, namely the Guinea Coast, the Savannah,
and the Sahel. It covers fully West African countries like Benin, Togo, Ghana, and Burkina Faso;
and partly Ivory Coast (12.2% of the study area), Niger (9%), Mali (13.3%), and Nigeria (5.2%).
The largest basin within the area is the Volta catchment which drains approximately 30.7% of the
study area. The two main physical features bordering the area are the Sahara Desert and the
Atlantic Ocean respectively in the north and the south (Menz, 2010). The hydrography network
drains the rainfall from the northern part to the southern coast through multiple rivers like the
Volta and Pra Rivers in Ghana, Comoe, and Bandama in Ivory Coast, Oueme and Mono in Benin
and others. A portion of the third-longest river (Niger River) traverses partly the upper region of

the study area where its tributaries extend to the neighboring countries.

The yearly deployment of the Inter-tropical Discontinuity (ITD) drives rainfall variability
across West Africa (Aryee et al., 2024; Lavaysse et al., 2009). The annual rainfall varies from
1250 to 1500 mm in the subtropical climate of the Guinea Coast, 600 to 1200 mm in the semi-
arid region of the Savannah, and 150 to 600 mm in the Sahel. From rainfall onset to cessation,
two peaks of rainfall are generally recorded in the south and one in the north. For instance, the
imprint of the monsoon jump and Dahomey gap are reflected in the spatial variability of the
rainfall in the region. The North-South gradient in the yearly rainfall amount is consequential as
it is reflected in the spatial distribution of vital human activities intensity like agriculture,

livestock breeding, water supply, and others.

At the regional level, the soil and geological features cannot be exhaustively detailed
because of their complexity and the need for specialized descriptions which can change between
countries and even experts. Nevertheless, the simplified maps existing in the literature give a hint
for an overview. For instance, the State Soil Geographic Database (STATSGO; Miller & White,

1998) indicates that the sandy clay loam, sandy loam, and loam soils as the dominating soil types
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in the region. The sandy loam soils are more abundant in the sedimentary basins like the Coastal
Sedimentary Basin, the Kandi Sedimentary Basin, and the Volta Sedimentary Basin. In basement
areas which cover 65.2% of the study area, the sandy clay loam soils occupy the first rank.
Metamorphic rocks cover the largest part of the study area based on the global lithological
database (GliM; Hartmann & Moosdorf, 2012), and constitute matrices where fractured
groundwater systems occur. The unconsolidated sediments and other sedimentary rocks are found

in the sedimentary basin where groundwater systems’ depths are more significant.
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Figure 3.1: Study area represented by the digital elevation model of HydroShed (Lehner et al.,

2008; Left; elevation is indicated in metres) and land cover maps of MODIS (Friedl et al., 2010;

Right) with countries limits (black), catchments (red), river gauges (blue triangle), and the river

network (light blue). Four basins are represented (Faga, Sissili, Oueme, and Donga).
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3.1.2 Dataset
3.1.2.1 On-site observations

The energy balance components, soil moisture, and other climatic data are gathered as
benchmarks for the simulations’ validation. They are monitored by the AMMA-CATCH project
and the WASCAL observatory through the CONCERT project. The Eddy Covariance method is
employed at the three sites of the CONCERT project to measure the turbulent fluxes and a set of
other climatic variables. The diurnal cycle of the energy fluxes is compared to the simulated in
the dry season from 1° to 3™ January 2013. The latent heat flux is used to compute the potential
evapotranspiration (PET) which is done with the Python package PyEt (Vremec et al., 2024;
Vremec et al., 2023). The tool offers 21 approaches for the computation but only three are
employed in this study namely Penman (Penman, 1948), FAO-56 (Allen et al., 1998), and
Priestley-Taylor (Priestley and Taylor, 1972). It requires climatic variables such as the
temperature (°C), the solar radiation (MJ m™ day™), the relative humidity (%), the wind speed
(m/s), and the height of the wind measurement. The PET is further transformed into the actual
evapotranspiration (AET) by combining it with the crop coefficient (K¢; Kamble et a/., 2013; Eq.
3.1) estimated from the Normalized Difference Vegetation Index (NDVI) of the Moderate
Resolution Imaging Spectroradiometer (MODIS) mission (Friedl et al., 2002). This NDVI dataset
is chosen mainly because it has been widely used and has a relatively long period (2002 to

present). The AET is computed using a simple linear equation suggested by Kamble et al. (2013):
KcNDVI = 1.457 * NDVI — 0.1725 (Eq. 1); and AET = KcNDVI * PET (Eq. 3.1)

The choice of the three is to have a broader appreciation of the accuracy of the simulated
evapotranspiration. The soil moisture content (%) is monitored at different depths and locations
at some sites, but only the first layer is considered. The river discharge data are obtained from

the Global Runoff Data Center website (https://grdc.bafg.de/) and the ‘’Direction General de

I’Eau®’ of Benin.
3.1.2.2 ERAS5-Land Reanalysis

The meteorological forcing data used to drive the WRF-Hydro model in this study is
derived from the ERAS5-Land reanalysis provided by the European Centre for Medium-Range
Weather Forecasts (ECMWF) (https://cds.climate.copernicus.eu). ERAS5-Land is an enhanced
version of the earlier ERAS, which itself replaced the ERA-Interim dataset. It offers improved
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precipitation accuracy (Nogueira, 2020) and features reduced dependence on external data
sources during near-real-time production (Mufioz-Sabater et al., 2021). This global dataset
provides meteorological variables at a 0.1° horizontal resolution (approximately 9 km) and
includes four surface model levels, spanning vertically from 289 cm below the surface to 2 m
above ground level. It offers an hourly temporal resolution and covers the period from January
1950 to the present. The specific ERAS5-Land variables utilized include:10 m u and v wind
components (m s™'), 2 m temperature (K), 2 m dewpoint temperature (K), Surface pressure (Pa),
Downward shortwave radiation (J m?), Downward longwave thermal radiation (J m2), and Total
precipitation (m). ERAS5-Land was selected for this study due to its improved accuracy over
previous reanalysis datasets and its growing adoption in hydrological modeling (Dalla Torre et

al., 2024) and land surface modeling (Draeger et al., 2023).
3.1.2.3 Remote Sensing products
a. GLEAM dataset

The skill of the simulated evapotranspiration from the 3 schemes is assessed using the
Global Land Evaporation Amsterdam Model (GLEAM; Miralles et al., 2011; Martens et al.,
2017). The GLEAM product is generated from satellite data with a set of algorithms and provides
10 variables including the actual evapotranspiration (AET, mm/day) used in this study for

validation (www.gleam.eu). It is a semi-empirical model used in many studies for validation. The

GLEAM version 3 produced in 2021 uses a new data assimilation scheme validated by Martens
et al. (2017) and both the evaporative stress functions and water balance module were updated.
Despite the difference in the spatial resolution with the present simulations, the dataset is chosen
because it has been used in similar studies and found reliable for investigating evapotranspiration

in various climate systems.
b. ESA-CCI Soil Moisture

The soil moisture data from the European Space Agency Climate Change Initiative (ESA-

CCI; http://www.esa-cci.org/) blends active and passive microwave products using proportional

weights to the signal-to-noise ratio (SNR). The triple collocation (TC) analysis is applied to
retrieve the soil moisture in areas where TC based SNR estimates are available. In areas with no
TC based SNR, a polynomial regression of those estimates and the Vegetation Optical Depth
(VOD) is employed to compute the soil moisture. The dataset is in three types based on the

sensors namely the Passive, and Combined which are in the volumetric unit (m* m), and the
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Active in the percentage of saturation (%). It benefited from the harmonization of different
sensors and required thorough scaling procedures using the cumulative distribution function
(CDF-) matching approach. For the data accuracy evaluation, the error standard deviation is
computed and made available as soil moisture uncertainty. The simulated soil moisture is
compared to these products for domain-level evaluation as undertaken in past studies (Eini et al.,

2023; Seo & Dirmeyer, 2022).

3.1.3 Methods
3.1.3.1 Description of the WRF-Hydro hydrological model

The distributed WRF-Hydro model is an enhanced representation of the Weather Research
and Forecasting (WRF) model to count for the hydrological processes occurring from the land
surface to a few depths of the soil column. It improves on past vertically solved hydrological
models and employs a set of lateral water routing schemes to compute the overland, surface, and
subsurface flow. The basic concept for the occurrence of both surface flow and subsurface flow
in the WRF-Hydro model is that quantifiable flux is generated if the maximum retention depth is
reached in the grid cell and the maximum humidity capacity of a soil layer is exceeded (Cerbelaud
et al., 2022). Under persisting rainfall, the pounded water increases in depth at the land surface
and is later partitioned into evaporation and infiltration through the vertical routing scheme of
Noah-MP. The channel routing (1D) and 2D overland flow schemes are interconnected so that
routing the flow over the land surface if a channel grid cell is reached and the surface water is
greater than the local retention depth, the excess is routed through the channel model. The two
water flow routing processes are implemented with simplified Saint-Venant equations in form of
the diffusive wave equation of shallow water models (Hingray et al., 2015). The topographic
effect on the soil layers is combined with the permeability and saturated soil depth to calculate
the subsurface flow (Gochis et al., 2013). The model is forced in offline mode using gridded
reanalysis products presented above in section 3. The required forcing variables namely the
incoming shortwave radiation, incoming longwave radiation, specific humidity, air temperature,
surface pressure, and near surface u and v wind components are employed as atmospheric input.
The Land Surface Model (LSM) used with WRF-Hydro is Noah LSM with multiple
parameterization options (Noah-MP; Niu et al., 2011). The spatial resolution of the Noah-MP is
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coarse compared to the WRF-Hydro horizontal grid spacing and has four soil layers of 0.1, 0.4,
1, and 2 m depths.

3.1.3.2 Experiments setup overview

The model setup is undertaken for the study area in the offline mode encompassing three
climatic zones (Guinea, Sudanian, and Sahel) with a spatial coverage of 1312500 km?. Though
the application of the model to this region was done in past studies, the evaluation of an improved
groundwater scheme offers further variables analysis, an assessment of the subsurface and land
surface interactions is therefore made possible. The study area is defined based on the field
measurement availability from past and ongoing scientific and government projects focusing on
water, energy and greenhouse gas fluxes monitoring in West Africa (Fig. 3.1). To mention some,
the AMMA-CATCH project (Galle et al., 2018; AMMA-CATCH, 1990), the WASCAL
observatory through the CONCERT project (Bliefernicht et al., 2018; Berger et al., 2019), the
CSIR-Water Research Institute of Ghana, the “Direction General de I’Eau” of Benin and many
others have built significant hydro-meteorological and hydrogeological databases which serve as
benchmark for the validation of the model simulations. In the WRF-Hydro framework, the
required inputs can be categorized into static input including variables like the topography, the
spatially distributed soil and land cover information, and the meteorological forcing. The regional
characteristics of the study area is implemented into the model by relating both the vegetation
parameters and soil hydrology parameters to respectively the land cover and soil maps. Regarding
the soil and subsurface processes representation, further detail is provided in the model schemes
description (Table 1). The MODIS modified IGBP land cover product provided in the model is
used for the three simulations (Friedl et a/., 2010). Further, the 1-km STATSGO database (Miller
and White, 1998) made of 19 soil types which is provided in the default WRF-Hydro model
settings is used with the corresponding soil hydraulic parameters estimated based on the

suggestions of Cosby et al. (1984).
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Table 3.1: Model setup description of WRF-Hydro and Noah-MP

Objects Description
Hydrological Model WRF-hydro in offline mode
Land Surface Model Noah-MP

Forcing

ERAS5-Land of 0.1° resolution

Horizontal resolution

1 km and 250 m respectively for

the LSM and Routing
LSM Grid points 1050 X 1250
Routing Grid points 4200 X 5000
Input time step Hourly
Output time step 24h
01 January 2009 — 31 December
Simulation period
2022
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The model spatial discretization is 1km resolution in x and y dimension making it 1050 X 1250
cells for the LSM and 250 m resolution for the routing sub-grid; hence the aggregation factor is
4. The HydroSHED digital elevation model (DEM) serves as the land surface topography to
create the watersheds and drainage network. The generated river network accuracy is verified and
adjusted based on high resolution satellite images until the best representation is obtained. Initial
and boundary conditions are derived from the ERAS5-Land reanalysis dataset. More details are

provided on the forcing in the data description section 3.
3.1.3.4 Default Option or Free drainage parameterization

The original surface and subsurface runoff condition which is defined as the default
setting and free drainage in Noah-MP serves in this study as reference parameterization for the
options evaluation. In this representation of the soil column, the infiltration from the land surface
to the soil is scaled with three global parameters namely REFKDT, REFDK, and SLOPE (Eq. 3.2
& 3.3).

qurface = Qwat — Imax (Eq. 3.2)
And

1 D[1 — exp(—kdt * 6,)]
— k
max Qwat Qwat + D[l - exp(—kdt * Sf)]

(Eq.3.3)

The surface runoff Qgyrqce 18 computed by subtracting the soil infiltration rates Ip,q, from the

water input rates Q,, 4 into the soil. The Infiltration/exfiltration rates into and out of the soil are
a function of the liquid soil moisture deficit of the model soil column, the time between two

model time steps (8;), the saturated permeability coefficient (K4 ), the reference value (Kyer)
for the saturated permeability coefficient (REFDK) and the REFKDT parameter (kdt,.r). The

REFDK of 2x10°° m/s (silty-clay-loam) is chosen as default value. The liquid soil moisture deficit
(Eq. 3.4 & 3.5) is written as follows:

D = Y1 AZ;(Bsqc — 6;) (Eq. 3.4)
And

kdt = kdtye *

Ksat
Kref(Eq' 3.5)
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The third global parameter SLOPE is defined as a scaling factor of the percolation Qp¢yc. This
explains the drainage of water from the bottom of the soil layer and approximates the rate at
which the drainage from the bottom occurs (Eq. 3.6). In this free drainage condition, the global
SLOPE is set to 0.1 and the corresponding Qprcin this groundwater bucket option is redistributed

to the channel network.
Qperc = SLOPE * K4(Eq. 3.6)
3.1.3.5 MMF runoff scheme

For Improved subsurface representation in LSMs, the two-dimensional MMF
groundwater parameterization (Barlage et al., 2015; Fan et al, 2007; Fan & Miguez-Macho,
2011; Miguez-Macho et al., 2008; Miguez-Macho & Fan, 2012) is implemented in Noah-MP
LSM providing a process description of the upper unconfined aquifer. In fact, an additional soil
layer is added below the lowest soil layer of the LSM to represent the unsaturated zone above the
water table. Two major factors namely the vertical and lateral water flows in that zone and the
geological characteristics define the water table depth and the groundwater flow in space and
time. The one-dimensional variant of the Richard equation is implemented in Noah-MP is used
for the vertical water movement simulation within the vadose zone which results in capillary rise
and drainage. On the other hand, the Darcy law describes the lateral water movement in the
saturated zone and further detail is taken into account using the Dupuit-Forchheimer
approximations. In this case, the groundwater head gradient is related to the groundwater flux

and the storage change (Eq. 3.7 & 3.8) which is computed as follows:
AS = Recharge + Qiaterai — Qriver (Eq. 3.7)

And

Qriver = Rcona * (h - Zriverbed) (Eq- 3.8)

The vertical flux from the 4 soil layer represents the recharge. The sum of the fluxes
(positive or negative) from the surrounding cells is Qq¢erqiand the groundwater flow to rivers
Qriverwhich is a function of the elevation of the river bed within the grid cell, the water table
head (h), and the river conductivity (R;pnq). The downward fluxes from the riverbed to the
groundwater table are assumed to be negligible. The surface runoff (Eq. 3.9) is computed

following the TOPMODEL approach:
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qurface = Qwat * ((1 - FCRl) * Foqr + FCRy) (Eq. 3.9)

FCR; is the impermeable pore space fraction, Fg,; is the saturated surface fraction, and Q,,,: (Eq.

3.10) is water input rate:

Fsat = Fnax * =05/ max (Zwe=2,0) (Eq. 3.10)

With f (m™) being the runoff decay factor with a constant value of 6 m™!. E,4,: a global runoff
parameter represents the maximum saturated surface fraction with a default value of 0.38 in the

model, and z,,.the water table depth.

The groundwater table change (Eq. 3.11) is therefore calculated as:

2 (Eq 3.11)

AZyy = ————
wt (esat_eequ)

The equilibrium and saturated soil moisture content respectively Ggqy,and G4

If z,,;1s less than 2 m, the water table is within the resolved soil layers and F,;default to Fmax.
Therefore, the capillary rise occurs with the water table reaching the soil layers the LSM. In this
case, A4S is greater than the available pore space. A spinup routine within the MMF scheme uses

annual groundwater recharge information to estimate 6equ, Rcond, and Z,jyerped-
3.1.3.6 TOPMODEL runoff scheme

According to Chen and Kumar (2001) and Wolock (1993), the TOPMODEL runoff
scheme (Eq. 3.12) enhances the surface saturated hydraulic conductivity K, (0) to represent the

surface macropores:
Ksat (0) = Ksqre” % (Eq. 3.12)

d. : Depth over which macropores influence soil hydraulic conductivity. The soil texture is used
to define the ** compacted ** Kg,¢ (Cosby et al., 1984). Based on the concept of soil surface
macrospores (Beven, 1982), the d. is set to Im. f: the decay factor is estimated using a

hydrograph recession curve by undertaking the sensitivity analysis.

Above the infiltration capacity of a given soil, the rain excess creates overland flow
following the Horton mechanism which is comparable to the Dunne mechanism, the surface
runoff generated on a saturated ground after a raining event. The runoff process (Eq. 3.13) is

implemented using the following equation:
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Rs = Fsathat + (1 - Fsat)max(of (Qwat - Imax)) (Eq- 3-13)

Imax: Soil infiltration capacity is controlled by both the texture and soil water content (Entekhabi
and Eagleson, 1989). In the assumptions related to the TOPMODEL approaches, the second term
is neglected because of the application of the surface macropore approach (Stieglitz et al., 1997;

Niu and Yang, 2003).
Qwat: Water input into the soil surface (sum of rainfall, dewfall, and snowmelt)

At grid cell level, the topographic characteristics and soil moisture at a given time define

the saturated fraction Fg,;(Eq. 3.14) which is written as follows:
Fsat = [yaa sy PAf (DdA (Eq. 3.14)

A = In(a/tan B) is the topographic index of a grid cell within the basin area and tan b the
corresponding topographic slope (Quinn et al., 1995; Wolock and McCabe, 1995). The average
grid cell topographic index is denoted A, pdf (1) is the probability density function of A and the
average water table depth is z, (Eq. 3.15).

R,, = al{%t(o)e_lme_fz" (Eq. 3.15)

a: the anisotropic factor is detailed in Kumar (2004). The process is defined in a way that the
‘oversaturated” water in a given subsurface soil level is added as a capillary rise to the overlying

soil layer which might be questionable as the subsurface runoff is neglected in this case.

The particularity with the TOPMODEL is how the bottom boundary condition is defined
to calculate the soil moisture as the water flow from the bottom soil layer is added to the
subsurface runoff. The permeability coefficient (K(zj)) at the bottom is assumed to depend on
the soil wetness (wj) of the bottom layer, the bottom depth of the soil column (z,), and the

saturated permeability coefficient K,,;(z;) and is written as follows (Eq. 3.16):
K(zy) = Ksqe(25)w,*P*? (Eq. 3.16)

The decay factor f'is inversely proportional to the K,; which decays exponentially with the depth
resulting in very few bottom drainage. The TOPMODEL scheme solves the water table depth on
the assumption that the water head at depth z (Eq. 3.17) is in equilibrium with that at the water
table (zy) according to Chen and Kumar (2001).
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Y(2) — 2 = Pgar — 2y (Eq. 3.17)
Y (z) and Y4, represent the matric potential at depth z and saturation.
Replacing 1 (z) in the previous equation using Clapp and Hornberger [1978] gives:

8(z)\ "B
lpsat (?j,t) —Z= lpsat - ZV (Eq. 3.18)

0(z) and O,,; are respectively the volumetric water content at depth z and saturation. The soil

moisture profile is written as follows:

—(zy—z)\ " 1/P
6(2) = by (5 72) T (Eq. 3.19)

The equation below is then solved to estimate the water table depth z :
Do = [, (8sa — 0(2)) dz (Eq. 3.20)
Dy is the column soil moisture deficit, which is calculated from the soil moisture profile as:
Dy = Xi21(6sar — buiq.1) 4z; (Eq.3.21)
61iq,; represents the ith layer volumetric liquid water content.

There are two significant assumptions associated with the water table depth estimation
here which are: the soil column depth is limited to few meters and the water head throughout the
column is at equilibrium. Based on the aforementioned assumptions, mainly regions with
relatively shallower water table and in certain case where the soil moisture and the water table
are in equilibrium, are likely to be well represented. In case of deeper water table aquifers beyond
the model bottom, the water table might influence the baseflow and therefore it is decoupled from
the soil moisture and considered as a lumped aquifer model like with Global Circulation Models

(GCMs).

With the TOPMODEL scheme, from each soil layer, the liquid water mass is generated in
proportion to the layer depth and the permeability coefficient and this is counted as the subsurface

runoff.
Re, (i) = Rgp (kiA 2 /¥ 12, ki Az;) (Eq. 3.22)

k; is the permeability coefficient and Az; is the layer depth
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3.1.3.6 Performance measures

For model calibration and assessment of the simulations capability to reproduce the
observed quantities, the following performance measures are used. The simulated streamflow
goodness-of-fit to the observed values was assessed using the Kling-Gupta Efficiency (KGE;
Kling et al., 2012) and the Nash-Sutcliffe Efficiency (NSE; Nash & Sutcliffe, 1970) for the model
calibration while the Percent Bias (PBIAS; %) and Root Mean Square Error (RMSE; m?/s) served
as the bias measures or error metrics. The metrics provide a quantitative evaluation of the model
performance which makes them mathematically related but the difference in the meaning of their
corresponding values offers a broader investigation. For instance, the KGE combines the linear
correlation, mean bias, and variability bias, and NSE gives the time series variability and the
magnitude of the errors ranging from minus infinity to 1. The hourly streamflow is resampled to

daily for the model performance evaluation.

Lo(Si—0)
N

i=0Yi

PBIAS = 100. (Eq.3.23)

std(S;) 1>2 . (Z Si

KGE = 1—\/(cor—1)2+< ——1) (Eq.3.24)

std(0;) Y 0
N 2
ie1(S: — 0y)

NSE =1-— ST (0, =02 (Eq.3.25)

N 2
(Si —0y)
RMSE = | === (Eq.3.26)
i=1

The S; and O; are the simulated and observed values with N the length of the series. std(S;)
and std (0;) are respectively the standard deviations of the simulated and observed values and

Y. S; and Y, O; are the sum of the simulated and observed values.
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3.2 Impact of Idealized afforestation on water budget and energy fluxes
3.2.1 Model description and Experiment setup

The hydrological model Weather Research and Forecast Hydro system (WRF-Hydro) is
developed by the National Center for Atmospheric Research (NCAR) and widely used to assess
water and energy of the land surface processes. The main components are the land surface model
Noah multi-parameterization (Noah-MP) and the hydrological routing schemes (Gochis et al.
2013; Niu et al., 2011). The algorithms in WRF-Hydro can be categorized into surface and
subsurface schemes for channel, reservoir, overland flow routing and groundwater bucket. The
parameterization of the vertical fluxes in Noah-MP includes global parameters
(GENPARM.TBL), soil parameters (SOILPARM.TBL) and vegetation parameters
(MPTABLE.TBL). Further, the regionalization of parameters like REFKDT and SLOPE are
recommended to improve streamflow accuracy. The two-dimensional MMF schemes (Barlage et
al.,2015; Miguez-Macho & Fan, 2012; Fan & Miguez-Macho, 2011; Miguez-Macho et al., 2008;
Fan et al., 2007) adjusted to WRF-Hydro routing extensions by Rummler et al. (2022) is used to

account for groundwater in the region. It integrates Qyper and Qgpring into the coupling/routing

of WRF-Hydro which are respectively redistributed to the river reaches and infiltration excess.

3.2.2 Simulated afforestation scenarios

The hydrological routing of water across terrain through rivers and soil is implemented in
Weather Research and Forecast Hydro model in response to fluxes and runoft from the land
surface model Noah multi-parameterization (Noah-MP). In this study, the endeavor to ascertain
idealized afforestation effects on water cycle and energy fluxes is executed with 6 land cover
restoration options benchmarked against a reference simulation made of the current land use. The
model runs were executed in standalone mode with similar default parameters. The
meteorological forcings used in the model are derived from the ERAS5-Land reanalysis dataset,
including variables such as precipitation, near-surface air temperature, u and v wind components,
humidity, surface pressure, and downward shortwave and longwave radiation. The dataset is
produced by the European Centre for Medium-Range Weather Forecasts (ECMWF). The
necessary ancillary data (e.g., geogrid files) required for model setup are generated using the
WRF Preprocessing System (WPS). These include the modified MODIS-IGBP land cover
classification (Friedl et al., 2010) and STATSGO soil data (Miller and White, 1998). For all
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simulation scenarios, the model domain extends from 5°37.8' W to 4°6.6" E longitude and 4°43.8’
N to 15°51.0" N latitude, with a horizontal resolution of 1 km applied to the Noah-MP Land
Surface Model and 250 m used for the hydrological routing components of WRF-Hydro. The
temporal resolution is set to monthly spanning from January 2012 to December 2015. This spatio-
temporal resolution is preferred to assess the seasonal cycle and inter-annual variability of the
fluxes under the idealized afforestation scenarios. The default soil depth of 2 m is partitioned into
four layers of 0.1, 0.3, 0.6, and 1 m are adopted in this study. The model is calibrated in its default
runoff option (Free Drainage) over the Donga catchment for a time period between 2009 to 2011

(Oussou et al. 2025 in review).
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Figure 3.2: Description of the idealized afforestation undertaken for the region
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The routing algorithm solves a simplified Saint Venant equation and requires the
topography as a critical input. Therefore, the HydroShed digital elevation model (Lehner et al.,
2008) is used to replicate the spatial distribution of the stream channel and overland roughness.
The adopted afforestation approach consists of three idealized regreening of the current land use.
The shrubland, bare soil, and grassland (SBG) in MODIS-IGBP land cover is substituted by the
Evergreen Broadleaf Forest (EBF), Savanna (SAV), and Woody Savanna (WS; Fig. 3.2). The
purpose of regreening the degraded land is to mimic the effects of Africa’s Great Green Wall
initiative (PAGGW, 2018; Zeng, 2003) in the region and evaluate the potential change of water
cycle and energy balance. GGW refers to the afforestation project targeting the Sahelian region
within 100 mm to 400 mm annual rainfall. It was initially an ambition to build a “wall of tree ©’
covering 7000 km from Senegal to Djibouti but changed later on to different foreseeable actions
to improve the living conditions of the inhabitant of the Sahel (Turner et al., 2021). To evaluate
the potential changes, the default vegetation parameters of the degraded land (SBG) in Noah-MP
look up table are replaced by EBF, SAV, and WS parameters. This idealized afforestation
improves in average the Normalized Difference Vegetation Index (NDVI) in the study area from
0.21£0.1 to 0.4£0.1 for SAV, 0.48+0.1 for WS, and to 0.53+0.1 for EBF (Fig. 3.2). Similar
idealized afforestation approach was employed by Arnault et al. (2023) in East Africa. It provides
a valuable insight into the potential risk and can guide decision making for natural resources
preservation and restoration. The dynamic vegetation schemes in Noah-MP LSM uses vegetation
equation developed by Dickinson et al. (1998) to predict the Leaf Area Index (LAI), Stem Area
Index (SAI), and fractional vegetated area (FVEG) and the Ball-Berry model for stomatal
resistance (Ball et al., 1987). The model switches to LAI and FVEG values in the Noah-MP look
up table when the dynamic vegetation scheme is off. The vegetation physical options in the LSM
have different effects on the fluxes (Hosseini et al., 2022) and water (Arnault et al. 2023; Mortey
et al., 2024) however the effects on subsurface water dynamics are yet to be thoroughly
investigated. Henceforth, each idealized afforestation is simulated with the dynamic vegetation
schemes off and on as described in Table 3.1. The 7 model runs are labeled as follows: the
reference scenario with current land use (REF), the idealized EBF, SAV and WS afforestation
with dynamic vegetation scheme off (EBF-VC, SAV-VC, and WS-VC) and on (EBF-VD, SAV-
VD, and WS-VD). For instance, the EBF-VC experiment computes the LAI and FVEG using the
Noah-MP look up table while EBF-VD calculates LAI and FVEG dynamically. The labeling

convention is chosen to improve the clarify the interpretation of the results. Further, the
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groundwater parameterization scheme MMF is activated to assess the response of groundwater

table, recharge, and subsurface runoff to the idealized afforestation schemes.

61



Table 3.2: Idealized afforestation scenarios implemented in this study

Scenario ID

Afforestation

LAI

FVEG

SBG afforestation

Monthly values from look-up

EBF-VC with Evergreen ' Gridded Monthly Climatology
table by vegetation class
Broadleaf Forest
SBG afforestation '
. ' Dynamic (calculated as
EBF-VD with Evergreen Dynamic
function of the SAI and LAI)
Broadleaf Forest
SBG afforestation ~ Monthly values from look-up _ .
SAV-VC . . Gridded Monthly Climatology
with Savanna table by vegetation class
SBG afforestation Dynamic (calculated as
SAV-VD Dynamic
with Savanna function of the SAI and LAI)
SBG afforestation
. Monthly values from look-up _ .
WS-vC with Woody . Gridded Monthly Climatology
table by vegetation class
Savanna
SBG afforestation _
Dynamic (calculated as
WS-VD with Woody Dynamic
function of the SAI and LAI)
Savanna
REF Current land use - -
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3.3 Improving the depth-to-bedrock for groundwater-to-atmosphere modeling
3.3.1 Study area

Africa, the world's second-largest continent, extends from the Atlantic Ocean in the west to
the Indian Ocean in the east. It is bounded by the Mediterranean Sea to the north and the
Mozambique Channel to the southeast. Additional significant boundaries in the northeast are the
Strait of Gibraltar, the Suez Canal, and the Strait of Suez, along with the Red Sea and the Gulf of
Aden. The continent spans a wide range of climatic zones, from equatorial to temperate,
influenced by variations in temperature, rainfall, and other climate-related factors. According to
the Intergovernmental Panel on Climate Change (IPCC), Africa experienced a marked warming
trend between 1991 and 2020, with average annual temperatures rising relative to the 1981-2010

baseline.

Climate projections suggest that Africa’s mountain glaciers may disappear entirely by the
2040s, along with a likely acceleration in sea-level rise. The continent’s terrain is highly diverse,
featuring vast deserts such as the Sahara, Nubian, Namib, and Kalahari, as well as prominent
mountain ranges like Kilimanjaro, the Atlas, the Drakensberg, the Ahaggar, and the Ethiopian
Highlands. The Great Rift Valley extends from East Africa and the Red Sea northward to Syria.
Several major rivers such as the Nile, Niger, Congo, Zambezi, Limpopo, and Orange play a
crucial role in shaping Africa’s hydrological systems. Beneath its varied surface, Africa has a
complex geological structure that includes both sedimentary basins and solid rock formations.
Unconsolidated sediments, such as alluvial deposits, pyroclastics, and coarse- to fine-grained
materials, cover approximately 35.1% of the continent. Meanwhile, metamorphic rocks dominate
the hard rock regions, making up around 27.6% of its geology, according to Borker et al. (2018)
and Hartmann & Moosdorf (2012). Africa is also notable for having the most countries of any
continent, typically organized into six major regions based on geography and politics. Northwest
Africa includes nations such as Morocco, Algeria, Tunisia, and Libya, while Northeast Africa
comprises Egypt, Sudan, South Sudan, Ethiopia, Eritrea, Djibouti, and Somalia. Central Africa
consists of countries like the Central African Republic, Cameroon, Chad, Equatorial Guinea, Sao
Tom¢é and Principe, and the Democratic Republic of Congo. In the west, countries such as Nigeria,
Ghana, Mali, Senegal, and Cote d'Ivoire are part of West Africa. Southern Africa includes Angola,
Namibia, South Africa, Zambia, Botswana, and Zimbabwe, while East Africa encompasses

Kenya, Uganda, Rwanda, Tanzania, Malawi, and Burundi.
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Figure 3.3: (a) The continent's topography is illustrated using the HydroSHED Digital Elevation
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derived from the Global Lithological Map (GliM) developed by Hartmann and Moosdorf (2012).
The geological layer was extracted using the study area shapefile. Metamorphic units,

representing basement rock, account for over 27% of the continent’s surface.
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3.3.2 Dataset
3.3.2.1 Depth-to-bedrock in situ data

The DTB (Depth to Bedrock) field measurements used in this study were obtained from
the national integrated database maintained by the Direction Générale des Ressources en Eau
(DG-Eau). This borehole dataset, assembled by engineering departments throughout the Republic
of Benin, serves as a valuable and widely recognized record of borehole drilling logs, detailing
the geological lithology encountered during the development of both rural and urban drinking
water systems. Data collection started in the early 1950s and has progressively expanded to
include the majority of towns and villages in need of drinking water supply and groundwater
monitoring facilities. Over time, several certified engineering institutions have contributed to the
database, starting with BRGM-ORSTOM in the late 20th century, and more recently including
organizations like CANAL-EAU. Although national guidelines mandate that geophysical surveys
precede all water supply drilling, there is currently no centralized database for geophysical
measurements. According to Allé (2019), the absence of such data remains a major obstacle to
improving well siting, as geophysical techniques such as electrical resistivity tomography could
significantly enhance drilling success rates. Despite generally low success rates for borehole

drilling, the national integrated database had accumulated more than 4,000 records by 2007.

During data preprocessing, biased values were systematically removed, and gaps were
filled using values from the nearest boreholes. Additionally, DTB measurements located in
sedimentary zones were excluded due to differing geological conditions. In such areas,
groundwater system thickness can span several hundred to thousands of meters, making large-
scale DTB estimation highly unreliable. As a result, the total number of usable data points was

reduced from 4,241 to 4,141 due to missing or excluded values.

3.3.2.2 Domain topography

The Digital Elevation Model (DEM) used in this study was downloaded from the NASA
HydroSHED website (www.hydrosheds.org/hydrosheds-core-downloads). This DEM is widely

utilized due to its void-filled and corrected nature, offering relatively high accuracy. HydroSHED
is the result of a collaborative effort involving multiple partners, including the U.S. Geological
Survey, the International Center for Tropical Agriculture, and support from the World Wildlife
Fund. The datasets and maps are derived from Shuttle Radar Topography Mission (SRTM) data
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at a 3-arc-second resolution, incorporating elevation derivatives at various scales. To address
areas with missing data—such as water bodies or mountainous regions affected by radar
shadowing—four enhancement algorithms are applied in three processing steps: void filling,
filtering, stream burning, and upscaling. Voids in the SRTM are filled using a combination of 3x3
minimum and 5%5 mean filters, followed by smoothing with a 9x9 mean filter. HydroSHED was
chosen for this study because its processing algorithms are widely accepted as reliable for
hydrological analysis. Additionally, its integration of smoothed, disaggregated, and blended
values from the global GTOPO30 DEM ensures continuous elevation coverage without voids.
The Depth to Bedrock (DTB) occurrence map, which serves as a key intermediate output in DTB
mapping, is generated using this DEM.

3.3.2.3 Global depth-to-bedrock maps

The geometry of the groundwater model is essential for producing accurate simulations
of groundwater systems. While several globally recognized datasets exist—developed through
various methods and using different input sources they often come at relatively low spatial
resolutions. Therefore, it is recommended to enhance the quality and resolution of these maps,
particularly in regions with limited field data, and to explore more effective mapping techniques
(Pelletier et al., 2016; Shangguan et al., 2017; Zamrsky et al., 2018). The terms "depth to
bedrock" (DTB), "drift thickness," "regolith thickness," "overburden thickness," and "R horizon
soil depth" are used variably in the literature, depending on the disciplinary context and
interpretation (Miller and White, 1998; Tesfa et al., 2009; Karlsson et al., 2014; Shangguan et al.,
2017). In this study, the term "depth to bedrock" is preferred and is defined as the vertical distance
from the land surface to the interface between consolidated hard rock and any unconsolidated
material such as saprolite, alterite, or weathered regolith (Jain, 2014; Lachassagne et al., 2021).

This interpretation aligns with practical field observations, particularly in hard-rock
regions, where drilling companies typically switch from rotary drilling to the down-the-hole
hammer technique (commonly known as marteau fond de trou) upon reaching bedrock. Although
there is no universally agreed-upon definition, Lachassagne et al. (2021) suggest that in fractured
rock aquifer systems, the depth to bedrock typically ranges from the surface to approximately
100 meters. In contrast, studies focused on land surface modeling such as those by Jain (2014)
and Shangguan et al. (2017) report much greater depths, sometimes extending to several thousand

meters in sedimentary basins. This study adopts the definition put forward by Lachassagne and
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colleagues, as it is consistent with both previous research and the depth-to-bedrock dataset

analyzed here.

3.3.3 Methods

3.3.3.1 Groundwater systems thickness estimate

To differentiate local aquifer systems in valleys from extensive alluvial aquifers found in
major floodplains and mountain ranges, de Graaf et al. (2015, 2017, and 2019) developed an
algorithm that uses elevation data and the drainage network for its calculations. The method
assumes that a model cell is classified as an alluvial aquifer if the elevation difference between it
and the adjacent downstream cell is 15 meters or less. If the elevation difference exceeds this
threshold, the cell is categorized as part of mountain ranges, which are characterized by secondary
permeability in hard rock regions and generally have very thin alteration layers. In fluvial systems
and deltas, sediment deposition occurs such that both sediment grain size and volume increase
toward the main gradient, which corresponds to the transverse axis (Fig. 4.30). The variation in
alluvial aquifer depth is estimated by measuring the relative elevation difference between any
point near the river and the point farthest along the transverse axis (de Graaf et al., 2015). A log-
normal distribution of these standardized relative elevations is used to represent the aquifer
thickness distribution. The relative elevation difference is calculated for each cell within the
alluvial aquifer using the following formulation:

F'(x) = 1 — 20 Fmin (gq 3 57)

Fnax—Fmin

The elevation difference between a given cell at location x and its neighboring downstream cell
is denoted as F(x), with F_min and F_max representing the minimum and maximum differences,
respectively. The graphical depiction of F'(x) illustrates that the thickness of alluvial groundwater
systems increases from the edge toward the main streamline. The z-score corresponding to this

distribution is expressed as follows:
Z(x) = G Y(F'(x)) (Eq. 3.28)
G! represents the inverse standard normal distribution.

The natural logarithm of the thickness (InD) derived from historical well log data is averaged to

characterize the alluvial aquifer layers, which follow a log-normal distribution since their
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thickness is always greater than zero. The InD values are uniformly sampled across the thickness

range and expressed as follows:
InD = U(10:100) (Eq. 3.29)
InD ranges from 10 to 100, where U is the random value.

A second parameter derived from the range of groundwater system thicknesses in the study area,
based on previous studies, is the average coefficient of determination, which is assigned a fixed
value. The spatial distribution of aquifer thickness is then calculated using the average value of
~InD, sampled from a uniform distribution U(10,100), in combination with the fixed coefficient
of determination and the topography-dependent standard normal variable Z(x) (de Graaf et al.,

2019). The corresponding equation is given as follows:
Y(x) = InD (1 + Cva(x)) (Eq. 3.30)

D(x) = e¥™ (Eq. 3.31)
Y (x) and D(x) are random.

The spatial distribution of thickness for the deeper, more extensive alluvial groundwater systems
is estimated using the same approach applied to the shallow alluvial systems (Fig. 4.30). The
average InD transformed values are sampled from the thickness range of deep layers reported in
previous studies. These estimated thickness values are then compared with existing depth-to-

bedrock (DTB) datasets (Pelletier et al., 2016; de Graaf et al., 2015; Shangguan et al., 2017).

As part of the study’s objectives, the effectiveness of the method used to estimate DTB is assessed
by modifying the final steps of the procedure outlined by de Graaf et al. (2015). To this end, a set
of equations is proposed that combine a selected percentile from field-measured DTB values with
either a logarithmic or exponential function (Table 3.3). While the exponential function is inspired
by the final equation in the original method, the logarithmic function is considered more
appropriate due to the characteristic shape of eroded hard-rock formations. Consequently, only
the logarithmic functions logz and In are used, as they exhibit faster growth rates than logio, which
appears to be less suitable. To eliminate negative DTB estimates, the absolute value of the
minimum z-score is added to the z-score itself before multiplying by the selected DTB percentile.

This adjustment is only applied if the minimum value of Z(x)is negative.
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Table 3.3: An overview of the formulas and functions evaluated for DTB estimation in this study.

log,() In () 20 eV
P1o Pro+
{(logz(Z(x)) + |min (log,(Ze)]) (@) {(ln(zm) + |min (in(Z))) ()
l0g>(Z () (b) n(Z) () ' '
(Eq. 3.32) (Eq. 3.36)
Pys * Pys
{(logz(l(x)) +|min (log,(Zi))) (@) |, {(ln(z(x)) + [min (n(Z)]) (@)
l0g>(Z(v) (b) In(Z) (b) ‘ ‘
(Eq. 3.33) (Eq. 3.37)
Ps, * Ps Ps Ps
{(logz(z (o) + [min (log2(Zw)D) (@) |, {(l”(zm) + [min (In(Ze)]) (@) | * 27 | « e
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(Eq. 3.34) (Eq. 3.38) 3.40) | 3.43)
P * P;s Py P75
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If min(log, (Z(x))) <O0or min(ln(Z(x))) < 0 then (a) and (b) if greater than 0. P,, Pys, Ps,
P,<, and Py, are respectively the 101, 251 50™, 75% and 90 percentiles of the DTB
measurements. As proposed by Lachassagne et al. (2021), with a maximum DTB of 100 meters,

the estimation is carried out using the following equation.:
DTB =100 Z,) (Eq. 3.46)
3.3.3.2 Test case

The ParFlow model employs the Richard equation to solve groundwater flow in variably
saturated systems which integrate both the subsurface and land surface of the Earth System
(Kollet and Maxwell, 2006; Maxwell, 2013; Kuffour et al., 2020). The free surface boundary
condition is also captured through the two-dimensional overland flow and coupled to the
Common Land Model (CLM) which simulates the water and energy fluxes (Naz et al., 2023).
The model setup is undertaken for the Nazinga catchment located near the border between
Burkina Faso and Ghana extending from 11°5° to 11°12’ latitudes and 1°38.55’ to 1°33.15°
longitudes (Fig. 2d). The semi-arid climate in the catchment is characteristic of the transition
from the Sahelian to the Sudanian climate. The annual average rainfall reaches 994 mm/y
(Bliefernicht et al., 2022) with the mean temperature fluctuating from 22°C in the raining season
to 38°C in dry season. The Nazinga Park is a natural reserve allocated for tourism and the
indigenous communities mainly live on agriculture, livestock breeding and harnessing natural
resources. The selection of the catchment is justified by the presence of an Eddy Covariance
station, established in 2012 by the WASCAL CONCERT project, for monitoring water, energy,
and greenhouse gas fluxes. This type of station is unique in the region as more than a hundred

hydrometeorological variables are sensed or computed for the natural reserve.

The test case implemented in this section is undertaken to assess the overall accuracy of
the computed DTB at a local scale. The model setup covers 100 km? around the Nazinga EC
station with a horizontal resolution of approximately 30 m. The number of grid cells in both x
and y directions is 334 and the vertical dimension is 10 grid cells with 4 attributed to the soil
layer. The 1115560 grid cells are solved at hourly time step from January to February 2014. This
corresponds to approximately 768 hours and it should be noticed that the simulation period is
selected mainly to test the model’s skill in replicating the fluxes. Although the noticeable

deviations of the simulation from onsite measurements in representing certain water and energy

70



fluxes, the overall pattern of the components is reasonably well captured. This confirms the
reliable skill of the surface and subsurface model coupling offered by PF-CLM in the study area.
Further, the focus of this test case is also to assess the reliability of the watershed bottom
representation using the overall average of DTB which fluctuates around 25 m (Fig. 2f). The
necessity to undertake the model calibration and evaluate the discrepancies in the parameters is
widely reported (Bijak & Hilton, 2022; Reinecke et al., 2019) however this is not the focus of
this study. The aim is not to make predictions, but rather to identify and analyze the key water

and energy processes occurring within the watershed.

The model setup requires mainly two types of datasets: the static data and the
meteorological forcing. In this case, the static variables consist of standard land surface datasets,
including the digital elevation model (DEM, Fig. 2¢), land cover (Fig. 2¢), soil types (Fig. 2b),
and geological units (Fig. 2a) that characterize the subsurface. Surface elevation in the study area
ranges from 266 to 322 meters. The DEM, obtained from the HydroSHED website, is used to
calculate slopes in both the x and y directions, which are necessary inputs for the PF-CLM model.
The Moderate Resolution Imaging Spectroradiometer (MODIS) mission (Friedl et al., 2002) land
cover map was employed to represent the land management practices occurring in the study area
which affect the spatial distribution of the fluxes. Although the Nazinga Park is officially labeled
as a natural reserve, the MODIS land cover indicates a mixt of Evergreen Broadleaf Forest,
Evergreen Needleleaf Forest, Savanna, woody Savanna, shrubland, and grassland with the latter
ones making a significant proportion of the present domain (Fig. 2c). The soil types are obtained
by clipping the HWSD FAO soil spatial database and this results in two soil classes coded 1536
and 1540 representing wet soils with an irreversibly hardening mixture of clay, quartz, and iron
in the subsoil (Fig. 2b). Additionally, the geological unit is obtained from the GLHYMPS
database, which identifies a single type classified as basement rock, as referenced in the GUM
spatial database by Gleeson et al. (2011) and Borker et al. (2018). The recent version of the global
database of groundwater systems’ transmissivity is used in this data-scarce area where detailed
subsurface representations require thorough fieldwork. The attribute table of the GLHYMPS
shapefile contains the near-surface global permeability in logK format which is multiplied by 100
to obtain integer values (e.g. -1341). To convert these values from permeability (m?) to hydraulic
conductivity (m/s), the logK values are first exponentiated using the expression 10%/1%0  then

multiplied by the ratio of fluid density multiplied by gravitational acceleration to dynamic

viscosity (%), where p represents fluid density in kilograms per cubic meter (kg/m?), g is
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gravitational acceleration in meters per second squared (m/s?), and p denotes dynamic viscosity

in pascal-seconds (Pa-s).

The meteorological variables downloaded for the model forcing are ERAS5-Land products
accessible from the European Centre for Medium-Range Weather Forecasts (ECMWF) website

(https://cds.climate.copernicus.eu/). These variables are total precipitation (m), 2m temperature

(K), surface pressure (Pa), water-vapor specific humidity (kg/kg), longwave radiation downwards
(J m2), shortwave radiation downwards (J m?), 10m u and v components of wind (m s!). The
spatial resolution of the dataset is 0.1° which is regridded to 30 m using the bilinear interpolation

implemented in the python package xESMF (https://xesmf.readthedocs.io/en/stable/). The

variables are renamed to align with the input requirements of PF-CLM, and the resulting datasets
are converted into ParFlow binary files (.pfb). For example, the variables originally labeled
RAINRATE and Q2D for precipitation and surface pressure are renamed to APCP and Press,
respectively. The simulation uses an hourly time step, covering the period from January to

February 2014.

The simulated fluxes' accuracy in reproducing the ground truth is assessed using widely
accepted error metrics such as Root Mean Square Error (RMSE), the Pearson Correlation
Coefficient (PCC), Nash—Sutcliffe Efficiency (NSE), and Percentage of bias (PBIAS). The
computed metrics are derived using open-source prediction fitness evaluator implemented in the
Python packages “’hydroeval‘’ (Hallouin, 2021) and others like Scipy (Virtanen et al., 2020) and
Statsmodel (Seabold and Perktold, 2010).
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3.4 Evaluation of Fractured Groundwater systems’ influence on water and energy fluxes

3.4.1 Study area

The Donga subbasin is located in the North of Djougou in Northern Benin and covers
approximately 600 km?. It is a water and energy flux monitoring supersite equipped with
hydrometeorological instruments by the African Monsoon Multidisciplinary Analysis - Coupling
the Tropical Atmosphere and the Hydrological Cycle" (AMMA-CATCH) project in the Sudanian
climate. Past reports highlighted the temporal fluctuations of the mean annual rainfall between
1190 mm (Lelay and Galle, 2005) and 1364 to 1534 mm (2008-2010, Mamadou et al., 2016)
extending from April to October. The seasonal dynamics of the Intertropical Convergence Zone
(ITCZ) control the rainfall onset and cessation, and the study domain is subjected to the Sudanian
climate (Sultan and Janicot, 2003). The change in absolute humidity separates the dry from the
wet season. Less than 6 g m™ of absolute humidity indicates the dry season, while in the wet
season, the value is above 16 g m~. Approximately 90% of the annual precipitation is recorded

between April and October, and 70% after the monsoon onset (July-October).

The metamorphic crystalline bedrock at the bottom of the domain is covered by the
saprolite and a relatively flat landscape which altitude varies from 450 to 550 m with an average
slope of 3%. The soil top layers within 40 to 60 cm are made of sandy loam and loamy sand
(Mamadou et al., 2016), also characterized as ferric lixisols by Faure and Volkoff (1998). These
high-permeability soils fall within the widely reported tropical soil in the region (de Condappa et
al., 2008) and lie on top of the weathered clayey layers supported by the bedrock.

The natural ecosystem is not exempt from the reported land use degradation in the region
(Grinblat et al., 2015), with 53% of the domain occupied by herbaceous fallow, shrubland, and
cropland (Seghieri et al., 2009). The same study reported 47% of the woodland with sparsely
scattered trees. In Northern Benin, food production from rainfed agriculture is made of annual
crops (e.g., groundnuts, maize, cassava), which are rotated according to the agricultural practices.
As mentioned above, the rainfall seasonality drives the fallow land regreening from scattered
shrubland to dense herbaceous vegetation of 2.5 m (C4 plant) in October. The dominant
vegetation species documented by Seghieri et al. (2009) and Houeto et al. (2012) are
predominantly C3 plants, namely Isoberlinia doka and Burkea Africana, Isoberlinia tomentuosa,

and Vitellaria paradoxa.
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3.4.2 Methodology
3.4.2.1 ParFlow-CLM model approach

The model ParFlow-CLM solves the energy and mass balance equations both at the land
surface and the subsurface (Maxwell and Miller, 2005). The coupled model is an enhanced
representation of the Earth system which is an integrated and distributed hydrological model. The
energy fluxes namely the turbulent fluxes, ground heat flux, evaporation and others are simulated
with CLM and the water flow in the unsaturated and saturated zones with Parflow. In the past
decades, the two have been extensively described, and the focus here is to provide only necessary
processes engaged in this study. The energy balance equation serves as a primary basis to

elucidate the fluxes exchange and is written as follows:
R,(0) =SH(O) + LE(8) + G(8) (Eq.3.47)

R,, : The net radiation (W m™), H: sensible heat (W m™), LE : latent heat, and G the ground heat

fluxes.

The change in each energy component depends on the soil moisture 6 (kg/kg) in the first soil
levels. The sensible energy flux is decomposed into the bare ground heat H; and vegetation heat

H,:
SH = H, + H.(Eq. 3.48)
with H, = 07Lga1pa 1y (T: — Tay) (Eq. 3.49)
and Hy = 070, CsoircUar(T; — Tay) (Eq. 3.50)

Lgy; : the stem plus leaf area index (m? m™), 7,: the leaf boundary resistance (sm™), o . the
vegetation fraction (unitless), ¢, : the specific heat of dry air (J kg K2), p, : the intrinsic density
of air (kg m?), u, 7 - the magnitude of the wind velocity incident on the leaves (unitless), Co1¢
: the transfer coefficient between the canopy air and land surface, T, and T are respectively the

ground surface and leaf temperature (K), and T,f : the air temperature in the canopy space (K).

The latent heat is a function of the sum of evaporation from the ground and the

transpiration from the vegetation (E; and E, in kg.m™s™!), and latent heat of evaporation (J.kg -

1):
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LE = L,E (Eq. 3.51)
with E = E, + E, (Eq. 3.52)

dg—Aa
Td

and E; = p, (Eq. 3.53)

qq: the air specific humidity (kg.kg™') at reference height Zg which is derived from the forcing,
qg4 : the air specific humidity at the ground surface (kg.kg!), and 1, : the aerodynamic resistance

of evaporation between the atmosphere.

Further, the transpiration from the vegetation E, is decomposed into the transpiration Ey,

and evaporation from wet foliage E,, (kg.m?s™)

E = E,, + E,(Eq. 3.54)

)

with Ey, = 07Lga;8(EfP°")Ly (Eq. 3.55)

rp+Ts

and E,, = arLss [1 — 8(EfPY) (1 — L3, EfP°"] (Eq. 3.56)

§ : the step function (zero for zero and negative arguments and one for positive arguments), L;:
the dry fraction of foliage surface (unitless), 75: the stomatal resistance (sm™), 7, the conductance
of heat and vapor flux from leaves (sm™), £, : the wetted fraction of the canopy and E prt: the

potential evaporation from wet foliage (kg.m?s™).

The transient heat conduction in one dimension is used to compute the ground heat flux

G and is written as:
G = AVT (Eq. 3.57)

T : the subsurface temperature (K) and A : the thermal conductivity of the soil (W m'K"")

The balance between the incoming and outgoing radiation is defined as the net radiation

() and written as:

Ry = Spc + Sng + L' — L'(Eq. 3.58)
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Sn,c : the solar radiation absorbed by the vegetation (Wm™), Sn,g - the solar radiation adsorbed by
the ground (Wm™), Lal : the incoming longwave radiation (Wm?), and L' : the outgoing

longwave radiation (Wm™).

The absorbed solar radiation (Sy, - and Sy, 4) is further parameterized in the CLM using:

Sn,c = Or Z/\,u F/\,usi/\,u (Eq. 3.59)

Sng = Sn = Sne (Eq.3.60)

Sp = 2/\#(1 - dA,#)SlA,# (Eq. 3.61)

F, , : the fraction of solar radiation absorbed by canopy (unitless), S L au - the component of the
visible solar radiation (beam and diffuse), near-infrared (beam and diffuse), S,, : the net solar
radiation absorbed by the land surface (Wm™), and @y, - the weighted surface albedo over the

grid cell.

Regarding the subsurface water dynamics, the mass balance equation below is used:

502+ 22 = 7 q(T) + q,(0) (Eq. 3.62)

S, : the specific storage (m™), 1 : the soil pressure head (m), g, : the source/sink term (s!), q :

the water flux (ms™), t : the time (s)

In the first few meters soil depth, the general source/sink term can also be written as :
qs = LE(0) + q4(6) (Eq. 3.63)

qg : the infiltration from the precipitation, surface runoff and canopy throughfall (sh.

Therefore, the interactions between the subsurface and the land surface through the energy
and mass transport is described through the nonlinear source g5 and the energy fluxes depending
on the soil moisture (@). The parameterization of the energy components (R, (6), H(6), and
G(0)), the source term g,(0), q(T) and 6(y) and associated assumptions define mainly the
accuracy of the coupled model. For instance, the convective component in the ground heat flux
G is overlooked as the water flux g is deemed independent of the subsurface temperature 7. In
other word, the permeability coefficient of the vapor transport through the subsurface layers is

counted for in the approximations of the ground evaporation.
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3.4.2.2 Eddy Covariance Fluxes

An innovative way of monitoring the water, energy and greenhouse gases is the EC
method which is proved reliable to understand the fluxes exchange between land surface and the
atmosphere (Sjostrom et al., 2013; Gebler et al., 2015). The Planetary boundary layer dynamics
through turbulent fluxes (Baldocchi et al., 1988; Swinbank, 1951; Mauder & Foken, 2006;
Verma, 1990; Soltani et al., 2018) and flux footprint information (Schmid, 1994) can be measured
with relatively high accuracy using the EC method. Because of that, flux monitoring sites in many
areas have adopted this method for various purposes like Earth system models validation, climate
observation, and hydrological modeling. This method offers a measurement time scales as low as
in seconds making the hydrometeorological processes observation arguably easy (Foken et al.,
2011; Soltani et al., 2018). The EC method is basically implemented by measuring at high
frequency the vertical wind velocity, the Sonic temperature and the gases density of the water
vapor or CO2 (McGloin et al., 2018). The fluctuations of the vertical wind (m/s) and the air
temperature (C) combined in one hand with the density of air (kg/m3) and specific heat of air
(J/kg K) gives the sensible heat flux (H) and in other hand the vertical wind (m/s) and the specific
humidity (Kg/Kg) with the latent heat of vaporization and the density of air is the latent heat flux
(Finnigan, 1994). Achieving less error in the measurement is defined between avoiding a shorter
block averages of time responsible of the loss of the longwave fluxes components and having a
stationary measurement condition which time step is conventionally set to 30 minutes (Finnigan
et al., 2003; Foken, 2006). Nevertheless, one of the limitations in this method is related to the
chosen time step as non-propagating eddies and low frequency motions are hardly captured (Lee
& Black, 1993; Mahrt, 1998). The Reynolds decomposition is used as the basis in the EC method
for the turbulent fluxes’ calculation; that is the covariance between the vertical wind velocity and
the concentration of a scalar (water vapour and air temperature) at a given location and time is
what defines the estimated vertical flux (Mauder & Foken, 2015). The density and specific heat
of air multiply by the covariance between the vertical wind components and the fluctuation in the
air temperature gives the sensible heat flux while the density of air and latent heat of evaporation
multiply by the covariance between the fluctuations in the vertical wind component and the
specific humidity gives the latent heat flux (Soltani et al., 2018; Eder et al., 2014). The equations

for the two turbulent fluxes (Kaimal & Finnigan, 1994) are written as follows:

SH = GC,W'T’ (Eq. 3.64)
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and
LE = qL,W'q’ (Eq. 3.65)

where air density (Kg/m?), specific heat of air (J/Kg K), latent heat of evaporation (J/Kg),
fluctuations in the air temperature (°C), vertical wind component (m/s), and specific humidity

(Kg/Kg) are respectively g, C,, L,, T', W', and q'.

Many studies have reported the persisting Energy Balance Closure problem related to the
EC method (Story et al., 2013; Foken, 2008). The fact is that the turbulent and ground heat fluxes
do not match up to the measured net radiation (Foken et al., 2006; Foken et al., 2011, Mauder et
al., 2017). According to the law of energy conservation, the sum of the fluxes approximates 0

which is rarely the case and has remained a key research question.
R, — LE —SH — GH = 0 (Eq. 3.66)

The estimated energy gap in past studies is 10-30% (Stoy et al., 2013), with isolated cases
where the lower gap was recorded (Ose, 1999). This issue has placed a significant limitation on
the reliability of the approach. Because of the heterogeneity of the land surface below the
planetary boundary layer, large-scale eddies occur as secondary circulation and are widely
reported as the main source of the energy gap. Mauder et a/. (2007a) confirmed that homogeneous
land covers behave as an ideal condition for the EBC, while a very heterogeneous surface
exacerbates the EBC residuals (10-15% and 25-35%). The EC method uses the short-period wind
direction (u, v, and w) for turbulent fluxes estimation, which is not suitable for detecting large-
scale eddies. It is less likely for a single location-based measurement to detect the heat fluxes
induced by large-scale eddies. The area averaging measurement approach and land surface model
reduce the EBC gap (Liu et al., 2011; Foken et al., 2008; Stoy et al., 2013) as they integrate the
landscape influence. Further, the energy balance residual can be reduced if long-term integrated
fluxes are considered (Mauder and Foken, 2006), likewise organized turbulent structures (Kenda
et al., 2004). This study endeavors to ascertain the contribution of the subsurface configuration
on the fluxes as the aforementioned factors are solely land-atmosphere related. We evaluated the
sensitivity of the fluxes to the geological lineaments of the critical zone in Donga catchment.
Further, the effect on the evaporative fraction (EF) and latent heat of evaporation is also assessed.

The EF is written as follows:

EF = 2 (Eq.3.67)

" LH+SH
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And the latent heat of vaporization is computed as follows:

L, = = (Eq.3.68)

3.4.2.3 Fractured groundwater systems descriptions

The principal circulation medium in fracture-rock groundwater systems which by
definition extends to soft rocks and others alike is mainly controlled by the fractures and fissures
network (Troeger & Chambel, 2021). Also known as secondary porosity groundwater systems,
they are characterized by faults, fissures, joints and others derived from hard-rock breakdown.
Groundwater flow in these weathered geological conditions is defined by the hydrodynamic
properties of the saprolite and the fractures. There is a widely recognized challenge that makes
hard-rock groundwater systems identification difficult almost everywhere, that is the chaotic
nature of the changes in the groundwater flow from porous medium to directional which drives
wells’ productivity (Krasny, 1996; Lachassagne et a/., 2011). Even in deep layers, the Aspo Hard
Rock Lab in Sweden (Knutsson, 1998) reported a well-developed network which turns out to be
a very low productivity fractured aquifer. The remote sensing products (e.g., Landsat images) are

widely reported as reliable tools for locating and mapping these linear features.

The geological lineaments are derived from Earth Observation (EO) products in form of
linear features (Rahnama and Gloaguen 2014a, b). The frequency and spatial domain approaches
are used to enhance linear elements in a satellite image by increasing the contrast between a given
linear element and its surroundings. To detect these high frequency features, either the optimal
filter (Canny), Laplacian filter (LOG) or gradient filters (Sobel and Prewitt) are applied. The
geological lineaments are retrieved after differentiation, smoothing, and labeling of the linear
features (Oussou et al., 2020, 2019; Stanislawski et al. 2018). The dataset employed in this study
is obtained from Oussou et al. (2022, 2020, and 2019) which are derived from digital elevation
models, optical, and radar multispectral images. The geological lineaments are corrected and
displayed in Figure 3.5. The accurate mapping of the lineament is critical for borehole sitting in
the relatively low groundwater systems’ productivity regions. The directional groundwater flow
in basements is identified using the lineaments as spatial indicators of high subsurface flow
hotspots. The section 3.5 highlights the implementation of their hydraulic properties in the model

setup.
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3.4.2.4 Model setup and domain description

The evaluation of the groundwater flow and its interaction with land surface fluxes is
undertaken using the coupled hydrological model ParFlow-CLM (Kollet and Maxwell, 2006;
Maxwell, 2013; Kuffour et al., 2020). The subsurface model solves the Richards equation within
a three-dimensional variably saturated system. It uses the kinematic wave equation to simulate
overland flow (Kollet & Maxwell, 2006) and is coupled with the Common Land Model (CLM;
Dai et al., 2003) to compute water and energy balances (Maxwell & Miller, 2005). The land
surface component supplies key surface fluxes and variables, including turbulent heat fluxes,
ground heat flux, outgoing longwave radiation, evapotranspiration, soil and canopy evaporation,

plant transpiration, soil temperature, and freeze—thaw dynamics.

The domain setup is the Donga catchment located in the Donga department of Benin, with
a rectangular coverage of 27 x 47 km®. It extends from 1°33° E to 2°00’ E longitudes and 9°35’
N to 9°57° N latitudes. The predominant soil type is the ferruginous soil on hard rock (Fig. 3.6).
The humid subtropical climate zone has a unimodal rainy season driven by the northeast and
southeast trade winds convergence (Intertropical Convergence Zone - ITCZ) and a dry season
from November to March. The annual rainfall is estimated between 700 and 1400 mm (Galle et
al., 2018; USGS, 2020a and b), with an average temperature of 25°C (Herzog et al., 2021). The
rainfall gradient is south-north, and the highest rates are recorded towards the coast. The study
area is equipped by the project African Monsoon Multidisciplinary Analysis - Coupling the
Tropical Atmosphere and the Hydrological Cycle" (AMMA-CATCH) since 1997, it is a
component of a mesoscale observatory network which focuses on climate, water cycle and land
cover monitoring. Multiple parameters are measured, but this study used streamflow, water level,
water and energy fluxes, and soil moisture for the model assessment. The catchment lies on
fractured groundwater systems (Fig. 3.5) which are mainly exploited for drinking water supply.
Therefore, this study endeavors to ascertain the influence of the geological lineaments on water
and energy balances. The active modeling domain spans the entire basin, covering an area of 576
km? with a spatial resolution of 75 meters. It consists of 627 grid cells in the x-direction and 360
in the y-direction, while the vertical dimension includes 10 layers, with the top four representing
soil layers. The model runs on an hourly time step for the full year of 2014, from January to
December. This PF-CLM configuration is designed to evaluate the role of fractured groundwater
systems in influencing water and energy balances, aiming to provide a comprehensive

understanding of how subsurface characteristics affect land surface processes. A spin-up
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simulation is performed over several years until dynamic equilibrium is achieved, defined by a
total storage change of less than 2%, in line with previous studies (O’Neill et al., 2021; Naz et

al., 2023). The pressure files of the initial steady-state are used as input for the simulations.

The static variables used for the model setup include the digital elevation model (DEM),
soil type data, land cover, and a geological map with associated groundwater permeability
attributes. The DEM, sourced from the HydroSHED database (Lehner et al., 2008), is used to
define the domain geometry solid file (pfsol) and to calculate slope values in both x and y
directions. Soil types are obtained from the FAO Harmonized World Soil Database v2.0 (HWSD;
Fischer et al., 2008) at a spatial resolution of 1 km, with two soil classes (15 and 17) identified in
the study area. Although a more detailed representation of soil types could enhance model
performance, this is beyond the scope of the current study. The domain’s indicator field is
constructed using the soil data along with aquifer layers derived from the GLobal HY drogeology
MaPS (GLHYMPS) dataset on permeability and porosity (Gleeson et al., 2011). Across the entire
domain, the estimated hydraulic conductivity is 2.9 x 10™* m/h (see Table 3.4). Geological
lineaments are incorporated based on their horizontal and vertical positions, as further explained
in Section 3.5. Additionally, land use data from the Moderate Resolution Imaging
Spectroradiometer (MODIS) are processed to generate the drv_clmin input file required by the
CLM model, along with the associated vegm and vegp files.

The meteorological forcing data used to drive the ParFlow-CLM model are sourced from
the ERAS-Land reanalysis dataset provided by the European Centre for Medium-Range Weather
Forecasts (ECMWF) (Mufioz-Sabater et al., 2021). The variables extracted include downward
shortwave and longwave radiation (J m2), 2-meter air temperature (K), specific humidity (kg/kg),
10-meter u and v wind components (m/s), and surface pressure (Pa). In addition, daily rainfall
data from 12 meteorological stations—Adio, Baba, Bira, Dogue, Gnonganbi, Gountia,
Kolokonde, Koukoubou, Nalohou 2, Nalohou 3, Nangatchouri, Penessoulou, and Tebou—are
obtained from the AMMA-CATCH project database (Lebel et al., 2009). With the geographic
coordinates of the stations, the time series are regionalized using the Scipy package function
“Interpolate” and converted to ParFlow binary file. The temporal resolution is set to hourly, and

the simulation period extends from January to December 2014.
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3.4.2.5 Simulated scenarios

The ability of a given model to simulate the groundwater head, the lateral groundwater
flow and groundwater-surface water interactions depends on how accurately the groundwater
systems' properties are represented. Attempts to accurately map aquifer properties at the global
level like GLobal HYdrogeology MaPS versions 1 and 2 (GLHYMPS; Gleeson et al., 2014;
Huscroft et al., 2018) still require improvement at the local scale. GLHYMPS is based on a
global-scale lithology map with poor spatial variability which does not reflect the complexity of
the geological features at the local scale. These permeability coefficient products are the only
available at a global scale for the upper 100 m of the subsurface. However, they are reported to
contain discrepancies such as biases towards lower permeability (Gleeson et al., 2014; Huscroft
et al., 2018) and inconsistency in regions where permeability shifts up to an order of magnitude.
Part of the errors is attributed to the accuracy of the global lithological map database GliM
(Hartmann & Moosdorf, 2012), which is assembled at a target scale of 1:1000000 and has a
considerable influence on the GW models’ water table depths, fluctuations, and head (Reinecke

etal,, 2019).

The land-subsurface interactions due to the fractures’ permeability coefficient are
investigated in this study. Five simulation experiments are undertaken to evaluate the influence
of the fractured subsurface on water and energy fluxes. The geological lineaments mapped in
section 3.3 are converted to raster format using QGIS tool “Rasterize”. The 2D array is used to
select the corresponding position in the 3D indicator field which features the geometry for
Parflow model. As the z direction is made of 10 grid cells (see section 3.4), the geological
lineaments were extended from the bottom (hard rock) to the last 6 cell below the 4 soil layers.
The reference scenario is the simulation with a constant permeability coefficient for the entire
subsurface derived from GLHYMPS database (Huscroft et al., 2018). For the remaining
scenarios, the fractures are assigned permeability values (see Table 3.4) following the textbook
practices and the suggestions by Freeze and Cherry (1979). The choice of these permeability
values is mainly because the authors made a clear distinction between the grain sizes which serves
the purpose of this study. With the lowest permeability attributed to clayey fractures and high
values to sandy ones, the magnitude of the effect of fractures on land surface fluxes can be
ascertained as the permeability coefficient plays a critical role in PF-CLM model. Gleeson et al.
(2011) updated Freeze and Cherry (1979) findings by attributing to different lithologies the

geometric regional-scale mean permeability. However, the hydrolithologic and lithologic classes
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used are generalization of a rather complex geological units which are quite difficult to

exhaustively map let alone their hydrogeological properties.

The tested scenarios are based on the assumption that fracture formation under tectonic
actions can result in different types of geological discontinuity. That is, after the hard rock
breakdown, the debris from the erosion that fills the discontinuity can vary from low permeability
rocks (clay) to high permeability (e.g., sand or gravel). This study endeavors to ascertain the
impact of these options on water and energy fluxes. Therefore, it identifies the best fit for the
Donga catchment and broadens the assessment of the impact of improved subsurface
representation in land surface models (LSM). The scenarios assume a uniform distribution of the

fracture permeability coefficient which can be perceived as an idealistic scenario.
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Table 3.4: Tested scenarios with corresponding permeability values and description.

Scenarios Permeability
Description Reference
ID (m?)
GLHYMPS 2.0: a global
‘ Gleeson et al., 2014; Huscroft
REF 7.91071 scale hydrogeological
etal., 2018
properties database
1019-107 . N Freeze and Cherry (1979);
High K Gravel: high permeability
(10°8) Gleeson et al. (2011)
1013 - 107 Sand: moderate to high Freeze and Cherry (1979);
Moderate K
(1071 permeability Gleeson et al. (2011)
101 - 1016 N Freeze and Cherry (1979);
Low K Clay: Low permeability
(107179) Gleeson et al. (2011)
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3.4.2.6 Evaluation approach

The performance of the simulated scenarios is evaluated with widely reported metrics,
namely the Kling—Gupta efficiency (KGE), Pearson Correlation Coefficient (R), and the percent
bias (PBIAS). The R captures the monotonic relationship between the simulated and observed
values, while KGE highlights the similarity. KGE includes the linear agreement, and biases in the
mean and variability with stronger performance values close to 1. The PBIAS (%) gives the
average tendency of the simulations to overestimate or underestimate the observed values. The
simulations are compared to observations from the AMMA-CATCH project (fluxes and
streamflow), remote sensing (ESA CCI soil moisture, GRACE TWS), and reanalysis products
(GLEAM evapotranspiration and soil moisture). The KGE, R, and PBIAS are calculated as

follows:

. 2 . 2
KGE =1— \/(corr —1)2+ (Zijgi -1) + (gz ~1) (Eq.3.69)

_ _IEx-Di=Y)
B \/Z(xi_f)z Z(yi_y)z (Eq- 3.70)

N s
PBIAS = 100.%@. 3.71)

v;: Simulated values, x;: Observed values, N: length of the series, std(y;): standard deviation of
simulated values and std(x;): standard deviation of observed values, ) y; and ) x; are the sum

of the simulated and observed values, and corr: correlation coefficient.

Further, the centered root mean square difference (cCRMSD) and the percent change (PC)
are used to assess the change in water and energy fluxes under the scenarios C1, C2, C3, and C4

compared to CO. The cRMSD is a modified form of RMSD and is written as follows:

cRMSD = LI G~ ) = 0= DI (B 3.72)
And
MSD = RMSD? = % YN(x; — y1)? (Eq.3.73)

The relative change of simulations to the reference is computed as follows:

Sim—REF
REF

PC =

100 (Eq. 3.74)
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The reference simulation (REF) corresponds to the scenario C0O. The variables used for
the impact analysis are energy fluxes (sensible heat, latent heat, ground heat, and outgoing
longwave radiation), energy balance closure (EBC), evaporative fraction (EF), latent heat of
vaporization (L,,), soil moisture, evapotranspiration, groundwater table depth (WTD), terrestrial

water storage (TWS), and streamflow.
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3.5 Impact of Climate projections on groundwater recharge, levels, surface water storge

The uncertainties related to the influence of future climate change projections on
groundwater resources are yet to be thoroughly clarified. Therefore, this study investigates the
potential changes in groundwater recharge, levels, surface water storage, and overland flow in
the Donga basin. Five Global Circulation Models (GCMs) are used under two different Shared
Socioeconomic Pathways (SSP1-2.6, SSP5-8.5). The purpose is to evaluate the groundwater
resources’ response to different warming scenarios. As commonly used in past studies, the
projected variables (e.g., Precipitation) from the GCMs are added to other required variables (e.g.,
Wind and surface pressure) for running the integrated hydrological model Parflow-CLM. The

domain description and model setup are described in the sections 3.4.2.4.

3.5.1 Climate scenarios

The climate variables from future projections are derived from five GCMs namely GFDL-
ESM4, HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, and NorESM2-MM provided by the
sixth phase of the Coupled Model Intercomparison Project (CMIP6). The precipitation and
temperature variables are retrieved from the Climate Data Store (CDS) website. The two Shared
Socioeconomic Pathways (SSP1-2.6 and SSP5-8.5) are chosen to evaluate the spread between
the low and high emissions. The future climate forcing covers the historical period and the end
of the century. The downloaded climate variables are regridded to 75 m horizontal resolution to
match the model setup described in the above section. Likewise, the temporal resolution is
resampled from daily to hourly. As the model is run at a hourly time step, a synthetic diurnal cycle
is added while converting the daily temperature is hourly. The regridding of the downloaded
variables is done with the Python Package XESMF. The baseline scenario used to represent the
current climate covers 1850 to 2014, which serves as a reference simulation. The differences
between the end-of-century projections (2050-2099) and the baseline are computed for each of
the simulated subsurface variables (groundwater recharge, levels, surface storage, and overland
flow). As described in Table 3.5, the choice of the five GCMs under the two SSP1-2.6 and SSP5-
8.5 provides the possibility to assess uncertainties in the model projections and the spread of the
projected change at the end of the century. A total model run of 15 is undertaken to achieve the

aforementioned scenarios.
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Table 3.5: Time periods of Global warming in the GCMs under SSP1-2.6 and SSP5-8.5

IPSL-
GFDL- HadGEM3- NorESM2-
CM6A- MIROC6
ESM4 GC31-LL LR MM

Historical 1850-2014 1850-2014 1850-2014 1850-2014 1850-2014
SSP1-2.6 2050-2099  2050-2099 2050-2099 2050-2099 2050-2099
SSP5-8.5  2050-2099  2050-2099  2050-2099 2050-2099 2050-2099
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3.6 Soil N20O and CH4 emissions in contrasting land use of the Sudanian savanna
3.6.1 Study region and sites description

This study was undertaken at four contrasting greenhouse gases monitoring locations in
the Sudanian savanna, Northern Region, Ghana for two consecutive rainy seasons (2023 and
2024; see Fig. 3.7). The land use types are cropland (Kayoro), semi-degraded grassland (Gorigo),
rainfed paddy rice fields (Janga) and a protected savanna woodland within a national forest
reserve (Mole Park). The monitoring locations are part of the WASCAL-hydrometeorological
observatory installed in the last decade (Bliefernicht et al., 2018; Berger et al., 2019; Guug et al.,
2025). This region is intensively used for agriculture practices. The natural savanna vegetation
was therefore strongly converted to different agricultural systems in this region over the past
decades Water, energy and carbon fluxes at the different sites are monitored with the Eddy
Covariance method (Quansah et al, 2015, Berger et al., 2019 and Guug et al., 2025) since 2013
at Kayoro, 2017 at Gorigo, 2022 at Janga, and 2023 at Mole Park. In addition, chamber
measurements were taken at these sites in 2023 and 2024 to further ascertain the N.O, CH4, and

CO; fluxes (Fig. 3.8).

The geographic boundaries of the area extend from latitude 9°26.4’N to 11°12.4’N and
longitude 2°12°W to 0°.41.4°W with the altitude varying from 93 to 488 m. The seasonal cycle
of rainfall is strongly linked to the movement of rainfall belt of the West African Monsoon
determing the rainfall onset and cessation (Sultan and Janicot, 2003, Nicholson 2013). The annual
rainfall is monomodal in the southern Sudanian savanna extending between May and October.
The mean annual precipitation ranges between 900 mm and 1100 mm (Bliefernicht et al., 2018;
Bliefernicht et al., 2022). The annual average air temperature varies between 26 and 33°C.
Different dominant vegetation species are reported in the area such as Lannea microcarpa,
Adansonia, and Parkia biglobosa (Quansah et al., 2015). Near the flux tower, the cultivated
crops in 2023 and 2024 are soybean and groundnut at the cropland site (Kayoro). Further site
characteristics about Kayoro and Gorigo are given by Bliefernicht et al. (2018) and Mole Park
and Janga in Guug et al. (2025). During the gas sampling period, the cropland was ploughed and
fertilized after applying a selective herbicide (Glyphosate 410g/L SL) on the 18" July 2023 and
24™ June 2024 at the cropland site. Likewise, the rice fields was subjected to similar agricultural
practices on the 25" July 2023 and 26" June 2024. The local community undertook a low-

intensity mixed grazing of livestock (cattle and sheep) at the grassland site.
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Figure 3.7: Study region and the four monitoring sites Kayoro “cropland”, Gorigo “grassland”,

Janga “rice fields” and Mole Park “forest reserve”
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3.6.2 Procedures of the field GHG measurement
3.6.2.1 Experimental design

The field campaign with the chamber measurements was done in 2023 and 2024 on a
weekly basis covering the peak monsoon period and therefore the main vegetation and cultivation
period in this region (Fig. 2). The first samples were collected at Kayoro, Gorigo and Janga by
the end of May 2023 (29" of May 2023). The sampling at the Mole Park started end of July 2023.
The sampling was always done in the morning, between 9 and 11 AM, when the turbulent fluxes
of the planetary boundary layer deploy progressively until the highest around the noon time.
Because of this time constraint and the average distance (105+£50 km) to the EC sites, the gas
sampling is undertaken for each site per day. The sampling is done at Gorigo, Kayoro, and Janga

from Monday to Wednesday and the Mole Park gas sample is collected later during the week.

The chamber-based measurement of greenhouse gases is deployed in various ecosystems
in the last decades and the experimental design changes based on the purpose of specific studies
(Maier et al., 2022; Murphy et al., 2022). In this study, the designed chamber is made of two
parts: the collar and the intransparent lid. It is a 37 x 26.7 cm size collar which is implanted at 10
m from the EC tower. Five sub-trial points (chambers) are deployed at each site to ascertain the
spatial variability. The first is located at the north (ON) and the following at the interval of 72

degree.
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Figure 3.8: Chamber-based greenhouse gas sampling plots; closed (middle) and opened for soil
moisture and temperature measurements (left and right) in a rice field at Janga, Upper-East
Ghana
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3.6.2.2 Chamber sampling and analysis

De Klein & Harvey (2015) described the static chamber method for the N>O
measurements. In this study, the plastic collar of the chamber is inserted into the ground at 2-5
centimeters depth and left on the field throughout the measurement periods. The average head
space volume is approximately 20L. The sampling starts with the soil moisture and temperature
measurement for each sub-trial chamber. For 20 minutes, the chambers are closed and the gas
sample is taken at 5, 10, 15 and 20 minutes at the top of the chamber through a rubber septum. A
50 mL poly-propylene syringe attached to a hypodermic needle is used to extract the air from the
closed chamber. The gas sample is then transferred into a sealed and pre-evacuated glass exetainer
of 10 mL. The choice of the sampling period (9:00 to 11:00 AM) is based on the suggestions that
94 to 101% of the “true” seasonal emissions is captured early in the morning and evening (Weller
et al., 2015; Charteris et al., 2020). The weekly sampling is undertaken almost the same day for

each site throughout the measurement period on different days of the week.

During the sampling, 50 ml of air is taken from the chamber using a syringe; 70 percent
of the sample is used to flush the vial, after which the remaining 15 mL is injected with a slight

overpressure in the 10 mL vial (see Calvo-Rodriguez et al., 2020).

At the end of the sampling process, the chambers’ height, soil moisture, and temperature

are measured. The gas fluxes are computed as follows:

; _dg VXPxM, 60
H ™ d, RxT A x 1000

Eq.(3.75)

d : . : : . . . .
d—q : change in the mixing ratio over time (ppb min~! or ppm min ') resulting from the linear fit,
t

T: average temperature during sampling (°K), P: long-term average air pressure of the site (Pa),
V: chamber volume (m*), Mw = 12 for COz and CHs and Mw = 28 for N>O (g mol—1), A is the

surface area of the chamber (m?) and R is the universal gas constant (J mol ! °K™).

The monthly means were calculated for each land use after the quality control which is
made of two main criteria. In case the calculated flux is an outlier, the estimated flux is
benchmarked against the temporal average from previous values and a measurement is considered
valid if the coefficient of determination is greater than 0.8, 0.6, and 0.6 respectively for CO2, CHa,
and N»O fluxes. If the coefficient is less than 0.8 for the CO; flux, the calculated fluxes for the
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site that week are altogether rejected. The fluxes are valid if the coefficient is greater than 0.8 for

CO; flux and 0.6 for NoO and CHg4 fluxes (e.g., Calvo-Rodriguez et al., 2020).
3.6.2.3 Soil moisture and temperature measurements

Each gas sampling procedure is preceded by the soil volumetric water content (VWC)
and temperature measurement. The soil thermometer and moisture sensor are implanted inside
the chamber collar and the values are read on the device screen. Following the recommendation

of Werner et al. (2014), the soil water-filled pore space (WFPS) is calculated using VWC values.
3.6.2.4 Soil sampling and analysis

Before the GHG sampling, soil core samples are collected at 5 different depths (0-5cm,
5-10cm, 15-20cm, 30-35cm, 45-50cm) with four soil profiles per depth at each site (Table S2).
The soil physicochemical properties were measured at Janga, Kayoro, and Gorigo (n=45). The
nitrogen content and soil organic carbon are measured at KIT IMK-IFU laboratory. The bulk
density (BD) is calculated for each soil sample dried at 105°C for 24h. The soil volumetric water
content and BD values are used to calculate the soil water filled pore space (WFPS) following

the suggestions of Werner et al. (2014).
Wvol
BD
(1-7¢3)

W,,0,is the volumetric water content, BD the bulk density [g cm ™3], and 2.65 the particle density

WFPS[%] = Eq.(3.76)

[g cm™3].

The isotopic signature of carbon (813C) and nitrogen (815N) of each sample are also
measured. The isotope Ratio Mass Spectrometry test AIL-1.1¢ (2015-02) used for the analysis is
a flexibly accredited method by the European standard DIN EN ISO/IEC 17025:2018. The
analysis of the ratios of the stable carbon isotope §'3C/3'2C shows altogether a higher rate of §!2C
at the three managed sites originating from a mixture of C3 and C4 plants with dominance
towards C4 (Fig. S1). For all the sites, the ratios oscillate from -19.9 to -14.3%o with respectively
an average of -17.29+0.1, -17.93+0.11, and -17.48+0.1 for the grassland, cropland, and rice fields.
Similar ranges between -24 and -13%o at a grassland, -18 and —15%o at a maize field, and —17 and
-15%o are obtained by Gerschlauer et al., (2019) at Kilimanjaro mount. The carbon ratio increases

slightly with the depth at the grassland and cropland sites while the values remain in the same
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range at the rice fields. Unlike the low nitrogen content, the carbon content is relatively moderate

to low with 6"*C averages of 0.23+0.0%, 0.23+0.1%, and 0.47+0.2% respectively.
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Table 3.6: Descriptions of the investigated sites: altitude, annual precipitation (AP), mean annual

air temperature (MAT), soil organic carbon (SOC), soil nitrogen (Ntot), soil carbon to nitrogen

ratio (C/N), N fertilization rate (Nr), bulk density (BD), texture (%), and soil types. The

parameters refer to soil depth from 0 to 50 cm. The values are derived from Eddy Covariance

measurements and reanalysis products (*) because of missing data. Further details about the sites

are provided in Quansah et al. (2015), Bliefernicht et a/. (2018), and Berger et al. (2019).

Altitude AP MAT 8C/slC Soil C Ntot BD Texture (%)
Site Land C/N | Nr ;
(m) (mm) =0 (%o0) (%0) (%) (g/em3) sand/silt/clay
name cover
2023 2024 2023 2024
Mole Forest 159 1029* | 889* | 28.36* | 28.63* - 1.62+0.35 | 0.154+0.03 | 10.64 - - -
Gorigo Grassland 217 952% | 1042* | 28.97 32.55 ) 0.32+0.015 0.04=0.0 8 - 1.66=0.11 -
17.29=0.1
Kayoro Cropland 292 959* | 877.9 | 29.99 29.57 17 9; o1 0.39+0.11 | 0.046%0.012 | 8.48 | Low | 1.65+0.08 | 770.9/20.05/2.87
.93=0.
Rice -
Janga 118 883* | 1011* | 26.05 26.52 0.62+0.092 | 0.057+0.005 | 10.88 | Low | 1.53+0.09 -
fields 17.48+0.1
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3.6.2.5 Statistical Analysis

The sampling period extends from May to October for the two consecutive years. The
annual and monthly means are calculated for each year for comparative analysis. The
Kolmogorov-Smirnov test is used to evaluate the normality of the variables. The paired t-test is
used to assess the difference between the sites and years. The environmental controls over the
GHG fluxes at each site are evaluated using the multiple stepwise regression analysis. The factors
considered are WFPS and soil temperature. The data processing is done in Python with modules

such as Scipy, Pandas, and Statsmodels.
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Table 3.7: Descriptive statistics of the seasonal N>O and CHj4 fluxes, soil temperature (Tsoir), water
filled pore space (WFPS) of the four sites for the two years. The values are in kg C/N ha™! season”
!"and the monthly averages are reported in pg C m? h'!' (see Table S1). The period of the season

considered for the seasonal mean computation is from June to October.

Seasonal mean Min Max Median
fcosystem 2023 2024 2023 2024 2023 2024 2023 2024
Forest -0.019+0.2  -0.42+0.13  -33.08 -33.8 13.72 29.13 492 -13.86
[kgC(I?-I:la'l Grassland  0.53+0.35  0.37#0.13  -24.13 -16.15 73.58 6425 1349 8.04
seasonl] Cropland  -0.065+0.2 -0.074+0.14 -27.46 -17.35 18.13 1556  -479 -3.45
Rice fields 0.69+0.17  0.82+0.22  -17.23 -40.18 140.07 2339 14.6 5.47
Forest 0.12+0.1 0.011+0.11 931 -10.56 12.1 9.27 6.32  -1.37
[ngl\ZIOha'l Grassland  0.05+0.16 0.1£0.02 -13.21  -9.65 14.14 21 33 3.25
season] Cropland  0.124+0.18 0.1+0.08 -12.18  -15.84 16.51 29.63  6.11 2.55
Rice fields 0.08+0.24  0.16+0.31 -9.74  -11.09 1259 3393  3.65 4.66
Forest 16.59+4.3 10.55+0.0 7.9 10.55  23.55  10.55 18.1 10.55
SM Grassland 19.78+8.95 18.61+8.02 0.1 4.3 40.15 3395 1945 17.125
[%] Cropland  11.97£5.29 10.56+6.01 0.5 0.3 223 21.25 1285 11.25
Rice fields 25.41+11.7 17.18+10.5 0.5 5.35 39.15  36.15 31.6 14.25
Forest 28.43+0.46  28.3+0.0 2645 2645 31.05 30.15 27.82 27.87
Tsoil Grassland  29.81+1.48 31.26+2.86  26.75 28.5 32.35 40.9 2992 30.25
[°C] Cropland 29.19£2.91 31.41+£2.78 24.8 27.65 34.5 3775 285  31.22
Rice fields 30.78+2.34 31.42+2.51  27.75 2695 36.25 3475 30.25 32
Forest - - - - - - - -
WEFPS Grassland  53.05+24.0 49.9+21.5 0.26 11.52 107.65 91.02 52.15 45091
[%o] Cropland 32.11+4.48 28.33+16.2 1.32 0.79 59.27  56.48 34.15 299
Rice fields 59.99+£27.6 40.56+£24.91 1.18 1263 9242 8534 74.6 33.64
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3.7 Sensitivity of soil N2O, CH4, and CO: fluxes to water table dynamics
3.7.1 Model descriptions

The Joint UK Land Environment Simulator (JULES) as a state-of-the-art Earth System
Model (ESM) is used in its modified version, named JULES-Microbe, to evaluate the impact of
water table dynamics on wetland greenhouse gas emissions in the region. Both JULES and
JULES-Microbe are described in sections 3.2 and 3.4. The tested scenarios are also presented in

section 3.7.4.

3.7.2 Joint UK Land Environment Simulator

JULES is a widely reported community model in the UK Earth System Model (UKESM,
Sellar et al., 2019). It simulates water and heat fluxes, snowpack dynamics, soil biogeochemistry,
vegetation dynamics, energy balance, nitrogen and carbon fluxes (Burke, Chadburn, & Ekici,
2017; Best et al., 2011; Wiltshire et al., 2020). A detailed description of JULES is provided in
two parts in Best et al. (2011) and Clark et al. (2011), and was used in the Global Carbon Project
(Friedlingstein et al., 2019) and the Inter-Sectoral Model Intercomparison Project (Rosenzweig
et al., 2017). Global projections of multiple variables are undertaken in with JULES for example
for methane and carbon emission, and future hydrology (Comyn-Platt et al., 2018; Gedney et al.,
2019). The model is preferred to achieve the objective of this study as it provides schemes and
necessary variables to link the water table dynamics to wetland greenhouse gas emissions. The
methane emission is computed in JULES though the wetland methane scheme. It requires
substrate availability (C), and soil temperature (T) which are multiplied by saturated fraction to
obtain the methane emission of the grid box (Gedney et al., 2004). Comyn-Platt et al. (2018)
updated the scheme providing the computation of the emission from multiple vertical soil layers.
The total emission is calculated by adding the fluxes from the layers. The oxidation is empirically
represented as an exponential decay factor (7) to weight the sum of methane production from the
layers (Equation 1). A major factor in methane emission namely root exudates is neglected in the
scheme as it focuses on methane production from soil carbon. Gedney et al. (2019) reported
multiple ways the substrate can be used for methane emission. The equation below indicates

methane emitted from the saturated area of the soil layer ith :

Fe,, i = kyCA(T;, Q)exp (—1z;)dz; (Eq. 3.77)
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With z; : depths at center of the soil layers, dz;: layer thickness, and A: Arrhenius function written

as follows:

A(T, Q) = Q"0 (Eq. 3.78)

With T: Temperature (C), T,: temperature at absolute zero, Q: equivalent to Q,, generally adopted

in ecological modeling.

3.7.3 JULES-Microbe setup

The JULES-Microbe scheme is extensively described in Chadburn et al. (2020). It
simulates the methane emission from the methanogens or methanogenic archea, a group of
microorganisms that produces methane in anoxic conditions (Garcia et al., 2000). Dissolved
substrate from organic material is transformed into carbon dioxide, methane, and methanogenic
microbial biomass. The substrate source in JULES-Microbe is soil organic carbon which is one
amount many others not included in the scheme. Hydrolysis is reported as the rate-limiting step
(Mata-Alvarez et al., 2000) for the decomposition of the soil organic matter to dissolved substrate
which occurs in many stages (Christy et al., 2014). JULES-Microbe simulates the decomposition
by hydrolytic microorganisms, a chemical process which does not include the methane emission
by the methanogens. The rate of microbial respiration and biomass governs the consumption of
the dissolved substrate. Higher of microbial respiration is associated with increase in the level of
microbial activity, temperature, and substrate availability. Carbon dioxide and methane
emissions, and growth of methanogenic biomass are the derived products from the consumption
of the substrate. The level of microbial activity varies between poor and good growth conditions

where the later one is associated with higher temperature and substrate.

The sensitivity of the greenhouse gas fluxes (CHa, N2O, and COz>) to the water table
configuration in the region is assessed with the scenarios described in Table 3.8. The purpose is
to ascertain its’ contribution of the emissions. The metrics used to evaluate the difference are

KGE, PBIAS, and BIAS described in section 3.1.3.7.
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Table 3.8: Scenarios for the evaluation of the impact water table dynamics on greenhouse gas

fluxes.
E t
. Water Table Scientific Basis . xpec ed.
Scenario ID  Scheme Type ) Target System Biogeochemical
Setting / Source
Response
Moore &
High CH
Prescribed -10 cm below Boreal fen, Knowles (1989); igh CHs,
S1 ) . moderate
Static surface mesic peat Turetsky et al. CO/NAO
(2008) i
Prescribed -40 cm below Moderately Heinemeyer et Moderate CHa,
52 Static surface drained peat al. (2010); Grant higher CO
P et al. (2019) £ ?
. . Treat et al. .
Prescribed -80 cm below Upland organic . Low CHa4, high
53 Static surface soils (2015); Wieder CO2/N-O
et al. (2019) a
P 1 Ri 1 :
Prescribed Surface level (0 ermanently ingeval et al' Peak CH4, low
S4 Static cm) saturated (2012); Tootchi COs. risine NoO
wetland et al. (2020) » TISIng 2
Pangala et al. .
. High CH
Prescribed +5 cm above Tropical swamp (2017); Methane 1.g‘ )
S5 . ebullition, low
Static surface (flooded) forest feedback co
CMIP6 work ’
Knox et al.
) —10 to —80 cm ) (2013); Helbig CHa collapse,
S6 Dynamic event-driven dro Drained et al. (2020); CO: pulse, N2O
Event-based . P peatland WETCHIMP 2P N
(drought scenario) . . spike
simulation
strategies
Glinther et al.
-80to 0 i 2020); Laine et .
Dynamic O. cm rise Peatland ( ); Laine e CHa increase,
S7 Risine WTD (rewetting/restorat restoration al. (2021); CO, decrease
g ion) Peatland Code :
UK
Topoeraphic Gedney & Cox Realistic
Pog .p (2003); Clark et wetland
TOPMODEL- wetness index Large-scale .
58 derived (TWI) driven catchment al. (2011); distribution,
JULES-ES patchy GHG
WTD . L
configuration emissions
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Chapter Four
Results and Discussion
4.1 Sensitivity of water fluxes to subsurface flow parameterization schemes in West Africa
4.1.1 Model calibration

The scarcity of streamflow records places a significant limitation on the WRF-hydro
model calibration in the study area as reported by Arnault et al. (2016), Naabil et al. (2017), and
Quenum et al. (2022). The models’ hydrological parameters selection is a critical step. From the
literature, past works that dealt with this issue have provided considerable insight into the range
of values suitable for the main parameters namely the runoff infiltration partitioning parameter
(REFKDT) and surface and channel roughness parameter (Manning’s roughness, n) at basin
scale. But, transferring past calibrated parameter values to other gauges still encounters a
representativity challenge due to the peculiar characteristics of each hydrological unit even at the
local scale. The model calibration in the present study is undertaken on the Donga catchment
where streamflow data is available (see location in Fig. 3.1) using the FD scheme. The year 2009
is used for the model spinup, 2010 is chosen for the calibration following suggestions in the
literature (Senatore et al., 2015; Quenum et al., 2022), and the remaining period for the model
validation. For improved streamflow simulation, the first step of the model calibration is done by
evaluating the model performance in response to a similar range of values for the REFKDT
parameter (see Table 4.1b, Fig. 4.3a-b), as suggested in prior studies. The adopted approach is to
change the infiltration scaling value for the entire domain as a global parameter. The remark at
this first stage is that with the tested REFKDT value, the precision metrics KGE and NSE reach
up to 0.66 and 0.49, respectively, with the PBIAS values ranging between -15.04 and 6.48. For a
REFKDT value greater or equal to 0.1, the model underestimates the streamflow while the tested
value of 0.02 results in an overestimation. From the lower REFKDT values to higher one (0.02

to 3), the RMSE reduces progressively from 339.4 m%/s to 132.3 m%/s.

The model calibration through the parameters’ regionalization is encouraged in recent
descriptive reports of WRF-Hydro (Niu et a/., 2011). Therefore, as infiltration scaling factor, this
study computed a spatially-distributed infiltration rate (see Fig. 4.1) using the soil hydrologic
group (A, B, C, and D), the terrain slope, and the MODIS/IGBP land cover map (20 classes). The
hydrologic group is derived from the soil texture map according to the recommendation of the

US Soil Conservation Services (SCS) and the slope calculated from the DEM at the native land
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model resolution is classified into 3 categories (low, medium and high slope). The layers are
extracted from the geogrid file and the infiltration rate is mapped using the Rational Method
Runoft coefficient (Baiamonte, 2020; USDA, 2007; Soil Conservation Service, 1983). The
infiltration rate is assigned from the 240 sub-classes resulting from the combination of the three
map categories with values ranging from 0.1 to 0.99. With the regionalized REFKDT, the KGE
increases to 0.68 while the NSE remains at 0.49 with a PBIAS value of -12.0 and RMSE of 133.6
m?3/s (see Table 4.1b, Fig. 4.3a-b).
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Figure 4.1: Infiltration rate map computed using soil hydrologic group, slope, and land cover
(shown on the right side) for the REFKDT regionalization. The different color in the soil
hydrologic group map indicates the classes (A, B, C, and D).
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Small changes in the channel routing parameters are reported to significantly influence
the simulated streamflow. Each segment of the channel network is indexed with the channel
parameters (see Table 4.1b) by attributing same values to similar stream order in the routing
scheme. The caveat is that the topographic complexity creates disparities in the channel network
making each one different from any other. The streams Manning’s coefficient (MannN) and the
surface roughness scaling factor (OVROUGHRTFAC) are often used as a global parameter to
represent the topographic roughness influence on the overland flow and streamflow of the
catchment. The accurate computation of the roughness parameters (OVROUGHRTFAC and
MannN) is significant for the overland flow formulation because even micro-topography affects
the flood wave dynamic. The surface overland flow routing is defined based on the continuity
and momentum equations (see WRF Hydro user guide) and the momentum loss of the overland

flow is implemented using the Manning’s or Chezy resistance equation:
qx = a,h? (Eq.4.1)

where q,1s the unit discharge in x direction from the two-dimensional continuity equation for a
flood wave. It takes into account the friction slope both in x and y directions (Sfx, Sfy) which is

a function of the terrain slope and the surface water depth variation:

1/2

% (Bq64): B=2and S =S, —2(Eq 42
ax_nOV(Q- )a ,3—3311 fx — Qox ax( q. )

The tunable parameter nyyis the roughness coefficient of the land surface with a default
value equal to 1 (OVROUGHRTFAC) which is used in the first step of the model calibration.
The roughness parameter (OVROUGHRTFAC) is evaluated by tuning values ranging from 0.2
to 0.8 (see Table 4.1b, Fig. 4.3a-b) and a 2D spatially distributed roughness map using the
regionalized REFKDT. The Topography Roughness Index (TRI) describes the topographic
gradient change from hillside to the channel and is used in this study to evaluate its efficiency in
improving the streamflow simulation. A python code is written to compute the TRI (Fig. 4.2) and

the simulated streamflow time series are compared.
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Figure 4.2: Topography Roughness Index (TRI) map used for the regionalized surface
roughness scaling factor OVROUGHRTFAC. The dark blue indicates high roughness values.
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It turns out that the performance of the model with the different parameterizations of
OVROUGHRTFAC is quite similar with KGE and NSE values approximating respectively 0.68
and 0.49. More, the PBIAS and RMSE values fluctuate around -12 and 133 m?/s revealing that
despite the reasonable performance in the Donga catchment, the TRI does not increase
significantly the accuracy of the simulated streamflow but appears among the best performing

results.

The calibration process is continued with the investigation of the Beta parameter (BEXP),
the Saturated value of soil moisture (SMCMAX), and the Saturated soil permeability coefficient
(DKSAT) which are spatially distributed with respective default mean and standard deviation of
6.8+£0.9, 0.4+0.01, and 4.3e-6+6.4¢-7. To preserve the spatial heterogeneity of these parameters,
the proposed calibration consists in shifting the default values by a multiple of its standard
deviation. For instance, the distributed BEXP is decreased by 6, 5, 4, 3, and 2 times the standard
deviation and increased by 2 and 4 times to investigate how the simulated streamflow is
improved. The results indicate that the highest performance is achieved with the BEXP-3STD
and the metrics KGE and NSE values are respectively 0.74 and 0.57. The PBIAS value of 1.91%
is the lowest recorded with a RMSE of 112.5 m?/s. It is remarkable that for the tested BEXP
values below and above BEXP-3STD, the model performance decreases significantly towards
the lowest values reaching KGE and NSE respectively of 0.21 and 0.37, and PBIAS and RMSE
of 76% and 165.26 m*/s; and less significantly towards the highest BEXP with the KGE, NSE
PBIAS, and RMSE values of respectively 0.66, 0.46, -18.1%, and 140.2 m?/s. The lowest BEXP

values lead to the streamflow overestimation while the highest lead to underestimation.

The SMCMAX parameter is also calibrated in a similar manner and it turns out that the
best performance of the model is recorded with SMCMAX-2STD where the KGE, NSE, PBIAS,
and RMSE values reach respectively 0.74, 0.56, 7%, and 115.3 m>/s. Towards the lowest values
of SMCMAX the model overestimates the streamflow by 33.5% with the largest RMSE of 152.3
m3/s. The corresponding KGE and NSE values are respectively 0.57 and 0.42. It underestimates
the streamflow towards the highest SMCMAX where the PBIAS and RMSE reach respectively -
12% and 120.6 m*/s with KGE and NSE of 0.66 and 0.54.

The highest performance of the model with the DKSAT parameter is recorded with
DKSAT-2STD where the KGE and NSE values are respectively 0.73 and 0.56 with the lowest
PBIAS and RMSE of -2.1% and 115.5 m?/s. Further, the drop of the model performance is abrupt
towards the lowest DKSAT reaching 0.12 and -1.1 of KGE and NSE with a streamflow
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underestimation of -27.4% and a RMSE of 554 m>/s. The model performance towards the highest
DKSAT is slightly lower with the streamflow overestimation of similar magnitude (29.3%) and
KGE, NSE, and RMSE of respectively 0.63, 0.51, and 128.6 m?/s.
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Table 4.1a: Channel parameters per stream order

Stream

Order Bw HLINK ChSSlp MannN  Averaged TRI
1 1.6 0.02 0.03 0.09 0.045
2 24 0.02 0.03 0.07 0.043
3 3.5 0.02 0.03 0.06 0.042
4 53 0.03 0.04 0.05 0.04
5 7.4 0.03 0.04 0.04 0.04
6 11 0.03 0.04 0.03 0.031
7 14 0.03 0.04 0.03 -
8 16 0.1 0.04 0.02 -
9 26 0.3 0.05 0.02 -
10 110 0.3 0.1 0.02 -
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Table 4.1b: Model calibration metrics
Parameter KGE NSE PBIAS RMSE Parameter KGE NSE PBIAS RMSE

SMCMAX (REFKDT=REQG,

REFKDT (OVROUGHRTFAC=1
( ) OVROUGHRTFAC=TRI, BEXP=-3STD)

0.02 044 -03 648 339.5 -10STD 0.57 042 3359 1523
0.1 0.62 026 -10.2 194 -6STD 0.7 052 19.06 1253
0.3 0.65 042 -1391 150.2 -4STD 0.73 055 12,69 1185
0.5 0.66 046 -1453 140.9 -2STD 0.74 056 7.05 115.3

1 0.66 0.48 -14.87 1344 2STD 0.71 0.57 -3.1 110.8

3 0.66 0.49 -15.04 1324 4STD 0.68 0.55 -8.18 1164
REG 0.68 0.49 -12.05 133.7 6STD 0.66 0.54 -12.03 120.7

DKSAT (REFKDT=REG,
OVROUGHRTFAC (REFKDT=REG) OVROUGHRTFAC=TRI, BEXP=-3STD,
SMCMAX=-2STD)

0.2 0.68 0.49 -11.47 134 -10STD 0.12 -1.1 -2749 554.1
0.4 0.68 0.49 -11.81 134 -4STD 0.65 0.52 -15.54 1242
0.6 0.68 0.49 -11.94 133.8 -2STD 0.73 0.56 -2.12 115.6
0.8 0.68 0.49 -12.01 133.8 2STD 0.72 055 13.72 1173
TRI 0.68 0.49 -12.16 131.9 4STD 0.7 054 1886 1199

BEXP (REFKDT=REQG,

OVROUGHRTFAC=TRI) 6STD 0.67 0.53 2299 1228

-6STD 0.21 0.37 76 165.3 10STD 0.63 051 2932 1286

MannN (REFKDT=REG,
-5STD 0.58 0.54 3576 1193 OVROUGHRTFAC=TRI, BEXP=-3STD,
SMCMAX=-2STD, DKSAT=-2STD)

-4STD 0.73 057 12.04 111.2 2STD 073 056 -2.12 1155
-3STD 0.74 057 191 112.6 4STD 073 056 -2.12 1151
-2STD 072 055 -437 1173 6STD 073 056 -2.11 115.3
2STD 0.66 046 -1598 140.8 10STD 073 056 -2.11 114.7
4STD 0.66 046 -18.16 1403 TRI 0.74 056 -2.12 115
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The channel routing algorithm also uses the mass and momentum continuity equations as
for the overland flow routing. In this case, the friction slope is a function of the flow rate (Q) and

conveyance (K) and formulated as follows:

0\2
Sr= (%) (Eq.43)
K is calculated using the Manning’s equation:
K == AR?/3 (Eq. 4.4)

where A: the cross-sectional area, R: the hydraulic radius (A/P), P: the wetted perimeter, n:
Manning’s roughness coefficient, and Cm: dimensional constant (1.0 or 1.486 for SI or English

units).

The Manning’s roughness (n) is the controlling factor of the hydrographs’ shape and
assigned to each stream order in 2 different manners; that is increasing the default MannN values
by multiples of the standard deviation of the list and testing the regionalized TRI. At this last step,
the average roughness value per streamflow segment (2063 polylines) traversing the cells of the
roughness map is extracted with the ArcGIS tool “Add Surface Information”. To increase the
possibility to achieve superior yield, a finer resolution of roughness map is computed using the
subgrid DEM of 250m resolution instead of the native land model resolution of 1km. The default
list of n values in the routing file (Route Link.nc) of the reach-based routing methods is replaced
by the extracted roughness values (Table 4.1a). Overall, the model performance increases by few
digits for all tested range of MannN. The TRI yield is slightly higher (KGE: 0.74) but there is not

a significant difference between the tested values.
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Figure 4.3a: Model calibration steps and corresponding metrics. The black and grey bars
indicate respectively the KGE and NSE scores. The abbreviations are described above in

section 4.4. See Figure 4.3b for further detail.

115



Step 1 Step 4
REFKDT (OVROUGHRTFAC=1) SMCMAX (REFKDT=REG, OVROUGHRTFAC=TRI, BEXP=-03§S'0%)0
T 140 - 0.
| | ‘
|
100+ 120 - 1 - 0.00025
‘ - 0.00050
100 - ‘
801 — Observati —— Observati .
— 0.02 —— -10STD - 0.00075 2
_ — 01 801 — -6STD £
n& 601 — 0.3 —— -4STD L 0.00100 g
E — 05 60— =™ 2
o J || ==, =
— 251D -0.00125 2
40{ — 3 —— 4sTD ]
—— REG 40{ — 6STD «
L 0.00150
20
20 - 0.00175
0+ 0 el L 0.00200
Step 2 ' Step 5
OVROUGHRTFAC (REFKDT=REG) DKSAT (REFKDT=REG, OVROUGHRTFAC=TRI, BEXP=-35TD, SMCMAX=-25TD)
l \ - 0.00025
100 - ‘ (I 250 -
I - 0.00050
80 - 2004 =™ Observati -
—— Observati - — -10STD -0.00075 ‘g
— — 0.2 —— -45TD £
ﬁ 604 —— 04 1501 — -25TD -0.00100 §
— —10.6 — 2STD ]
54 — — S
e d i 4510 -0.00125 -&
404 — TRI 100{ —— 6STD 8
—— 10STD [
-0.00150
20 4 50
- 0.00175
A*b
01 . : = F 0 -0.00200
Step 3 . . . % . . .
BEXP (REFKDT:REG, OVROUGHRTFAC:TR|) MannN (REFKDT=REG, OVROUGHRTFAC=TRI, BEXP=-3STD, SMCMAX=-2STD, DKSAT=-2STD)
1401 , T 120 TTT - 0.00000
120 - -0.00025
100 A
- - 0.00050
100 4 :
—— Observa 80 T
— -6STD r - QObservation - 0.00075 S
_. 804 — -55TD — -45TD £
w
2 — 4STD L 60| — -25TD -0.00100 §
= —— -3STD —— 2STD =
o 601 __ 50 —— 4sTD s
- - 0.00125 2
— 251D 404 — TRI ]
404 — 4STD [
- -0.00150
20
201 - -0.00175
01 - 01 ' - 0.00200

2010-01 2010-03 2010-05 2010-07 2010-09 2010-11 2011-01  2010-01 2010-03 2010-05 2010-07 2010-09 2010-11 2011-01

Figure 4.3b: Model calibration steps and corresponding simulations. The grey line indicates the
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4.1.2 Models’ performance
4.1.2.1 Performance in simulating soil moisture

This study endeavors to evaluate the impact of the subsurface parameterization on the soil
moisture, evapotranspiration, groundwater storage, and streamflow in West Africa using the
WRF-Hydro model. Considering the benefit of improving the groundwater representation in
LSMs spanning from computationally less expensive approaches (1D) to coupling variably
saturated groundwater models (3D), the TOMODEL and MMF schemes resolve the upper
unconfined aquifer by using the Darcy law for lateral flow and Dupuit-Forchheimer
approximations. The model is calibrated for the Donga catchment using global and regionalized
parameterizations to identify the optimum values required to achieve accurate streamflow
simulation. The parameters are then employed to run three simulations using the schemes (FD,

TOPMODEL, and MMF).

The simulated soil moisture of the three schemes is evaluated against the ESA CCI remote
sensing product at the basin level for the seasonality cycle and inter-annual variability analysis
(Fig. 4.4) and at the entire domain level (Fig. 4.5) with the metrics described in section 4.3.
Though a slight difference can be noticed in the inter-annual variability patterns of the monthly
top layer water content of FD SM, TOPMODEL SM, and MMF SM, the seasonal cycle is well
reproduced for each basin. In Faga basin located in the Sahel zone, the regression metrics confirm
the three schemes’ skill in capturing the variability and timing of the observation with values
ranging from 0.85 to 0.94 for R, 0.68 to 0.82 for KGE, and 0.36 to 0.68 for NSE (Fig. 4.5). The
difference in the RMSE is negligible and the lowest value is displayed by the TOPMODEL
scheme. The strong linear relationship between the models and observation confirms the lower
error in the variability indicating a good performance. Overall, the three schemes’ soil moisture
is drier resulting in a slight underestimation in the basin. In this Sahelian climate, the two
improved subsurface schemes (TOPMODEL and MMF) reveal a positive outcome for soil
moisture modeling; that is in a drier condition, the role of the subsurface in sustaining soil water
content is more pronounced. The three schemes' performance in the Sissili basin located in the
Sudanian savanna is high with R, KGE, and NSE values respectively from 0.91 to 0.95, 0.71 to
0.76, and 0.54 to 0.74. The difference in the RMSE values is negligible, although the models
underestimate the dry season soil moisture. The annual pattern of the soil moisture variability is

well captured in the three simulations with the minimum residual variance recorded in the
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TOPMODEL (NSE=0.74). Though the correlation coefficient R and KGE are relatively strong
for the three schemes, the residual variance magnitude to the observed variance indicates FD as
the less performing scheme (NSE=0.54). In wetter climatic condition of the Guinea Coast, the
potential of the schemes in Oueme basin is significant with a correlation coefficient spanning
from 0.94 to 0.98. The residual variance is the lowest compared to the other basins with NSE
greater than 0.83 and the TOPMODEL scheme’s performance is the best. The temporal variability
is accurately captured as the KGE values vary between 0.81 and 0.85. The evaluation of the bias
using RMSE shows the models’ skill in minimizing the absolute error which is relatively low for
the schemes, especially the TOPMODEL scheme. Despite the land cover simplification due to
the models’ grid cell size and its potential impact on the soil moisture, the schemes offer reliable

outcomes for the considered climatic conditions.
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Figure 4.4: Comparison of the basin averaged soil moisture of ESA CCI SM versus simulated

SM. The scatter plots and metrics of FD, TOMODEL, and MMF are in red, blue, and green.
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As one of the major components for water conservation in the critical zone, the model’s
performance in simulating soil moisture is shown in Figures 4.5, S1, and S2. The spatial
distribution of the time-averaged soil moisture shows the similarity between the reference SM
and MMF SM. The widely reported south-north soil moisture gradient is well captured by MMF
SM however the bias map (Fig. S1c) indicates a drier soil moisture. Although near the coast, the
difference between the reference SM and MMF SM is close to zero. The linear relationship
displayed in Fig. S1d shows a strong agreement (0.5 to 0.95) however the bias in Sudanian and
Sahel zones oscillates around -0.05 m® m™. Altogether, the spatial correlation coefficient indicates
a strong linear relationship with reference SM (0.92, 0.94, and 0.92). The impact of the improved
schemes on the top layer soil moisture is negligible compared to FD SM (Fig 4.5¢c, 10, Slc, and
S2c¢). Though the focus here was not on the lower layers, Wagner et al. (2016) argued that the
subsurface improvement using dedicated hydrological models has a more pronounced effect on
the lowest soil layer reducing the water content by approximately 10%. The same study confirms
the present results obtained with the top soil revealing a lower impact. Despite the relatively low
difference, slight changes in soil moisture can affect land surface processes (e.g., Koné et al.,
2022; Talib et al., 2022; Robert et al., 2011; Stocker et al., 2018; Kunstmann & Jung, 2003). As
shown in Fig. 4.12, with the MMF scheme, the sensitivity of the WRF Hydro model to subsurface

parameterization is mainly significant in the riverbeds.

The spatial comparison of the simulated soil moisture versus the ESA CCI products is
illustrated in Figure 4.5d-f where R, KGE, and NSE, are employed as metrics. This domain-level
evaluation indicates the spatial distribution of the metrics computed on the 10-year simulation
SM. For the three schemes, the spatial pattern reveals a significant score across the board with
very low error. The linear relationship with the observation is strong with R values ranging from
0.5 in the Sahel to 95 in the Sudanian savanna (Fig. 4.5d, S1d, and S2d). More than 80% of the
domain has KGE values greater than 0.5 whatever the scheme and this confirms their skill in
representing both the seasonal cycle and inter-annual variability. Most of the highest KGE scores
(=0.8) are located in the Savanna zone with the TOPMODEL SM and represented by a black dot
(Fig. 4.5e, Sle, and S2e). The coastal area and the extreme north of the domain are less captured
with the KGE ranging between 0.25 and 0.5. The residual variance magnitude to the observed
variance confirms the skill of the TOPMODEL SM in the Savanna zone with values fluctuating
between 0.5 and 1. The same cannot be inferred for the FD SM and MMF SM in the Sahel and
Guinea Coast as the NSE values descend below 0.25 (Fig. 4.5f, S1f, and S2f). This implies the
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less sensitivity of the two models to the two poles of the rainfall gradient. However, the two
schemes’ NSE values can reach 0.75 in the Savanna zone. The seasonal cycle and inter-annual
variability are therefore well reproduced and no systematic errors are associated with the
simulated SM. For the entire domain and whatever the scheme, the RMSE is below 0.01 m® m™
except few grid cells with the lowest error corresponding to the highest values of KGE and NSE.
There is almost no difference in the RMSE of the three schemes. For all the metrics, there is no
zonation according to the soil types, land cover types, slope, or geology in the spatial distribution

limiting the analysis to the climatic zones.
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Figure 4.5: Error metrics for the domain level validation of MMF (b) soil moisture against ESA
CCI soil moisture (a) with the bias (c¢) R (d), KGE (e), and NSE (f). The colour ramp is similar
for R and KGE. Lower NSE are indicated in fading red and higher performance in fading blue.
The blank areas correspond to no value in the ESA CCI product. The magenta polygons are
basins. The horizontal resolution of the simulations is resampled to the ESA CCI data decreasing

the subplots resolution to 0.25°.
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The simulated soil moisture of the three schemes is evaluated at site level against field
measurements recorded at Eddy Covariance flux monitoring stations (Fig. 4.5) and compared to
the ESA CCI remote sensing product at domain level (Fig. 4.7). The differences in the temporal
patterns of FD, TOPMODEL, and MMF top layer water content are assessed at a daily resolution
using as benchmark the records from the sensors positioned in the first centimeters at the EC sites
(Fig. 4.5). The three schemes’ estimations of the soil moisture are quite similar for each site except
the Janga rice field. The MMF soil moisture is higher at this location in the dry season and during
the peak of the wet season. The rice field is a topographic convergence area where the effect of
the MMF scheme on the land surface water is reported to be significant (Rummler et al., 2022).
Although the temporal cycle is accurately simulated by the three schemes, all of them
overestimate the soil moisture during the peak of the wet season. There is slight overestimation
during the dry season at Kayoro, Wankama Nord, and Wankama Sud however the simulations fit
well the Sumbrungu site. For the three schemes, the correlation coefficient varies between 0.32
to 0.85 and the lowest value is obtained at the forest reserve of Nazinga while the highest is
recorded at Kayoro farmland (Table S2). Except the Nazinga site, the simulated soil water content
from FD, TOPMODEL, and MMF indicate a higher degree of agreement with the benchmark
data from the sites. The lower correlation coefficient (0.55, 0.53, and 0.41) observed at the rice
of Janga is due to the data limitation as the site is recently built. The computed RMSE values for
all the sites are close to 0 which further confirm the reliability of the simulated soil moisture.
Nevertheless, a source of discrepancy in the evaluation of the simulated soil moisture can be
attributed to the horizontal resolution (1 km) of the model grid cell which simplifies the land
cover type. For instance, in the MODIS land cover layer, the savannas/woody savannas grid cell

is attributed to the rice field at Janga while the Nazinga forest reserve is represented by grasslands.

123



Sumbrungu Nazinga

0.25 4 0.30 4

0204 | [ 0.25 1 o

6. i 0.20 4 |
0154 |

0.10 4 i

/ 0.104 i t°

0.05 LR X

0.051 &

0.00 -

2012 2014 2016 2018 2020 2022 2012 2014 2016 2018 2020 2022

0.30 1 Wd'nkama_N rd 0.30 {1 Wankama_Sud

0.251

Pb 0259 .
0207 | ] 020 |
0.15 4 ‘ | 0154 !
| fe (- » | {
0.10 4 1 1 4 4 f; jl 0104; 1 I
005+ L I lﬁv}’ﬂ {1 0.05
— AN e
i - T T T T T -
= 2012 2014 2016 2018 2020 2022 2012 2014 2016 2018 2020 2022
wn
SM1 - TOPMODEL
, ~ FD —~ MMF
031
021l
LI
014

2012 2014 2016 2018 2020 2022

Figure 4.6: Simulated soil moisture from FD (dot line red), TOPMODEL (dash blue), MMF (dot
line green) plotted against the EC sites’ recorded soil moisture in the top soil layer (black dot).
The stations located in the Savanna (Kayoro, Sumbrungu, Nazinga, Nalohou, and Belefoungou)
and Sahel zones (Wankama Nord and Sud). The red dots on the map locate the flux monitoring
sites, the black line is the countries limit (not inferring legal borders) and the image below is the

HydroSHED digital elevation model of the domain.
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4.1.2.2 Performance in simulating actual evapotranspiration

The sensitivity of the evapotranspiration to the improved groundwater representation in
the Noah-MP LSM is also evaluated using the monthly time series computed for the three
catchments (Fig. 4.8). As described in Section 2, the actual evapotranspiration is compared to the
widely used GLEAM ET at basin and entire domain level. The agreement between the reference
ET and the model ET is higher in Oueme catchment (Fig. 4.7f). The lowest residual variance
magnitude to observed variance is recorded with the TOPMODEL ET (NSE=0.54). Further, the
correlation coefficient of TOPMODEL and MMF schemes show a stronger linear relationship
with the reference ET and are 0.94 and 0.93 respectively compared to the FD ET value (0.91).
The ET seasonal cycle and inter-annual variability in the basin occurs consistently with the
observation and KGE values span between 0.26 and 0.34. However, the schemes altogether
overestimate ET in wet season and underestimate ET in the dry season. The models’ performance
decrease towards lower rainfall rate areas in Sissili and Faga basins. Though, the ET
overestimation in the dry season in Sissili can surpass the observed by 1.5 mm d!, the dry season
ET is closer. The relative magnitude of the residual variance to the observed variance is high
despite the strong linear relationship with R values between 0.87 and 0.9 however MMF ET
stands out with NSE and KGE values of 0.19 and 0.27 respectively. In Faga basin located in the
Sahel, the models’ performance altogether drops significantly nevertheless the linear relationship

with the observed ET is relatively high.
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Figure 4.7: Comparison of the basin-averaged GLEAM ET versus simulated ET. The scatter plots
and metrics of FD, TOMODEL, and MMF are in red, blue, and green
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Except in high precipitation areas located in the Guinea Coast and mountainous zones,
the deviation of FD ET from GLEAM ET is close to zero especially in the Sahel region (Fig. S3).
The performance of the model is lower in the wetter regions however from the 10" to 13" Iatitude,
the bias oscillates around 0.5 mm/d while it reaches more than 2 mm/d in the coastal area. The
expected south-north trend of evapotranspiration rates is well replicated in the model with values
ranging from less than 0.5 mm/d to above 4 mm/d in the rainforest located in south-west. The
spatial correlation of 0.91 indicates a strong linear relationship between the FD ET and observed
GLEAM ET whereas the mean bias and root mean square error reach respectively 0.5 mm/d and
0.77. The TOPMODEL ET is the closest to the observed GLEAM ET and this confirms similar
analysis by Wagner, et al. (2016) and Arnault et al. (2021) using respectively the reanalysis
product from Climate Prediction Center (CPC), the older version of GLEAM and the FLUXNET
Model Tree Ensemble product (MTE, Jung et a/., 2009, 2010). In the low rates evapotranspiration
areas (Sahel region), the TOPMODEL ET is slightly drier whereas below the 12" latitude, the
deviation from the observation is negligible (Fig. S4). Towards high rates evapotranspiration
areas in the south, the bias increases gradually as the TOPMODEL ET is wetter around 0.5 mm/d
in the Sudanian savanna and above 2 mm/d near the coast. The spatial correlation coefficient
indicates a strong relation between TOPMODEL ET and GLEAM ET (0.91) with the lowest mean
bias of 0.02 mm/d and RMSE of 0.43 mm/d. Regarding the MMF ET, the scheme's performance
is close to the observation as in the case of the TOPMODEL ET, which further demonstrates the
skill of the improved subsurface schemes in reducing the well-established discrepancy associated
with ET simulation in relatively wet areas (Fig. 4.8a-c and S4). However, its mean bias is higher
(0.08 mm/d) compared to TOPMODEL ET. Despite the aforementioned difference, the two
schemes' performance is significant and this finding corroborates the conclusion of Wagner, et al.
(2016) which employed a fully coupled system. Remarkably, both TOPMODEL ET and MMF
ET achieve RMSE of 0.43 and 0.47 which are approximately two-fold lower than FD ET.

Figure 4.8d-f, S3d-f and S4d-f show the spatial distribution of R, KGE, and NSE of the
GLEAM ET versus the three simulations. It turns out that the KGE values reach more than 0.75
for FD ET, TOPMODEL ET, and MMF ET in the Sahel zone with the lowest and highest
performance areas located in the central part of Mali and southern Niger. Unlike the soil water
content, the highest scores of KGE are recorded in the Sahel zone and the south west evergreen
forest with values ranging from 0.5 to 1. The major part of the domain displays a relatively

significant KGE revealing a strong relationship between the benchmark data and the simulations.
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However, the models’ performance degrades gradually from the northern part until around the 9™
latitude below which the disagreement accentuates especially in the south east. The linear
relationship with the observation is stronger (R>0.8) in the Sahel for the three schemes especially
the TOPMODEL ET. The lowest is recorded in the south-west evergreen forest where plant
transpiration dominates (Fig. 4.8d). The models’ accuracy in the south west evergreen forest is
exceptionally high compared to the relatively low performance in the Guinea Coast. The little
difference in the simulated evapotranspiration makes the NSE maps quite similar with the highest
values in the Sahel zone. The highest values of NSE reach more than 0.75 in the north east of the
domain but a relatively poor performance can be noticed in the 10" latitude. The major part of
the domain displays RMSE values below 1.5 mm/d which confirms the reliability of the

simulations to represent the evapotranspiration in the study area.
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Figure 4.8: Error metrics for the domain level comparison of MMF (b) ET against GLEAM ET
(a) with the bias (¢) R (d), KGE (e), and NSE (f). The colour ramp is similar for R and KGE.
Lower NSE is indicated in fading red and higher performance in fading blue. The horizontal

resolution of the simulations is resampled to the GLEAM data.
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The sensitivity of the evapotranspiration variable to the improved groundwater
representation in the Noah-MP LSM is also evaluated using the daily time series computed for 7
sites where the required data are available (Fig. 4.8). As described in the section 2, the actual
evapotranspiration is calculated by employing the MODIS NDVI time series and the potential
evapotranspiration computed with the climatic variables from each site. For a broader perception
of the actual evapotranspiration pattern, three widely reported approaches namely Penman (black
dot), FAO-56 (red square), and Priestley-Taylor (magenta diamond) are used as benchmarks to
evaluate the skills of the three schemes. The agreement between the reference data is significant
for all the sites and the dry season low and wet season peak occur consistently with the models’
outputs. It turns out that all the model configurations result into quite close evapotranspiration
outputs whatever the flux monitoring site. The variability recorded with MMF scheme in the
lowland areas could not be evaluated for the evapotranspiration because of the absence of
required data at the Janga rice site. Overall, the three schemes underestimate the actual
evapotranspiration at the Sumbrungu, Kayoro, Nazinga, Nalohou, and Belefoungou sites
especially in the dry season. The amount of evapotranspiration during the peak of the wet season
is better represented compared to the dry season. In contrary, the models overestimate the
evapotranspiration at Wankama Nord and Wankama Sud however the sharp rise and gradual
decline respectively during the growing and late season are well captured. The same is observed
for the other sites as the temporal cycle is well represented. A foreseen limitation to the agreement
of the models with the benchmark dataset can be attributed to the computation of the actual
evapotranspiration which combines on site climatic variables with the remote sensing NDVI from
MODIS. For the 7 sites, the correlation coefficient is relatively high for the 3 schemes reaching
0.75 at Wankama Nord site. The lowest correlation (0.35) is recorded at Belefoungou where there
is less data available for better appreciation. Notwithstanding the little difference in the simulated
evapotranspiration, it is remarkable that whatever the site, the models’ results are closer to the
Priestley-Taylor evapotranspiration followed by FAO-56, and Penman (Table S3). The overall
average correlation coefficient is 0.61, 0.62, and 0.61 respectively for FD, TOPMODEL, and
MMEF. The lowest RMSE is recorded at the Wankama Nord and Sud sites (close to 0) while the
average for all the sites is 0.8 mm/d. The models’ performance assessed against the 3 benchmarks
data is reliable and draws a relevant perspective of the expected amount of evapotranspiration in

the study domain.
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Figure 4.9: Simulated ET from FD (red), TOPMODEL (dash blue), MMF (dot line green) plotted

against three computed ET using Penman (black dot), FAO-56 (red square), and Priestley-Taylor

(magenta diamond) at the EC flux monitoring sites. The stations located in the Savanna (Kayoro,

Sumbrungu, Nazinga, Nalohou, and Belefoungou) and Sahel zones (Wankama Nord and Sud).

The red dots on the map locate the flux monitoring sites, the black line is the countries limit (not

inferring legal borders) and the image below is the HydroSHED digital elevation model of the

domain.
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4.1.2.3 Performance in simulating energy fluxes

The three schemes’ simulated energy fluxes (sensible heat, latent heat, and ground heat)
and the net radiation from the forcing data are compared to the tower observations from the fluxes
monitoring sites in the study domain. The models’ time step is set to hourly from the 1% to 3™ of
March 2013 to ascertain the differences or similarities in the diurnal cycle of the fluxes in
contrasting land use conditions. The 7 monitoring sites used as benchmark are spatially
distributed in the Savanna (Kayoro, Sumbrungu, Nazinga, Belefoungou, and Nalohou) and Sahel
zones (Wankama Nord and Sud) and in different soil types offering a broader perspective for the
models’ performance evaluation. The purpose of evaluating the FD, TOPMODEL, and MMF
simulations on hourly basis is significant to prove the reliability of their performance at the
highest temporal resolution. It turns out that the difference in the simulated energy fluxes is
negligeable whatever the monitoring site (Figure 4.10). Except from the Belefoungou site, the
net radiation from both the simulations and observations matches relatively well for all the sites
and the peaks occur around the noon time. For instance, at the 5 sites located in the Savanna
region, the overall maximum of the net radiation fluctuates between 750 and 850 W m™ while in
the Sahel it reaches above 950 W m™. The correlation coefficient of the net radiation from the
three simulations is the same respectively 0.95, 0.69, and 0.98 for the Nazinga, Sumbrungu, and
Kayoro sites (Table S1). The shape of the diurnal cycle indicates a gradual rise and decline of the
net radiation from the observations which are well captured by the simulations. The latent heat is
close to 0 W m™ for the three schemes replicating the observed pattern at Kayoro, Sumbrungu,
and Nazinga which is expected in such period of the year in the study area. Although, the models
poorly capture the latent heat at Sumbrungu site (-0.18, -0.15, and -0.12 respectively for FD,
TOPMODEL, and MMF), the simulations are reliable for Nazinga and Kayoro and this is
confirmed with correlation coefficient of 0.95 and 0.58 for MMF scheme, 0.95 and 0.46 for
TOPMODEL, and 0.95 and 0.29 for FD. The three models overestimate the sensible heat at
Kayoro and Sumbrungu reaching around 400 W m2 against an observed value of 200 W m2. The
difference is less accentuated at the Nazinga site where the sensible heat is slightly below 400 W
m™. It is remarkable that the sensible heat rise above 0 W m™" before the noon lags by one hour
compared to the net radiation. The same pattern can be seen in the observations confirmed by the
correlation coefficient of 0.96, 0.63, and 0.96 for MMF, TOPMODEL, and FD respectively at

Nazinga, Sumbrungu, and Kayoro. The ground heat is also well captured as the degree of
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agreement with the observations is strong with the highest correlation of 0.65 recorded at
Sumbrungu site. In the Sahel region, the maximum values extend from 100 to 200 W m
matching the observations. It can also be noticed that the maximum from FD and MMF are lower
compared to the TOPMODEL scheme. Further, at Kayoro, Sumbrungu, and Nazinga sites in the
Savanna region, the ground heat is maintained below 100 W m? while it reaches 200 W m™ at
the western part (Nalohou and Belefoungou). The shape of the simulations replicates well the
field measurement with a significant degree of agreement confirming the models’ reliability in

representing the ground heat at a local scale.
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Figure 4.10: Comparison of the averaged diurnal cycle (1% to 3™ January 2013) of the simulated
energy fluxes from FD, TOPMODEL, and MMF with field measurement at site level (reading
from the left). The three upper sites have all the components namely latent heat (red), sensible
heat (blue), ground heat (black), and net radiation (yellow). In the vertical axis, the energy fluxes
are in W m™ and the horizontal axis is in hourly time step. Each line indicates the sites.
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4.1.2.4 Performance in simulating groundwater storage

To further apprehend the effects of the three schemes, the groundwater storage change is
computed for each scheme using the water balance equation (see section 3.1) and the results are
compared to the assimilated GLDAS AGWS (Fig. 4.11a-f, Fig. S5-6). The groundwater storage
used as benchmark is aggregated to the monthly mean and the comparison is done for the period
between 2013 to 2016. In the Bonou basin, the linear relationship between the simulated AGWS
and GLDAS AGWS is relatively strong with R values of 0.68, 0.64, and 0.71 respectively for FD
AGWS, TOMODEL AGWS, and MMF AGWS. Though the TOPMODEL AGWS is less sensitive
to the seasonal variability, FD AGWS and MMF AGWS fit better with the GLDAS AGWS. After
the rainfall cessation, the groundwater storage drops abruptly between October and January. This
observed pattern is well captured with the FD and MMF AGWS. The residual variance magnitude
to the observed AGWS variance is at the lowest with MMF AGWS (NSE=0.44, and
RMSE=1494.72 mm d'). Though the maximum of AGWS is not captured, the overall
performance is good for groundwater storage prediction in the basin. The schemes altogether
indicate wetter groundwater storage compared to GLDAS AGWS. In the Faga basin, the schemes’
performance altogether is low however linear relationship is relatively strong for TOPMODEL

AGWS.

In the Sissili basin, the linear correlation is relatively strong with R values ranging from
0.42 to 0.64. However, the model performance is relatively low with NSE values ranging between
0.17 and 0.22. The AGWS of the FD and MMF are similar and capture better the observed
variance compared to the TOPMODEL. The groundwater storage loss after the peak of the rainy
season is followed by SM and ET decrease which together fuel the baseflow in the following dry
season. From the rainfall onset to cessation, the three components increase altogether while the

excess is routed through the runoff.
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Figure 4.11: Comparison of the basin-averaged GLDAS AGWS versus simulated AGWS. The
scatter plots and metrics of FD, TOMODEL, and MMF are in red, blue, and green



The spatial metrics of the models’ performance in representing groundwater storage are
shown in Fig. 4.12a-f and S5-S6. There is a strong agreement between the simulated AGWS and
GLDAS AGWS in the Sahelian and Sudanian zones (0.25-0.75). The linear relationship weakens
towards the south and this is confirmed with very low KGE and NSE (Fig. 4.12e-f) in
mountainous areas and coastal forestlands. The difference is relatively high in areas with high
rainfall rates. Within the evaluation period (2013-2016), the observation indicates groundwater
storage decrease below the 9™ latitude and the opposite in the Sahel. This trend is not captured in
the simulations resulting in positive mean bias (20 to 80 mm y™!) in the south and negative in
north (-80 to -20 mm y!) for the schemes (Fig. 4.12¢c, S5¢, and S6c). The relative magnitude of

the residual variance compared to observed variance is high in high rainfall rates areas.
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4.1.3 Sensitivity of water fluxes to the parameterization schemes
4.1.3.1 Soil moisture response

The average annual soil moisture of the top soil layer from the three schemes is presented
in Figure 4.12 and S7. The zonal statistic using the input soil map (STATSGO; Miller & White,
1998) reveals the area average values ranging from 0.08 to 0.24, 0.08 to 0.25, and 0.08 to 0.26
respectively for FD, TOPMODEL, and MMF in the sandy clay loam soil. The spatial variability
in the MMF output shows the differences in the soil moisture distribution which is strongly related
to the topography and marks a significant break from the FD and TOPMODEL results. This skill
demonstrated by the MMF scheme proves the expected contribution to the land surface fluxes
when the groundwater lateral flow is captured in the LSM however the influence of the
topography can be overestimated (Reinecke et al., 2024). In the riverbeds of the study area
characterized by lower slopes, the FD, TOPMODEL, and MMF schemes display respectively soil
moisture values of 0.15+0.05, 0.16+0.05, and 0.17+006 m> m™ which are overall above the values
in the highlands. With the MMF scheme, the estimation increased by more than 20% compared
to FD while a slight difference can be noticed with the TOPMODEL (Fig. 4.12). The results
confirm a similar study undertaken by Rummler et a/. (2022). Furthermore, the Sahelian climatic
zone displays the lowest soil moisture while the highest values are recorded in the Guinea Coast.
For instance, the soil moisture in the evergreen forest (South-West) ranges between 0.05 and 0.34
m?® m™ for FD, 0.06 and 0.4 m*® m™ for TOPMODEL, and 0.06 and 0.43 m?® m™ for the MMF
scheme while lower values are noted in the Dahomey Gap as a result of subsequent rainfall.
Therefore, the rainfall gradient mentioned in the study area section is reflected in the spatial
distribution of the area-averaged soil moisture values. For instance, the simulated soil moisture
displays 0.08+0.03, 0.08+0.03, and 0.09+0.03 m* m™ respectively for FD, TOPMODEL, and
MMF in the Sahel, 0.16+0.02, 0.16+0.03, and 0.17+0.03 m® m~ in the Savannah and 0.21+0.02,
0.22+0.03, and 0.22+0.04 m*> m™ in the Guinea Coast. Based on the geological features in the
GLiM database, the overall soil moisture is lower in the hard rock areas (0.16 m®> m™ for FD,
TOPMODEL, and MMF) compared to the sedimentary units (0.22 m®> m™ for FD, TOPMODEL,
and MMF). This geological difference in the soil moisture might indicate which type of aquifer
systems are likely to contribute more to maintaining wetter soils and hence tempering the soil
warming in the dry season. The reason behind this pattern deserves thorough investigation to
understand how the subsurface width interacts with the land surface fluxes. Across the three

schemes, the North-East/South-West mountain range dominating the study area prolongs towards
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the Savannah region soil moisture values close to the results observed in the Guinea Coast

climate.

The annual patterns of the area-averaged soil moisture from the FD and TOPMODEL
schemes show a similar temporal variation with a dry period extending from December to May
and a wet period from June to October. The MMF output displays comparative pattern with a
little lower dry period indicating earlier rainfall onset (Fig. S7). In the dry months, the soil
moisture is maintained below 0.17 m* m™ with slight yearly differences while the values can
reach 0.28 m> m™ and above between July and September. Despite the improved subsurface
representations, the change in the temporal pattern is almost negligeable even though a clearly

add up is noticed in the spatial pattern.
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Figure 4.13: Computed relative and absolute soil moisture differences (units: m®> m™) between
the TOPMODEL and FD (upper); MMF and FD (lower). The difference is negative towards the
red patches showing the ET decrease under a particular scheme. The blue patches indicate an
increase in ET. Countries located within the domain are delimited with a black line. The blue

patch in the north-west is a bias caused by temporary wetlands of the Niger river.
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4.1.3.2 Evapotranspiration response

The maps in Figure 4.13 show the absolute and relative difference of evapotranspiration
(ET) compared to the free drainage scheme. The overall spatial distribution of the ET is similar
with a north-south gradient. The averaged ET based on the climatic zone is 3.19, 3.15, and 3.18
mm/d in the Guinea Coast, 2.27, 2.2, and 2.25 mm/d in Savanna, and 0.96, 0.92, and 0.99 mm/d
in the Sahel respectively for the FD, TOPMODEL, and MMF schemes. In the riverbeds of the
domain, the ET values approximate 2.3+1 mm/d for MMF, 2.1+0.91 mm/d for TOPMODEL, and
2.15+0.91 mm/d for FD. The higher ET values and the spatial variability displayed by the MMF
scheme confirm the fact that the water residence time is higher in the topographic convergence
areas. In the Guinea Coast, the highest ET occurs in the evergreen forest (South-West) where the
values reach 3.18+0.65, 3.15+0.66, and 3.23+0.69 mm/d and in the mountain range (3.33, 3.32,
and 3.3 mm/d) respectively for FD, TOPMODEL, and MMF. The remarkable difference noted in
the MMF result is its ability to capture the ET from topographic convergence areas. The
difference in the simulated ET using the FD as reference shows a significant increase of more
than 20% (1 to 2 mm/d) in the riverbeds for the MMF across the study domain. In the highlands
of the Savanna and Sahel zones, the two improved subsurface schemes (TOPMODEL and MMF)
reveal a decrease by ~5% (0 to 1 mm/d; Fig. 4.13).
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4.1.3.3 Impact on streamflow

The long-term inter-annual variability of the monthly streamflow and the corresponding
evaluation metrics are shown in Figure 4.15a-d. Most of the created streamflow outlets in the
domain have no observation. In this section, the impacts of the three schemes are further
evaluated using the streamflow data from two gauges (Donga and Oueme Rivers). The Oueme
River basin is the largest in Benin and it is gauged at different stations but the focus here is on
the Bonou station located in the south (Fig. 4.15¢ and d). The choice of the two for the models’
evaluation is justified by the relatively longer series availability. Contrary to the mitigated effect
of the variably saturated model coupled to LSMs on streamflow (Wagner et al., 2016), the
influence of 2D groundwater parameterization (MMF and TOPMODEL) is significant. The MMF
streamflow records approximately 2 folds lower mean bias in the Donga catchment while the FD
and TOPMODEL are slightly different (5.97 and 6.21 mm/month). Table S1 displays the error
metrics computed for the two stations and it turns out that the MMF scheme has the lowest bias
at the two stations. At Donga station, the highest KGE of the improved subsurface schemes is
recorded with TOPMODEL (0.65) showing its skill in capturing the observed variance (Fig.
4.15a-b). Regarding the streamflow variability, FD and TOMODEL perform well in the basin
(0.68 and 0.65) but MMF displays lower KGE. The R values show a strong linear relationship
across the models (0.87, 0.84, and 0.88). The models achieve a low residual variance magnitude
to the observed variance with NSE values of 0.67, 0.68, and 0.57. The shape of the observation
is well captured and the degree of agreement of the three schemes is acceptable and reflects the
overall seasonal cycle and inter-annual variability of the streamflow in the Donga catchment.
Despite, the relatively strong linear relationship in the Oueme catchment (0.82, 0.81, and 0.78),
the model validation using the calibration of Donga yields significantly lower performance (Fig.

4.15¢c-d). However, the MMF scheme achieves the lowest mean bias (Fig. 4.15d).
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Figure 4.15: Simulated daily streamflow with FD (red), TOPMODEL (blue), and MMF (green),

observation, and precipitation plotted on the secondary axis (upper) at Donga (a) and Bonou (b)




The domain level comparison with the ESA CCI soil moisture confirms the strong
performance of the models as the spatial pattern indicates that more than 80% of the domain has
a KGE value above 0.8 in the Savana zone. Although the Sahel zone and Guinea Coast are less
captured (0.25 to 0.5), there is no systematic error recorded as the seasonal cycle and inter-annual
variability are well reproduced with RMSE maintained below 0.01 m* m™. The MMF scheme
offers a level of detail in the topographic convergence area that the FD and TOPMODEL do not.
This requires further investigation to ascertain how closely it performs compared to dedicated
hydrological models like MODFLOW and PARFLOW. Although the focus here was not on the
lower layers, Wagner et al. (2016) argued that the subsurface improvement using dedicated
hydrological models has a more pronounced effect on the lowest soil layer reducing the water
content by approximately 10%. The same study confirms the present results obtained with the top
soil revealing a lower impact (-0.03 m® m™) as also demonstrated by Zhang et al. (2024) in
southern Africa. Despite the relatively low difference, slight changes in soil moisture can affect
land surface processes (e.g., Koné et al., 2022; Talib et al., 2022; Robert et al., 2011; Stocker et
al., 2018; Kunstmann & Jung, 2003). As shown in Fig. 10, with the MMF scheme, the sensitivity
of the WRF Hydro model is mainly significant in the riverbeds.

The remarkable difference in the impact of the improved groundwater scheme of WRF-
Hydro on the soil moisture is shown in the spatial heterogeneity displayed by MMF in the
topographic convergence areas. That is, the MMF scheme gives a detailed representation of the
soil moisture and increases the values by more than 20% (MMF minus FD) while the
TOPMODEL makes almost no difference with the FD scheme. The former finding was
demonstrated by Rummler et al. (2022) in temperate climate however recent arguments by
Reinecke et al. (2024) stated that the influence of the topography on the simulated water table
might be overblown. The rainfall gradient is reflected in the simulated soil moisture with a spatial
average of 0.08, 0.16, and 0.22 m> m™ respectively in the Sahel, Savanna, and Guinea Coast.
However, there is a spatial heterogeneity based on the soil types with increased soil moisture in

the North-East/South-West Mountain range and the evergreen forest located in the west.

Rafieeinasab et al. (2024) recently reported a reasonable agreement between the default
WRF-hydro ET and GLEAM ET using cumulative distribution functions across the conterminous
United States (CONUS). This study confirmed the finding and further demonstrated that
improved subsurface schemes (MMF ET and TOPMODEL ET) reduce the mean bias with

relatively strong performance towards low rainfall rate areas. The strong spatial correlation
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obtained in this study (Fig. 8d, S3d, and S4d) confirms the findings of Zhang et al. (2024).
Overall, the three schemes have a dry bias in the Sahel (-0.5 mm d') and a wet bias in the
Sudanian savanna and Guinea Coast compared to GLEAM ET. The FD ET displays the highest
wet bias, especially in high precipitation and mountainous areas (~2 mm d!). However, the lowest
mean bias values are recorded with TOPMODEL ET (0.02 mm d!) and MMF ET (0.08 mm d!).
This suggests that the disagreement between the simulated and observed ET depends on
precipitation rates and gradient. The spatial correlation coefficient, KGE, and NSE confirm that
the three schemes capture quite well the seasonal cycle and inter-annual variability of ET with a
strong linear relationship except in the southeast where higher rainfall occurs. The ET is better
represented in the Sahel zone where low ET occurs with KGE ranging from 0.5 to 1. The
performance degrades towards the southern part of the domain where higher ET occurs but the

overall RMSE is maintained below 1.5 mm d'.

Zhang et al. (2024) demonstrated the sensitivity of WRF-Hydro ET in response to soil
perturbations at 5 to 30%. In addition to this subsurface effect, the MMF scheme increases ET by
1 to 2 mm d! (~20%) in topographic convergence areas. There is almost no difference between
the FD and TOPMODEL ET but the MMF reveals more detailed spatial heterogeneity. The
evergreen forest in south west of the domain displays the highest ET of 3.18 mm/d which is
expected in the area because plant activities have no water and energy limitations for
photosynthesis. There is a decline in the ET moving from the coastal sedimentary basin in the
southeast to the hard rock aquifer systems. While this difference requires thorough investigation,
it is not overblown to argue that the groundwater systems' productivity might play a significant
role in sustaining the ET, especially in the dry season. The comparative analysis against the data
assimilation product of GLDAS reveals the relatively high performance of the schemes in the
Bonou basin compared to lower rainfall rate basins (e.g. Faga basin). The domain-level evaluation
displays high linear correlation however the trend of groundwater storage AGWS during the
evaluation period is poorly represented. The simulated AGWS altogether are less sensitive to the

observed seasonal variability in the Faga basin however the values are within the expected range.

The precipitation bias is reported to introduce discrepancies in simulated streamflow
(Arnault et al., 2016, 2021; Liu et al, 2021; Quenum et al., 2022; Sofokleous et al., 2023)
however the inter-annual variability and seasonal cycle are reasonably captured confirming the
findings of Wagner et al. (2016). In opposition to the low effect of the fully coupled atmospheric-
hydrological model system they employed; this study finds rather a significant impact of the
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subsurface schemes on streamflow (Fig. 12). The models’ evaluation using the streamflow from
Donga and Oueme reveals the average performance of the three schemes. Despite the strong
correlation coefficients, there is a contrasted performance in the simulations as the FD scheme
has the highest KGE with the Donga catchment while MMF performs better with the Oueme
catchment. The seasonality of the streamflow is well reproduced however the three schemes
overestimate the streamflow at both stations. The amount of streamflow routed through the
channels by the MMF scheme is lower than FD and TOPMODEL which are quite similar. The
model calibration for the Donga catchment displays a reliable result with the KGE reaching 0.74
(Quenum et al., 2022; Arnault et al., 2016, 2021). Still, this study's findings demonstrate that
improving the groundwater scheme of WRF-Hydro can yield better performance if both the

model calibration and the groundwater parameterization focus on each catchment peculiarity.

The runtime tradeofts incurred on one CPU node with 20 tasks per node for the improved
subsurface schemes (2012-2022) are 49% and 64% compared to the FD scheme (254 hours)
respectively for TOPMODEL and MMF (Fig. S12). Because of the demonstrated benefits of
employing the MMF scheme in the region, the supplement ~10% runtime is fairly reasonable.
Nevertheless, The MMF scheme representation of the subsurface is computationally less
expensive and provides relatively accurate simulation compared to a fully-coupled land-
atmosphere model with a dedicated hydrological model (e.g., MODFLOW, PARFlow). At the
local scale, this performance could increase if high spatial resolution static variables (land cover,
digital elevation model, and soil types) are employed. At a larger scale, its performance blurs

because of the inputs’ simplification, and each source of discrepancy further reduces the accuracy.

Despite the relatively good performance of the model calibration, the broader evaluation
for a larger domain is limited by the data scarcity and each catchment peculiarity. That is, the
efficient evaluation of the improved groundwater representation in Noah-MP requires first a
thorough calibration of the model for a particular catchment, and then the parameterizations can
be tested keeping in mind that the models’ yield could vary based on the area of interest. Both
soil moisture and evapotranspiration are underestimated in the dry period compared to the
reference, this results in relatively low infiltration and high surface runoff. This might be related
to inadequate vegetation parametrization in the tropics which deserves thorough investigation in
future works. Further, water use for agriculture, livestock breeding, drinking water supply, and
many others affect the recorded streamflow downstream and these factors are not explicitly

integrated in the WRF-Hydro model.
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4.2 Contrasting effects of Idealized Afforestation on water budget and energy fluxes: a

WRF-Hydro modeling study over West Africa
4.2.1 Model validation

In this section, the simulated scenarios are benchmarked against remote sensing products
and on-site measurement for model validation. The accuracy of the simulated variables from the
reference scenario (REF) is evaluated by comparing soil moisture to ESA CCI remotely sensed
soil water content, evapotranspiration to GLEAM ET, latent and sensible heat to FLUXCOM-RS
heat fluxes, and streamflow to observed values from AMMA-CATCH project.

4.2.1.1 Soil moisture

The basin-averaged soil moisture from the observation and simulation is shown in Fig.
4.16. The locations are chosen to investigate the models’ skill in the different climatic zones and
it turns out that the KGE values are respectively 0.72, 0.71, and 0.72 for Oueme, Sissili, and Faga
(Table 4.2). This strong performance is confirmed with NSE values ranging between 0.62 and
0.64. The seasonal cycle and inter-annual variability are well captured as there is a strong linear
relationship between the observed and simulated values with correlation coefficients from 0.9,0
to 0.97. The model underestimates soil moisture which is shown in PBIAS values of -8.2, -19.9,
and -28.2% for Oueme, Sissili, and Faga. However, the RMSE values are relatively low between
0.001 and 0.002 highlighting the reliability of the model to represent soil moisture. Further, the
error metrics computed for the afforestation scenarios (EBF-VC, EBF-VD, SAV-VC, SAV-VD,
WS-VC, and WS-VD) are summarized in Table 3.2.
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Table 4.2: Evaluation metrics of the observation versus simulated soil moisture from the reference

scenario.
Metrics Oueme  Sissili Faga
KGE 0.72 0.71 0.72
NSE 0.62 0.64 0.64
Pbias -8.2 -19.9 -28.2
RMSE 0.001 0.002 0.002
R 0.90 0.97 0.96
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The potential change in the soil moisture in response to the idealized afforestation
experiments is evaluated in the top layer of 0.1 m over Faga, Sissili, and Oueme basins located
respectively in the Sahel, Sudanian, and Guinea coast climatic conditions (Fig. 3.2). Compared
to the current land use (REF) scenario, EBF-VC and WS-VC experiments decrease the mean SM
by 0.2 and 0.1 mm, while the SAV-VC increases it by 0.8 mm in Faga. The three experiments
increase SM by 0.1, 0.4, and 0.4 mm in Sissili. However, the scenarios reveal a decrease of mean
SM by 0.5, 0.6, and 0.1 mm for EBF-VC, SAV-VC, and WS-VC in higher precipitation areas
(Oueme). Higher vegetation density associated with wetter conditions in Oueme basins reveals a
negative effect on soil water content as the mean SM decreases respectively by 2.1, 1.1, and 0.3%
for EBF-VC, SAV-VC, and WS-VC. The experiments show a positive effect in Sissili with an
increase in the mean SM of 0.8, 5.5, and 2.8%. This reveals the suitability of SAV-VC in the
Sudanian climate for water conservation in the upper soil layer, which is critical for improving
agricultural productivity. The potential change is rather mitigated in Faga located in drier
conditions, where SAV-VC increases mean SM by 12% while EBF-VC and WS-V C decrease SM
by 1.3 and 0.4%. The efficiency of the afforestation experiments is controlled by both the annual
rainfall and the vegetation health (e.g. NDVI). Similar effects are observed on the minimum SM
in the dry season and the maximum SM at the peak of the rainy season in Faga. However, the
positive effect on mean SM is associated with a decrease of minimum SM by 0.2, 0.1, and 0.2
mm in Sissili. The effect on the maximum SM is rather mitigated because SAV-VC and WS-VC
increase SM by 0.7 and 0.5 mm, while EBF-VC decreases the maximum SM by 0.7 mm. The soil
water loss recorded in Oueme in response to the idealized afforestation affects the minimum and
maximum SM. EBF-VC, SAV-VC, and WS-VC decrease the maximum SM by 1.2, 0.6, and 0.7
mm, and the minimum SM by 0.7 mm. Overall, the idealized afforestation experiments have a
positive effect on SM in drier climatic conditions (Faga and Sissili), with the highest potential

change recorded with SAV-VC.
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Figure 4.16: Seasonal cycle of SM under the idealized afforestation experiments and the reference

scenario (REF). The graph of relative difference is added to the supplementary figures.
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4.2.1.2 Evapotranspiration

The GLEAM ET is used as a reference to evaluate the simulated evapotranspiration (Fig.
4.17). Overall, the model’s performance is relatively strong, confirming the range of water loss
through evapotranspiration expected in the basins. The model performance is strong in Faga and
Sissili with KGE values of 0.57 and 0.37. The highest performance is recorded in the lower
precipitation rate areas and periods, while it decreases in wetter conditions. The linear relationship
between the observed and simulated temporal pattern is strong with correlation coefficient values
0t 0.87,0.92, and 0.92 respectively in Oueme, Sissli, and Faga catchments (Table 4.4). The lowest
magnitude of prediction error is recorded in Faga (0.3 mm d!), followed by 0.6 and 1.0mm d! in
Sissili and Oueme (Fig. 4.17). The model tends to overestimate ET during the rainy season with
a significant difference ranging from 1.0 to 1.5 mm d™"* while it underestimates ET in the dry
season with a lower difference. This systematic bias is shown in the PBIAS values of 16.9, 8.2,
and -20.8% in Oueme, Sissili, and Faga. Table S2 shows the computed error metrics for all the
scenarios. Discrepancies can be introduced into simulated ET in the rainy season due to higher
water availability for evaporation and transpiration from bare soil and vegetation (Naz et al.,
2023). Higher ground temperature is associated with overestimation of ground evaporation
(Jefferson & Maxwell, 2015) as a result of the sensitivity of simulated ET to soil resistance
parameterization in the dry period. Further, the latent heat is significantly affected by the soil
parameterization in the dry season (Kollet, 2009). For instance, a slight change in the soil
permeability coefficient exacerbates ET bias. Another contributing factor to ET bias is the vapour

pressure and wind speed from the meteorological forcing (Naz et al., 2023).
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Table 4.3: Evaluation metrics of the observation versus simulated ET from the reference scenario.

Metrics Oueme  Sissili Faga
KGE -0.19 0.37 0.57
NSE -1.15 0.37 0.55
Pbias 16.9 8.2 -20.8

RMSE 1.0 0.6 0.3

R 0.87 0.92 0.92
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Figure 4.17 shows the response of the evapotranspiration (ET) to the idealized
afforestation experiments in Faga, Sissili, and Oueme. Remarkably, the average ET is increased
whatever the climatic condition except for SAV-VC in Sissili where a negative effect is recorded.
For instance, EBF-VC, SAV-VC, and WS-VC increases the average ET by 0.25, 0.08, 0.07 mm
d! in Faga. Although SAV-VC decreases average ET by 0.05 mm d™! in Sissili, EBF-VC and WS-
VC increase ET by 0.11 and 0.03 mm. The water loss through evapotranspiration in Oueme is
0.25,0.22, 0.24 mm d! for respectively EBF-VC, SAV-VC, and WS-VC. Whatever the climatic
condition, the experiments with dynamic vegetation scheme (EBF-VD, SAV-VD, and WS-VD)
show even higher ET values. The potential water loss in Oueme reaches 10.5, 8.2, and 9.8%
respectively for EBF-VC, SAV-VC, and WS-VC. In Sissili, EBF-VC and WS-VC increases
average ET by 5.7 and 1.2% while SAV-VC is associated with a positive effect on ET (-8.3%)
reducing significantly the water loss. The highest increase of ET occurred with EBF-VC in Faga
with PBIAS value of 17.6% followed by WS-VC (6.1%) and SAV-VC (1.6%). Likewise the
negative effect on average ET, the idealized afforestation experiments increase the maximum ET
whatever the basin with the highest value of 0.4 mm d! (EBF-VC) in Sissili. The water stress in
dry season is further accentuated in Faga by EBF-VC and WS-VC by 0.35 and 0.18 mm d.
Similar drought enhancement effect is recorded in Sissili and Oueme under intense vegetation

density concurrent with higher annual rainfall.
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Figure 4.17: Seasonal cycle of ET under the idealized afforestation experiments and the reference

scenario (REF). The graph of relative difference is added to the supplementary figures.
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4.2.1.3 Streamflow

The simulated streamflow is assessed against on-site observation from Oueme, Sissili,
and Donga (Fig. 18). The model agreement with observed streamflow is relatively strong in the
Oueme and Donga basins with KGE values of 0.47 and 0.51. The results show a relatively good
seasonal variability with a strong linear relationship as the correlation coefficients vary from 0.57
to 0.86 (Table 4.5). Nevertheless, the performance of the model in Sissili is weak with KGE and
NSE 0f 0.02 and 0.14. Across the basins, overestimation of base flow occurred however the shape
of the streamflow hydrographs is well replicated with PBIAS of 2, 30, and -41% respectively for

Donga, Oueme, and Sissili.
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Table 4.4: Evaluation metrics of the observation versus simulated streamflow from the reference

scenario.
Metrics Oueme  Sissili Donga
KGE 0.47 0.02 0.51
NSE 0.51 0.14 0.63
Pbias 29.6 -41.2 1.8
RMSE 37467 1593 14
R 0.76 0.57 0.86
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Reducing the amount of streamflow and delaying the occurrence of the its peak are
reliable ways to tilt the water balance against water stress. It turns out that EBF-VC, SAV-VC
and WS-VC experiments reduce streamflow respectively by 24%, 18%, and 21% in Donga and
31%, 26%, and 28% in Oueme. WS-V C experiment shows a negative effect on streamflow in
Sissili with an increase of 2% but EBF-VC and SAV-VC decrease the average streamflow by 3%
and 16%. The dynamic vegetation experiments (EBF-VD, SAV-VD, and WS-VD) demonstrate a
weaker effect in reducing the streamflow however, in drier conditions, the opposite occurs in

Sissili.
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Figure 4.18: Simulated streamflow under the idealized afforestation experiments and the

reference scenario (REF).
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4.2.1.4 Latent heat and sensible heat

The daily turbulent fluxes from FLUXCOM-RS products (Jung et al., 2019) are used to
ascertain the model performance in simulating latent and sensible heat (Table 4.6). Overall, there
is a strong linear relationship between the reanalysis LH and the simulation which is associated
with R scores ranging from 0.92 to 0.95. The lowest RMSE is recorded in Faga (554 W m™) and
the highest is reported in Oueme (2309 W m™). Figure 4.19 highlights the overestimation of the
latent heat with the highest difference in terms of PBIAS reaching -59%. Despite this discrepancy,
KGE scores range from 0.31 to 0.4 (Table 4.5), indicating that the pattern of the seasonal cycle is

well replicated. Table S3 summarizes the performance under different afforestation scenarios.
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Table 4.5: Metrics of LH and SH versus FLUXCOM-RS product

Energy Metrics Oueme Sissili Faga
component
KGE 0.32 0.31 0.40
NSE -1.95 -0.76 0.18
LH Pbias -55.9 -594  -55.0
RMSE 2310 2306 554
R 0.92 0.95 0.94
KGE -0.22 0.26 0.27
NSE -2.06 -0.70  -3.79
SH Pbias -64.6 -36.7  -43.1
RMSE 1567 567 600
R 0.52 0.68 0.47
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Similar to the ET in section 5.1.2, the impact of the idealized afforestation experiments
on latent heat (LH) is shown in Figure 4.19. Whatever the climatic zone, there is an increase in
mean LH compared to the current land use scenario (REF). While the mean LH is 16.54 W m™
in Faga with REF experiment, EBF-VC, SAV-VC and WS-VC add a further 4.9, 2.5, 2.8 W m™.
Similar patterns are recorded for the three experiments in Sissili with an increase of 5.7, 1.03, and
3.1 W m2. SAV-VC experiment decreases mean LH by 0.63 W m while EBF-VC and WS-VC
increase LH by 2.71 W m™ and 1.47 W m™ in Oueme. The PBIAS values indicate that EBF-VC
and WS-VC increase LH by 3% and 1% while SAV-VC decreases the flux by 1.8%. In water-
limited conditions, the highest increase of mean LH is recorded with SAV-VC in Sissili (28%)
and Faga (28.5%). The experiments increase the maximum LH in Oueme by 9.9, 2.1, and 0.73
W m for EBF-VC, SAV-VC, and WS-VC. The opposite effect is observed in the minimum LH.
Though higher latent heat is associated with a cooling effect on the land surface, it leads to higher

ET, which enhances the overall water stress in the basin.

Likewise, the case of LH, there is a significant linear relationship between the simulated
SH and the reanalysis SH. The correlation coefficients are 0.7, 0.7, and 0.5 in Faga, Sissili, and
Oueme however the model underestimates SH by -65, -37, and -43.1%. The agreement between
the simulated SH and reanalysis SH is high in Faga (KGE=0.3), while a lower performance occurs
in Oueme. There is a trend in the potential change of SH in response to the experiments. For
instance, EBF-VC increases mean SH by 20.6, 6.1, and 4.9 W m™ respectively for Faga, Sissili,
and Oueme. The corresponding PBIAS values are 10%, 12%, and 39.8%.
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Figure 4.19: Seasonal cycle of sensible heat (SH) and latent heat (LH) under the idealized

afforestation experiments and the reference scenario (REF). The graph of relative difference is

added to the supplementary figures.
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4.2.2 Patterns of water and energy fluxes under the idealized afforestation
4.2.2.1 Evapotranspiration and soil moisture response to different idealized afforestation

The spatial distribution of the potential change in the water cycle (ET, ASM, UGRF, and
ZWT) and energy fluxes (LH, SH, and GH) in response to the idealized afforestation experiments
is highlighted in this section. Figure 4.20 displays the differences of ET and SM between the
idealized afforestation experiments and the current land use scenario (REF). Most of the areas
affected by the afforestation are located above the 11 latitude (see Section 4.2). The gradient of
vegetation density in the idealized experiments is reflected in their impact on the average ET.
EBF-VC experiment has the highest ET increase, with the maximum occurring in Central Burkina
Faso, Niger Delta, and the riverbeds (>1 mm d ™). A similar spatial pattern is recorded in the WS-
VC experiment with a lower potential increase of ET. However, SAV-VC decreases slightly
average ET. The dynamic vegetation experiments (EBF-VD, SAV-VD, and WS-VD) indicate
higher ET compared to their counterparts. The relative difference displayed in Fig. S5 indicates
that 50 to 75% of ET is added across the forested SBG domain with EBF-VC. SAV-VC and WS-
VC increase ET respectively by ~25% and less than 50% from the galley forest in riverbeds
(~25%). Meanwhile, the experiments decrease ET in the Niger Delta. In Sissili and Oueme basins,

a similar spatial pattern of AET occurs.

SAV-VC has the strongest negative impact on ASM in the top soil layer as it systematically
reduces the average soil moisture by 0.05 to 0.1 m® m>(Fig. 4.20). The relative percentage varies
around 10% (see Fig. S5), likewise EBF-VC, which has a lower negative impact (~0.05 m*> m™).
Remarkably, WS-VC increases the average SM with a relative difference of 5 to 10% (Fig. S5)
in the Sahelian region. WS-VC experiment provides the best water restoration scheme for the
Sahelian and part of the Sudanian region as it has moderate ET, increases SM, and reduces the

water table depth.
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Figure 4.20: Calculated absolute differences of ET between the idealized afforestation
experiments and REF (upper) and of ASM (lower). The gradient of red and blue patches shows
decreasing and increasing ET/ASM towards high impact areas. Countries located within the

domain are delimited with black line and basins with magenta line. The graph of relative

difference is added to the supplementary figures (Fig. S5)
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4.2.2.2 Water table and underground runoff responses to different idealized afforestation

The effect of idealized afforestation on underground runoff and water table depth in the
region is shown in Figure 4.21. In the supplement figures, similar figures of the relative difference
in percentage are displayed for the investigated variables (Fig. S6). The change in temporal mean
of UGRF and ZWT (2012-2015) in response to the degraded lands regreening is computed as the
difference between the idealized afforestation experiments and the current land use (REF). The
range of UGRF responses indicates a positive sign of change for EBF-VC and WS-VC, unlike
SAV-VC, which shows a lower effect to negative in regreened areas (SBG). Across the simulated
scenarios, AUGREF varies from 0 to 10 mm in most of the affected areas. Except for SAV-VC, all
the experiments increase the magnitude of UGRF in the riverbeds. As shown in the case of ET,
EBF-VD, SAV-VD, and WS-VD experiments increase UGRF compared to their counterpart.
Therefore, the rank in the magnitude of the afforestation effect depends mainly on the vegetation
density. SAV-VC has the least effect and reduces the average UGRF towards highlands. The
experiments with the dynamic vegetation scheme (EBF-VD, SAV-VD, and WS-VD) display a
higher increase of UGRF, with the highest potential change achieved with EBF-VD (> 10 mm).
This potential change represents 20 to 40% increase (Fig. S6) compared to the current land use
scenario. SAV-VC experiment has an opposite effect in Oueme basin as UGRF is increased by
~5 to 10 mm. Furthermore, the idealized afforestation experiments altogether show a lower
magnitude of change towards highlands. That is, moving from the riverbed towards higher
altitudes, the regreening effect on UGRF decreases gradually. This spatial pattern can be
attributed to the characteristics of the groundwater scheme MMF, which is sensitive to the
topography. In summary, the aforementioned evidence suggests that the intensity of the
afforestation effect is controlled by the vegetation density, while the spatial distribution depends

on the subsurface scheme used (MMF scheme in this case).

The potential change in the groundwater depth (ZWT) is shown in Figure 4.21 and S6.
Remarkably, SAV-VC increases the water table depth by 0.5 to 1m compared to the reference
scenario. In contrast, WS-VC and EBF-VC decrease average ZWT by 0.5 to 1.5m. Altogether,
the experiments reduce ZW'T in the Oueme basin in higher precipitation conditions. A contrasting
spatial effect is recorded with SAV-VC as the experiment increases the water table in the Sahelian
region, while it shows the opposite in Oueme (~-0.5). This spatial pattern highlights the interplays
between the factors that should define the choice of the afforestation approach. That is, the

vegetation density to be achieved in a given area, as described in section 4.2, should take into
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account the annual rainfall and the topography. The sensitivity of the groundwater scheme MMF
to the topography is reflected in the spatial distribution of ZWT, as a lower magnitude of the
afforestation effect is recorded towards the highland, likewise in the case of UGRF. Overall, a
higher decrease in water table depth in EBF-VC and EBF-VD experiments is associated with
higher water loss through ET and ASM decrease. The contrary effects observed between EBF-
VC and SAV-VC raise the question of the priorities of the afforestation initiative. That is, the
choice of afforestation approach should be based on whether the initiative intends to restore water
in the subsurface, the land surface, or both. WS-VC experiment displays a reliable water
restoration pattern as it reduces the water table, increases the average SM in most of the Sahelian
region, and achieves a moderate water loss through ET. In Sissili, a similar range of ET is
achieved with SAV-VC and WS-VC; however, WS-VC increases the average SM, while SAV-
VC depletes SM significantly. WS-VC decreases the groundwater table depth in most of the
Sahelian region, while SAV-VC shows the opposite effect. These spatial patterns indicate that
water restoration in Sissili might be achieved with vegetation density greater than SAV-VC and
lower than WS-VC. Although all the idealized afforestation experiments reduce the water table
depth in Oueme, SAV-VC decreases significantly SM, with the highest ET. Therefore, the
vegetation density close to WS-VC offers a better water restoration in Oueme as it achieves lower
ET compared to EBF-VC. EBF-VD, SAV-VD, and WS-VD have similar effects on ZWT as their
counterpart but with a high magnitude of potential change.
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Figure 4.21: Calculated absolute differences of underground runoff (UGRF) between the
idealized afforestation experiments and REF (upper) and of water table depth (AZWT; lower).
The gradient of red and blue patches shows decreasing and increasing UGRF/AZWT towards
high impact areas. Countries located within the domain are delimited with black line and basins
with magenta line. The graph of relative difference is added to the supplementary figures (Fig.
S6)
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4.2.2.3 Energy fluxes response to different idealized afforestation

In this section, the changes in the latent heat, sensible heat, and ground heat in response
to the idealized afforestation experiments are evaluated. Figure 4.22 displays the difference
between the simulated fluxes from idealized afforestation and the current land use scenario. It
highlights the surface energy input or removal in each of the energy balance component in
regreened areas. The spatial pattern of the potential change in latent heat (ALH) is similar to what
is reported above on ET as higher vegetation density experiments (EBF-VC and WS-VC) show
the highest LH increase especially in Central Burkina Faso. Higher density of tree cover in EBF-
VC has a cooling effect on the land surface. Towards the Sahelian region in drier conditions, the
afforestation experiments (EBF-VC, SAV-VC, and WS-VC) tends to a lower potential change in
LH. The range of the potential change across the experiments varies from -10 to 20 W m?. As in
the case of ET, there is a gradient in the magnitude of change in respect to the vegetation density.
Remarkably, SAV-VC experiment shows a contrasting effect in the region as it increases average
LH towards higher latitude in the Sahelian region (Fig. S7) while decreases LH in North-West of
Burkina Faso, South Niger, and in Oueme basin. This spatial heterogeneity of the potential change
confirms the mitigated effect of afforestation with low vegetation density as it might result in
rather a warming effect. The idealized afforestation experiments with dynamic vegetation scheme
(EBF-VD, SAV-VD, and WS-VC) display similar range of ALH with the largest impact in Central
Burkina Faso. Figure S7 shows the percentage of the potential change. SAV-VC reduces LH by
10 to 15% in Faga, Sissili, and Oueme basins while there is an increase of 10 to 60% with EBF-
VC and WS-VC. The sign of the potential change depends on factors like rainfall rate, vegetation
density, and topography. Nevertheless, the soil characteristics is another key factor which is not
explored in this study. A weaker response of LH to the idealized afforestation experiments is
observed towards the Sahelian region suggesting that a minimal annual rainfall is required for
their efficiency in storing water. In some parts of south Niger, a negative effect of -30 to -10% is
recorded whatever the experiments. The spatial pattern of the potential change in LH is
heterogeneous comparatively to ET which suggest the need to evaluate the responses with
different levels of model complexity. Remarkably, EBF-VC and WS-VC decreases the sensible
heat (SH) across the Sahelian region (above 12% latitude) with values ranging from -50 to 25 W
m2. SAV-VC experiment increases the SH by approximately 10 to 25 W m2. EBF-VD, SAV-VD,
and WS-VD have altogether a higher negative potential change in SH. In Oueme, the afforestation

experiments have low to moderate effect on SH (~5 to 10 W m2). The relative difference of SH
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with respect to EBF-VC and WS-V C ranges between -90 to 50%. Remarkably, the spatial pattern
of the potential change shows a contrasting effect between the riverbed of Niger river and most
of Sahel region. That is, SH is increased by 0 to 20% around the river while most of the region
experiences a decrease under WS-VC and EBF-VC experiments. The response of ground heat
(GH) to afforestation experiments in the region varies from -25 to 50 W m™. The lowest
vegetation density experiments (SAV-VC) decrease GH by 0 to 25 W m-2 in most the Sahelian
region however in higher rainfall conditions (e.g. Oueme), it increases GH by 15 to 30 W m™.
The values of the corresponding relative change are -80 to 5% and 5 to 80%. In drier conditions,
WS-VC impact on GH is most significant in riverbed however an overall 25 to 75% increase is
recorded in the region. EBF-VD, SAV-VD, and WS-VD indicate the highest GH increase. Higher
tree cover in EBF-VC and WS-VD is associated with lower albedo in the Sahelian region which
results in a cooling effect while higher albedo with SAV-VC shows a warming effect. Under EBF-
VC and WS-VC, GH and LH are increased in Sissili while SH is decreased. The opposite potential
change occurs with SAV-VC. GH increase under EBF-VC and WS-VC highlights controversial
evidence on the expected cooling effect as it is associated with a trade-off of ground warming.
Further, SAV-VC has a negative effect on SH, a moderate positive effect on LH, and achieve GH
decrease. Therefore, the suitability of the afforestation experiment should take in the account the
rainfall rate, topography, and vegetation density. In Oueme, EBF-VC and WS-V C have a positive

effect on energy fluxes.
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Figure 4.22: Calculated absolute differences of latent heat (ALH; upper), sensible heat (ASH;
middle), ground heat (AGH; lower) between the idealized afforestation experiments and REF
(upper). The gradient of red and blue patches shows decreasing and increasing LH/SH/GH
towards high impact areas. Countries located within the domain are delimited with black line and
basins with magenta line. The graph of relative difference is added to the supplementary figures

(Fig. S7)

172

3E




4.2.3. Evaluation of the afforestation impact on the subbasins' water budget

To evaluate the water budget of each basin located in the Sahelian, Sudanian, and Guinea
coast climatic zones, this study investigated the water balance components namely
evapotranspiration (ET), surface and underground runoff (RF and UGRF), and soil moisture
storage (ASM). The seasonal cycles of the water budget are shown in Figure 4.23a, Fig. S8, and
Fig. S9. EBF-VC, SAV-VC, and WS-VC decrease ET from March to May by 30 to 60 mm in
Oueme (Fig. 4.23), March to August in Sissili by 5 to 100 mm, and June to August in Faga by 10
to 120 mm during the study period. The remainder of the year shows an increase of ET in response
to the idealized afforestation experiments, with the highest difference occurring in December
under WS-V C in Oueme, in October under WS-VC for Sissili and Faga. Further, the depletion of
soil moisture storage in the dry season is a critical scientific problem also known as SM dry-
downs (Fu et al., 2024). The skill of the idealized afforestation experiments in delaying the dry-
down is highlighted in Figs. 4.23, S8, and S9 (lower left). Remarkably, SAV-VC has a positive
effect on ASM from October to December, sustaining the lowest dry-down with a difference of
~20 mm in Oueme, Sissili, and Faga compared to the REF experiment. The highest ASM loss
occurs with WS-VD followed by the EBF-VC experiment in November for Oueme (~50 to 60
mm), Sissili (~50 mm), and Faga (~30 mm). In the rainy season, EBF and WS-related
experiments achieve the highest increase of ASM in April for Oueme (~38 mm), in July for Sissili
(~35 mm), and in August for Faga (~25 mm). From May to August, the SAV-VC experiment
stores less SM while EBF-VC and WS-VC retain higher SM compared to the current land use
(REF) in Faga (Fig. S9). The effect of the idealized afforestation experiments on soil moisture in
wetter conditions is rather mitigated in Oueme and Sissili. Somehow, the intermittence between
the two rainy seasons and the short dry season breaks down the positive trend of the ASM
increase. This results in soil moisture loss under the idealized afforestation experiments in June
and August in Oueme (Fig. 4.23a) and a lower effect in Sissili in June, August, and September. It
is noticeable that this period with a contrasting effect is associated with higher ET. Further,
unimodal rainfall climate (e.g., Faga) benefits best in consistently storing SM under the idealized

afforestation experiments even with a lower rainfall rate (Fig. S9).

Because the model overestimates the streamflow, it generates runoff (RF) throughout the
year, whatever the experiments and climatic conditions. Nevertheless, it turns out that with the
experiments, the runoff peak is remarkably delayed by two months in the three basins compared

to the REF experiment. EBF-VC, SAV-VC, and WS-VC reduce the RF peak by ~520 to 650 mm
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in Oueme, and ~30 to 80 mm in Sissili. SAV-VC increases peak RF by ~5 mm in Faga, while the
EBF-VC and WS-VC decrease it by ~35 to 55 mm. EBF-VC has the strongest effect in reducing
the RF, but generates higher runoff in the dry season from November to February in Oueme and
Sissili. Moreover, the SAV-VC experiment generates higher runoff towards drier areas. Overall,
the experiments with LAI and FVEG dynamically computed (e.g., SAV-VD, and WS-VD)
generate higher RF from January to December in Oueme compared to SAV-VC and WS-VC.
Nevertheless, the same produces lower RF from May-June to November in Sissili and from April-
May to November in Faga. EBF-VD shows lower RF compared to EBF-VC from November to

July, while the opposite occurs around July-August.

The seasonal cycle of underground runoff highlights the water loss through capillary rise
at the basin scale in the water-limited period. It extends from December to June in Oueme, from
November to August in Sissili, and from October-November to August in Faga. WS-VC shows
the highest UGRF of ~16 mm in Oueme, ~9 mm in Sissili and ~4 mm in Faga. All the idealized
afforestation experiments increase significantly water loss through UGRF in water-limited
conditions while reduce UGREF in the rainy season. SAV-VC experiment shows the highest UGRF
decrease of ~10 mm in Oueme and ~2.5 mm in Sissili. In Faga, UGRF decreases throughout the

year under the six experiments.

The seasonal transition associated with the change from water-limited to energy-limited
conditions reverses the sources of ET and RF, switching from UGRF and ASM to precipitation
(and vice versa). ET and RF serve as water loss components, while soil moisture storage,
baseflow from UGREF, and precipitation sustain water availability in the basins. In the dry season,
ET occupies the highest percentage of the water budget in water-limited conditions as it draws
water from the soil and subsurface. The water loss through capillary rise sustains the water cycle
in the dry season as UGRF and ASM feed both ET and surface RF in Faga (November to April),
Sissili (November to March), and Oueme (December to January). Between February and June in
Oueme, the water cycle is sustained with both rainfall and subsurface water loss (Fig. 4.23a). A

Similar pattern associated with ASM increase occurs from May to August in Sissili and Faga.
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Figure 4.23a: Monthly water budget under the idealized afforestation experiments and current
land use in Oueme. Highlight of the seasonal variation of ET (upper left), soil moisture storage
(lower left), surface runoff (RF; upper right), and underground runoff (UGRF; lower right)
covering the simulation period from 2012 to 2015. All the components are in mm. Similar figure

for Sissili and Faga are added to the supplementary documents.

175



Seasonal Cycle of Water Table Depth - Faga

Seasonal Cycle of Water Table Depth - Sissili

14.8
Mean Min Max Mean  Min Max
184 1451 14.47 14.53 14,14 14.03 14.21
14.97 14.93 15.01 14.26 14.18 14.32
15.14 15.04 15.23 14.37 14.33 14.42
14.6
9.90 14.26 14.19 14.31
9.84 14.18 14.07 14.24
.92 14.27 14.21 14.32
3 3 14.4 1
14.2 4
14.0 4
101 * 13.8
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1250 Seasonal Cycle of Water Table Depth - Queme REF EBFVC SAVVC WS-VC
Mean Min  Max —»— EBF-VD —#— SAVND —— WSVD
o s e
12.254 1148 1127 1164
11.1
12.00 A 0 }
— 11.75 A
Q 11.50
|_
; 11.25 A
11.00 4
10.75 4
10.50

. r T : : r : : T T T
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov

T
Dec

Figure 4.23b: Groundwater table change in response to the afforestation experiment in Faga,

Sissili, and Oueme basins.
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4.3 Enhancing Depth-to-Bedrock Maps for Groundwater-to-Atmosphere Modeling in
Africa

4.3.1 Analysis of Field Depth-to-Bedrock Data and Spatial Statistics

This section evaluates the DTB field measurements from over 4,000 boreholes using
descriptive statistical analysis. Boreholes were selected based on their locations within multiple
ring buffer zones surrounding three terrain-related features. The buffer distances were divided
into nine classes, based on the assumption that significant changes in DTB occur moving from
features such as rivers toward more distant points. Notably, the highest percentage of boreholes
falls within the 0.5 to 1 km distance class, accounting for 21.3%, 33.1%, and 21.5% for geological
lineaments, depression zones, and river networks, respectively. Conversely, the lowest
percentages are found in the closest distance classes: 4.8% for lineaments within 10 to 50 m, and
1.2% and 0.8% for depression zones and river networks within 0 to 10 m, respectively (Fig. 4.24).
These findings further explain why negative or unproductive borehole siting is common in this

bedrock area.
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Figure 4.24: Zonal statistic (a) of DTB in relation with geological lineaments, depressions, and

Rivers’ network
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The distribution across distance classes shows that a large percentage of boreholes are located
between 100 m and 500 m from terrain-related features, with 51.2%, 41.8%, and 60.6% for
geological lineaments, depression zones, and the river network, respectively. Since these DTB
measurements were primarily collected during water supply borehole drilling, this suggests that
the high rate of unsuccessful boreholes reported by drilling companies in the study area may be
due to inaccuracies in identifying these three terrain-related features. However, the low
percentage of boreholes found within 100 m of the river network can also be attributed to
groundwater quality sometimes being influenced by the river, as the groundwater table is closer
to the surface in these areas. This explanation does not apply to the low percentages of boreholes
located within 100 m of geological lineaments (4.8% for 10—50 m and 5.8% for 50-100 m
distance classes) or depression zones (1.2% for 0—10 m, 1.9% for 10-50 m, and 3.8% for 50-100
m). These low values highlight a lack of precision in mapping geological lineaments and
depression zones, indicating a need for more detailed, larger-scale maps as crucial decision-

making tools.

Beyond 1 km from these terrain features, the percentages of boreholes are 4.4%, 18.3%,
and 5.8% for geological lineaments, depression zones, and the river network, respectively. The
low numbers for geological lineaments and rivers confirm that groundwater farther from these
features is less explored, even though their average DTB values of 15.8 m and 16.8 m fall within
common ranges. Notably, 12.7% of DTB measurements lie within 0 to 10 m of geological
lineaments, which could be explained by the high density of these features in the study area.
Additionally, 51.4% of DTB measurements are located more than 500 m from depression zones,
possibly because large-scale depression maps are rarely used for siting water supply boreholes in
this region (Table 4.6). Overall, the average measured DTB across all terrain features and distance
classes is 16.5 = 1.2 m (mean), 15.5 = 1.8 m (median), and 10.8 = 1.3 m (standard deviation).
This suggests that expected DTB values in hard-rock areas are concentrated within this range,

with only limited skewness due to certain geological features (Fig. 4.25a).
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Table 4.6: Statistical summary of depth-to-bedrock (DTB) based on geological lineaments,

depressions, and river networks

Lineaments / Depressions / Rivers

Distance

(m)

count

max

mean

median

stddev

Percentage (%)

0-10

520

28

53.2

38129 (159

17.3

16.3| 14

15.5| 18

10.6

11.3

10.5

12.7

1.2

0.8

10 - 50

197

43

23

52

37|37 (17.1

14.4

17.9] 18

15 | 15

10.6

9.0

10.9

4.8

1.9

4.5

50-100

240

87

36

49

91.6| 36 |17.7

15.2

13 | 18

12 |11.3

10.0

13.1

7.4

5.8

3.8

7.0

100 — 200

554

229

76

57

55.3| 43 |15.9

14.6

16.1| 15

12 [15.5

10.4

10.9

8.4

13.5

10.0

14.7

200 -300

594

242

107

54

57 149.6| 17

17.9

18.1| 16

17.3/16.4

10.3

11.2

10.2

14.5

10.6

20.7

300 — 400

512

260

72

80

72| 48 | 17

17.5

16.6| 16

16.9(15.8

12.1

11.2

11.5

12.5

11.4

14.0

400 — 500

439

224

57

51

51.1|39.5/17.6

17.5

16.1] 17

16 | 15

10.5

10.8

9.6

10.7

9.8

11.1

500 —
1000

875

756

111

72

60 |46.4/16.8

16.4

16.1

15.5

15 | 15

11.2

10.6

10.6

21.3

33.1

21.5

> 1000

181

418

30

91.6

79 | 44 (15.8

16.8

16.8| 14

16 [16.5

13.9

10.9

11.9

4.4

18.3

5.8

Totals

4112

2287

516

100

100

100

180




The boxplot in Fig. 4.24 offers a clear view of the spatial distribution of DTB
measurements from over 4,000 boreholes around three key terrain-related features—geological
lineaments, depression zones, and river networks—which are often considered proxies for
successful well siting in hard-rock regions. It is commonly argued that higher groundwater yields
are linked to the proximity of these features to a given borehole. To analyze this, Multi-buffer
Rings defining nine distance classes ranging from 0 meters to over 1 km, along with Selection by
Location algorithms, were applied in a GIS environment to select data and compute descriptive
statistics for each class around the three terrain features. The results show no significant decrease
in DTB as boreholes are located closer to geological lineaments, depression zones, or rivers. This
is reflected in the boxplot patterns (Fig. 4.24), where values from distances above 1 km to near 0
m do not indicate a clear spatial trend. This suggests that while surface erosion from overland
flow may affect the regolith near the surface, its impact does not necessarily extend to deeper
layers or the furthest points from these features. Nevertheless, the high spatial density of these
terrain features marks important infiltration zones essential for productive well siting, especially

in fractured hard-rock subsurface systems.
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Figure 4.25: Zonal statistics of DTB in relation to (a) geological units and (b) soil units are
presented. The dashed green line, along with the red, blue, and purple lines, represent the
maximum DTB values estimated or suggested by previous studies. The two dark green lines
indicate the 75th and 25th percentiles of the field-measured depth-to-bedrock. This figure
complements Figure 4.24. The numbers along the x-axis correspond to the geological units (c)
and soil units (b), which are described in detail by Volkoff and Willaime (1976) and OBEMINES
(1989), respectively.
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Addressing our earlier point about the significant uncertainty related to the basin bottom,
the maximum values from the field DTB measurements show a peak of 91.6 m recorded in the
distance class over 1000 m from the geological lineaments, 50 to 100 m from the depression zone,
with an overall average maximum of 54.6 £ 16.6 m. Minimum values are not listed in Table 4.7
because they are all 0 m. Regarding geological and soil units (Fig. 4.25a-b), Gneiss-related
formations exhibit an average DTB of 15.6 + 2.4 m with a standard deviation of 10.1 + 1.2 m.
Granite with biotite, alkaline granite, and microgranites have average DTB and standard
deviations of 16.5 £ 5.6 m and 3.8 £ 6.5 m, respectively. Other formations such as Quartzite
feldspathic (Q), Charnockites (ch), Blastomylonite and mylonite of the Kandi Shear (my),
Terrigenous Deposits (Daho-Mahou series — dt), and Marbles (M) show mean DTB values of
17.1+£109m, 16.1 £ 6.0 m, 22.3+9.1 m, 12.9+ 6.7 m, and 53.4 + 23.8 m, respectively. Except
for the basic vein (ug), which has a single DTB measurement of 13 m, the remaining geological
units belong to a coastal sedimentary basin that is beyond the scope of this study. The 75th and
25th percentiles of DTB based on soil units are 24 m and 8 m, respectively (Fig. 4.25b). Given
that there are over 100 soil units, detailed descriptive statistics are omitted for simplicity.
However, soil units 42, 85, 86, 88, and 106—which correspond to ferruginous tropical, weakly
desaturated ferralitic, and hydromorphic soils of the coastal sedimentary basin—significantly
skew the overall DTB range with values of 36.4 £ 23.4m, 55.1 £16.4m, 64.4+33.2m, 51.7
22.4 m, and 107.3 £45.2 m, respectively (Fig. 4.25b).
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Table 4.7: Descriptive statistics of DTB based on rock types.

Geological
code Minimum Maximum Mean STD Total
gngr 2 50 1426  9.63 86
gno 3 49 13.02  8.64 44
Q 3 45 17.06 10.86 37
ch ch-g 7 27 16.14 594 9
my 2 45 22.28  9.09 48
mgn 2 57 1772 9.84 540
gnp 2 45 18.55 10.27 60
gnab 2 80 1422 1191 73
Y 2 33 13.58 11.40 12
dt 7 30 1292  6.67 13
M 24 24 24.00  0.00 1
uF 23 23 23.00  0.00 1
TC 6 100 4895 1945 60
a 15 15 15.00  0.00 1
M 6 113 5335 2383 27
GFD 50 69 62.67  8.96 3
ng 13 13 13.00  0.00 1
PS 60 60 60.00  0.00 1
RAD 112 150 131.00 19.00 2

gngr: Gneiss with biotite granulites and 2 pyroxenes, gno: Gneiss ‘’oeillés” with biotite and
amphibolite, Q: Quartzite — feldspathic with white mica, ch ch-g: Charnockites grano-
monzodiorite gabbroic, my: Blastomylonite and mylonite of the Kandi Shear, mgn: Gneiss
migmatitic, gnp: Gneiss alkaline with pyroxene — granulites acid, gnab: Gneiss with amphibole
and biotite, Y: Granites with biotite finely to averagely grainy, dt: Terrigenous deposit (Daho-
Mahou Series), M: Marbles and marbles with silicates sometimes 184raphitic (Dadjo), uF:
Granites alkaline, TC: Turonien-coniacien, a: Basic Filons, M: Maestrichtien, GFD: Gravel and
other fluvial deposits, pg: Microgranites ‘’'microsyénites‘’, PS: Paleocene superior, RAD: Recent

alluvial deposits.
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4.3.2 Evaluation of PF-CLM Model performance
4.3.2.1 Simulated energy fluxes evaluation

Within each grid cell of the 334 by 334 domain, the PF-CLM model solves the variably
saturated subsurface equations, providing pressure head and saturation values along with energy
fluxes at the land surface at an hourly time resolution. Figures 4.27a-d illustrate the spatial
distribution of the mean energy fluxes—sensible heat, latent heat, ground heat, and outgoing
longwave radiation—over the simulation period from January to February 2014. The land use
map used in the domain setup predominantly controls the spatial distribution of both water and
energy fluxes at the land surface, as shown in Figures 4.27a-d and 9a-c. This spatial pattern
highlights the importance of using a high spatial resolution and accurately detailed land use map
to better capture land surface processes. In this study, the MODIS land cover data resampled to 1
km was used, which, as shown in Figures 4.27a-d and 9a-c, is somewhat limited for the 10 by 10
km domain extent. However, PF-CLM reproduces the observations within the domain quite
accurately. The temporal averages of energy fluxes during the simulation period are 105.5 + 35.9
W m2 for latent heat, -5.2 = 24.8 W m for sensible heat, -9.6 = 24.8 W m2 for ground heat, and
449.4 £ 5.5 W m? for outgoing longwave radiation. Shrublands and grasslands along the eastern
river boundary show the lowest latent heat but the highest ground heat and sensible heat,
indicating that poorly vegetated areas tend to absorb more incoming solar radiation during the
dry season’s water stress. Conversely, highly vegetated areas, such as Evergreen Needleleaf and
Broadleaf Forests, exhibit lower ground heat and higher latent heat, reflecting active plant
processes. Outgoing longwave radiation from land use is relatively moderated, though vegetated
areas show slightly higher values. Across the catchment, spatially averaged latent heat, sensible
heat, ground heat, and outgoing longwave radiation from the simulation are 105.5 £ 89.9 W m2,
-52+£96.8Wm?2 -9.6+43.6 Wm?2 and 4494 + 43.5 W m™2, respectively, while observed
values for the same period are 75.6 = 114.4 Wm™=, 68.3 + 121.7 Wm™2, 6.8 £ 38.8 W m2, and
448.5 + 50.9 W m 2 (Fig. 4.26a-d).
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Figure 4.26: Comparison between simulated and observed energy fluxes (a—d), where black dots
represent observed values and red, blue, yellow, and green dotted lines indicate PF-CLM
simulations. The lower panels show the spatial distribution of temporal averages, using a color

gradient from dark red for lower values to dark green for higher values.

186



The accuracy of the estimated depth-to-bedrock (DTB) in the subsurface configuration of
PF-CLM has recently emerged as a growing research concern (Condon et al., 2020). Evaluating
model performance in data-scarce regions is therefore essential to improving our understanding
of water and energy balances under more realistic groundwater conditions. In this study, PF-CLM
simulated energy fluxes are validated against Eddy Covariance measurements from the WASCAL
CONCERT project (Bliefernicht et al., 2018). While data collection began in 2012 and is ongoing,
this validation focuses on the hourly dataset from January to February 2014. Notably, despite the
relatively small size of the simulation domain, the model demonstrates strong performance,
achieving a Nash—Sutcliffe Efficiency (NSE) of 0.77 and an R? of 0.86 for sensible heat and
outgoing longwave radiation, respectively (Table 4.9, Fig. 4.27a—d). For latent heat, the NSE is
0.69, R? is 0.60, the percentage bias (PBIAS) is -9.31%, and the root mean square error (RMSE)
is 2517.44 W m™2. For ground heat, the corresponding values are 0.34 for NSE, 0.71 for R?, -
162.80% for PBIAS, and 1246.87 W m™ for RMSE. Among the variables, outgoing longwave
radiation shows the lowest PBIAS at -0.22%, followed by latent heat at -9.31%, while the
relatively poorer performance for sensible heat may be linked to data gaps in the observations.
Overall, the PF-CLM setup demonstrates an unexpectedly strong capacity to simulate energy

fluxes in the study area, as confirmed by the evaluation metrics.
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Figure 4.27: Scatter plots display the comparison between simulated energy fluxes and observed
values, with the dashed blue line representing the 1:1 line, indicating perfect agreement between

simulations and measurements.
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4.3.2.2 Simulated evaporation analysis

Figure 4.28a—c presents the three evaporation components simulated by PF-CLM: total
evaporation, soil evaporation, and vegetation evaporation. The vegetation evaporation is
compared with actual evapotranspiration (ETa) estimated from field measurements (Table 4.8).
ETa is calculated by integrating climatic variables—including solar radiation (MJ m2 day ™), air
temperature (°C), relative humidity (%), wind speed (m/s), wind measurement height, and
shortwave radiation—from the Nazinga Eddy Covariance station, combined with MODIS
Normalized Difference Vegetation Index (NDVI), using the approach outlined by Kamble et al.
(2013). Vremec et al. (2023) developed the PyET Python package, which includes several
methods for estimating potential evapotranspiration. For this study, only three methods were
used: Priestley—Taylor (1972), FAO-56 (Allen et al., 1998), and Penman (1948). Results show
that PF-CLM vegetation evaporation tends to overestimate ETa when compared to all three
methods, though it aligns most closely with the Penman method (Fig. 4.28c). Importantly, PF-
CLM accurately captures the slight upward trend in evaporation observed in the field data,
indicating good performance in a data-scarce environment. The spatial average of PF-CLM
vegetation evaporation is 2.4+0.1 mm/day, compared to 1.73+0.28 mm/day, 1.68+0.27 mm/day,
and 2.06+0.26 mm/day for the Priestley—Taylor, FAO-56, and Penman methods, respectively.

While direct validation of total and soil evaporation is not conducted—due to the need for
advanced instrumentation and complex calculations beyond this study’s scope—the PF-CLM
estimates are shown in Figures 4.28a and 4.28b. The model outputs average values of 3.6343
mm/day for total evaporation and 1.17+0.5 mm/day for soil evaporation, which fall within

reasonable expected ranges.
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Table 4.8: PF-CLM Model performance metrics for the energy fluxes

Variables NSE R? PBIAS RMSE
LH 0.69 0.60 -9.31 2517.44
SH 0.77 0.77 -254.18 2179.62
GH 0.34 0.71 -162.80 1246.87
LR 0.67 0.86 -0.22 623.08
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Additionally, the spatial pattern of PF-CLM evaporation is largely influenced by the
MODIS land cover classification, with domain-wide time-averaged values of 3.63+1.2 mm/day
for total evaporation, 1.184+0.78 mm/day for soil evaporation, and 2.44+0.7 mm/day for
vegetation evaporation (Fig. 4.28d-f). Soil evaporation does not exhibit any clear spatial variation
linked to soil type, whereas vegetation evaporation reflects noticeable differences that correspond
to vegetation health. Higher vegetation evapotranspiration rates are observed in areas dominated
by Evergreen Needleleaf Forest, Evergreen Broadleaf Forest, Savanna, Woody Savanna, and
Grassland. In contrast, the lowest rates occur in shrubland regions, particularly in the southern

part of the domain.
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Figure 4.28: Total evapotranspiration (a), soil evapotranspiration (b), and vegetation
evapotranspiration (c), shown alongside the estimated actual evapotranspiration derived from the
Priestley-Taylor method (magenta squares), Penman equation (black dots), and FAO-56 approach
(red dots). Panels (d—f) display the spatial distribution of the respective temporal averages.
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4.3.2.3 Computed DTB maps and 2D profiles

The overall patterns across the three computed DTB maps (Eq. 3.36, Eq. 3.46, and Eq. 3.31
— Fig. 4.29) reveal that the highest depth-to-bedrock values are mainly concentrated in coastal
areas, along riverbeds, and within major depression zones. To address concerns over reliability
in areas with a low probability of high depth-to-bedrock (DTB), certain regions in the maps
produced using the best-performing method from this study (Eq. 3.36) and the Lachassagne et al.
(2021) approach (Eq. 3.46) have been intentionally left blank. Based on Eq. 3.36, the average
DTB values across African subregions are as follows: West Africa —45.7 = 3.6 m, North Africa —
43.4+5.8m, East Africa — 43.5+5.8m, Central Africa — 41.7+5.9m, Southern Africa —
44.3 £ 6.3 m, and Madagascar — 46.2 £ 5.2 m. In comparison, Eq. 3.46 (Lachassagne et al., 2021)
yields regional averages of 38.9+21.9m for West Africa, 17.7+39.9 m for North Africa,
33.7+21.9 m for East Africa, 11.9 = 13.9 m for Central Africa, 43.1 = 54.1 m for Southern Africa,
and 10.8 +57.3 m for Madagascar. The depth-to-bedrock estimates derived from Eq. 3.31 (de
Graaf et al., 2015) are generally lower, with regional averages of 25.2 + 6.2 m in West Africa,
20.8+7.9m in North Africa, 14.17+£9.9m in East Africa, 17.4+6.4m in Central Africa,
11.4+ 8.8 m in Southern Africa, and 21.2+11.5 m in Madagascar. It is important to note that
these values, particularly in sedimentary basins and desert regions, should be interpreted
cautiously, as the underlying geological conditions differ significantly from those in hard rock

environments.
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There is a strong and growing need to provide the Earth System Modeling community
with reliable subsurface datasets such as depth-to-bedrock (DTB). These datasets are essential
for improving model performance, deepening our understanding of the Earth's critical zone, and
addressing the frequent oversimplification of groundwater components in many existing models.
To support geological zonal analysis, two globally recognized geological maps are employed: the
Global Lithological Map (GliM; Hartmann & Moosdorf, 2012) and the Global Unconsolidated
Sediments Map (GUM; Borker et al., 2018), which served as the foundation for GLHYMPS 1.0
(Gleeson et al., 2014) and 2.0 (Huscroft et al., 2018). While GUM contains 87 geological units
and GliM includes 13, the analysis focuses on GliM due to its more robust representation of hard
rock formations. For volcanic units in the G1iM dataset, namely va, vb, and vi, the DTB estimates
vary across the three equations: Eq. 3.31 yields lower values, with va at 15.1+11.9m, vb at
11.7£9.4m, and vi at 11.1 £8.8 m; Eq. 3.36 shows higher DTB values with va, vb, and vi
estimated at 44.9+7m, 41.8+8.6 m, and 42.6 +7.3 m respectively; while Eq. 3.46 further
increases these estimates to 47.7 +£20 m for va, 39.0+22.4 m for vb, and 40.3 £19.1 m for vi.
The most dominant consolidated rock type in the GliM dataset is Metamorphic rocks (mt),
covering 27.6% of the African continent, for which DTB is estimated at 14.1 + 8.4 m with Eq.
3.31,41.0+ 8.1 m with Eq. 3.36, and 32.6 =20.1 m with Eq. 3.46.
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The evaluation of the computed DTB maps (Eq. 3.36, 3.46, and 3.31) was performed by
comparing their estimated values with existing global DTB maps from Pelletier et al. (2016) and
Shangguan et al. (2017) across three river catchments: the Congo, Niger, and Oueme basins. In
the Congo basin, Figures 4.31a—c show average DTB estimates of 40.9+5.6 m (Eq. 3.36),
12.1+14.01 m (Eq. 3.46), and 15.5+ 6 m (Eq. 3.31), while the mean DTB values from Pelletier
et al. (2016) and Shangguan et al. (2017) are 4.1 = 8.3 m and 11.5 £4.4 m, respectively. A similar
pattern is observed in the Niger and Oueme basins. For the Niger basin, the computed estimates
are 44.4+4.3m (Eq. 3.36), 27.4+27.1 m (Eq. 3.46), and 22.2+£5.6 m (Eq. 3.31), compared to
3.1+8.4m (Pelletier et al.) and 56.9 +£64.5 m (Shangguan et al.). In the Oueme basin, the
estimates are 47.2+£2m, 49.7+ 15.9 m, and 28.4 + 5.6 m, while Pelletier et al. and Shangguan et
al. report 4.9+ 6.3 m and 4.8 + 3.8 m, respectively. As previously noted, areas with low to very
low DTB occurrence probabilities were excluded from computation, leaving empty pixels in
those regions. As a result, the DTB estimates span approximately 60% of the Congo basin and
90% of the Niger basin. The Pearson correlation coefficients (PCC) between the computed DTB
maps (Eq. 3.36, 3.46, and 3.31) and the map by Shangguan et al. (2017) are —0.34, 0.29, and 0.30,
respectively. Correlations with Pelletier et al. (2016) are even lower, near zero. Across all three
computed DTB maps (Fig. 4.31c), the highest DTB values are concentrated in the western part

of the Congo basin, particularly along riverbeds, while the eastern regions show the lowest values.
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In the Niger basin (Figs. 4.32 and 4.33), the Pearson correlation coefficients (PCCs)
between the estimated DTB maps and Pelletier et al. (2016) are —0.32, —0.34, and —0.33 for
Equations 3.36, 3.46, and 3.31, respectively. When compared with Shangguan et al. (2017), the
PCCs are —0.21,-0.37, and —0.37 for the same equations. The minimum and maximum estimated
DTB values in the basin are 0/50.4 m (Eq. 3.36), 0/79.9 m (Eq. 3.46), and 0.4/40.1 m (Eq. 3.31).
Certain areas particularly desert regions and zones with a near-zero probability of DTB
occurrence are left blank in the maps. In the Oueme basin, the PCCs between the estimated DTB
maps and Shangguan et al. (2017) are notably higher, with values of 0.47, 0.51, and 0.54 for Eqgs.
3.36, 3.46, and 3.31, respectively. In contrast, correlations with Pelletier et al. (2016) remain very
low. Despite the relatively weak correlations, the proposed methods have demonstrated utility in
predicting field-measured DTB, supporting their reliability for land surface model (LSM)
applications. These maps can serve as valuable inputs for critical zone modeling, especially in
hard rock regions of the basins. However, caution is advised when applying the estimated values
to the sedimentary basin in the southern part of the catchment. The geological conditions in this
region—including the seven plateaus (Allada, Sakété¢, Come, Aplahoué, Abomey, Zangnanado,
and Kétou), the Lama Depression, and surrounding valleys—differ significantly and may not be
accurately represented. Nonetheless, the estimates may still hold value in areas with alluvial
deposits.For reference, the minimum and maximum DTB values from Pelletier et al. (2016) and
Shangguan et al. (2017) are 0—63.48 m and 1-50 m, respectively. The estimated ranges for Egs.
3.36, 3.46, and 3.31 are 26.11-50.35m, 1.41-79.93 m, and 15.52-40.12 m.
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Figures 4.33a—c display DTB profiles along three transects: from Opala to Masi-Maniba
in the Congo basin, Tudun Iya to Lokoja in the Niger basin, and Parakou to Dassa in the Oueme
basin. The profile lengths are 348 km, 235 km, and 180.2 km, respectively. For the Opala—Masi-
Maniba profile, the average DTB values are 44 + 1.3 m for Eq. 3.36, 28.2+ 5.4 m for Eq. 3.46,
and 21.5+ 1.4 m for Eq. 3.31. Along the Tudun Iya—Lokoja profile, the corresponding averages
are 40.3£8.4m, 24.3+22.1 m, and 21.2 +£6.2 m. For the Parakou—Dassa transect, the average
DTB values are 47.3+ 1.3 m, 49.4+ 10m, and 27.9 + 3.3 m, respectively. The profiles show a
strong relationship between DTB and topography, suggesting that surface geomorphology can
offer valuable insights into weathering development and the depth to bedrock. Minimum and
maximum DTB values along these profiles range from 38.8 to 46.4 m, 11.6 to 41.3 m, and 17.6
to 25.1 m for the Opala—Masi-Maniba section; from 0 to 49.9 m, 0 to 73.9 m, and 14.4 to 37.3 m
along Tudun Iya—Lokoja; and from 44.1 to 49 m, 28.2 to 64.3 m, and 21.4 to 33.2 m between
Parakou and Dassa, for Egs. 3.36, 3.46, and 3.31, respectively. Despite the significant elevation
changes observed in the third profile (Fig. 4.33c) between Parakou and Dassa, the average DTB

remains relatively stable across all three estimation methods.
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Accurately mapping depth-to-bedrock (DTB) is essential for effective borehole siting,
particularly when integrated with geological lineaments, depression zones, and river networks.
However, global DTB maps still suffer from relatively coarse spatial resolution, and the accuracy
of existing maps remains questionable. Recent efforts to provide the Earth System Modeling
community with this critical yet often overlooked input have not fully addressed these limitations.
A recent important discussion titled “Where is the bottom of a watershed?”” (Condon et al., 2020)
emphasizes the intricate interactions among subsurface, land surface, and atmospheric processes,
as explored in studies by Maxwell & Miller (2005), Kollet & Maxwell (2006), Maxwell et al.
(2007), Maxwell & Kollet (2008a-b), Sutanudjaja et al. (2014), Rahman et al. (2015), Condon &
Maxwell (2015, 2019), Kollet et al. (2018), Furusho-Percot et al. (2019), and Reinecke et al.
(2019). One key uncertainty affecting groundwater integration in land surface models (LSMs) is
the lack of reliable, ground-truth-based DTB maps. This study presents descriptive statistics
derived from over 4,000 field DTB measurements in hard rock regions. Regardless of proximity
to terrain features such as geological lineaments, depression zones, and river networks, the
average DTB mean, median, and standard deviation are approximately 16.5+ 1.2 m, 15.5+ 1.8 m,
and 10.8 + 1.3 m, respectively. This range captures most measured DTB values with relatively
few outliers, providing a sound basis for reasonable estimation. To further reduce uncertainty
around bedrock depth, the dataset reveals a maximum DTB of 91.6 m, with an average maximum
across distance classes of 54.6 + 16.6 m. These findings align with those of Pelletier et al. (2016),

Shangguan et al. (2017), and Lachassagne et al. (2021), who report similar maximum values.

Interestingly, DTB values do not consistently increase closer to geological lineaments,
depression zones, or river networks, contrary to the expectation that surface erosion controls
regolith thickness over bedrock. Our analysis (Fig. 3) supports this observation and suggests that
while overland flow influences DTB, it is not the dominant factor. Nevertheless, the spatial
density of terrain-related features remains a valuable indicator for identifying groundwater
infiltration zones and optimizing borehole placement (Oussou et al., 2020). Large-scale DTB
maps are especially valuable in data-scarce regions for coupling Earth system components in
physically based models like PF-CLM, improving monitoring of climate change impacts and
water security. Our test case focuses on a 100 km? area around an eddy covariance (EC) flux
monitoring tower in Nazinga Park, along the Ghana—Burkina Faso border. Despite the usual
constraints of Earth system modeling, this local-scale setup—with 30 m spatial resolution—in a

water-stressed natural reserve is the first of its kind to provide both water and energy variables
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for monitoring water balance and energy cycles. Though the simulation period was relatively
short and the model was not calibrated, results were accurate, with variables falling within

expected ranges and temporal and spatial patterns well captured.

To verify DTB map reliability, we used the PF-CLM setup for the domain hosting the EC
station established by the WASCAL CONCERT project in 2012. The domain-average DTB
(25 + 1.5 m) served as a key static input for the subsurface model configuration. Simulated energy
fluxes closely matched observations despite the domain’s limited size. Performance metrics
included Nash-Sutcliffe Efficiency (NSE) and R? values of 0.67 and 0.86 for outgoing longwave
radiation, 0.77 and 0.77 for sensible heat, 0.69 and 0.6 for latent heat, and 0.34 and 0.71 for
ground heat. Consistent with other PF-CLM studies in similar climates (Herzog et al., 2020;
Cohard et al., 2019; Hector et al., 2017; de Graaf & Stahl, 2022), these results reinforce the
model’s applicability in West African climate systems. Accordingly, the subsurface setup using

computed DTB maps is sufficiently reliable to support fully coupled Earth system modeling.

The DTB map by Shangguan et al. (2017), which incorporates Pelletier et al. (2016) as a
covariate, relies on DEM-based data similar to the approach adopted here. However, this study’s
inclusion of extensive field-measured DTB data enhances estimation reliability and broadens
available methodologies. By adapting computation steps from de Graaf et al. (2015), fourteen
new approaches are proposed. For basin-specific DTB mapping, it is recommended to use a
standardized DTB occurrence likelithood map combined with field measurements from the basin

to evaluate and select the most appropriate method.

A comparative analysis of DTB maps generated using Eqs. 3.31, 10, and 20 against those
from Pelletier et al. (2016) and Shangguan et al. (2017) reveals relatively low correlations (—-0.34
to 0.3) in the Congo and Niger basins, while a notably stronger correlation is observed in the
Oueme basin with Shangguan et al. (2017). These results suggest that focusing on basin-specific
DTB mapping can enhance estimation accuracy and help reduce uncertainties related to
watershed bottom boundaries in Earth system modeling. However, challenges remain with the
existing maps. The Shangguan et al. (2017) map tends to overestimate low DTB values and
underestimate high ones, while Pelletier et al. (2016) exhibits extreme estimates largely due to
landform misclassification. Similar issues appear in the evaluated approaches, whether assessed
by regional, geological, or basin-based zonal statistics. For example, Figure 4a shows that most

geological units have a high frequency of low DTB values (<20 m) and low frequency of high

204



values (>30 m) when using Eq. 3.31; conversely, Eq. 3.36 yields low frequencies of low values
and high frequencies of high values, almost reaching a ceiling below 60 m. In contrast, Eq. 3.46
produces a nearly uniform distribution from low to high values. These varying patterns present a
significant challenge that calls for deeper investigation. Nonetheless, this study provides a
ground-truth-based pattern in Figure 4 that can serve as a valuable reference, particularly for hard
rock regions. While consensus on the maximum DTB limit across different methods and past
maps has yet to be achieved, the field measurements presented here establish a practical threshold
for hard rock areas. Leveraging the suggested methods and generated data can improve
groundwater-to-atmosphere modeling and alleviate data scarcity issues related to groundwater

integration within land surface models (LSMs) across the continent.
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4.4 Evaluation of Fractured Groundwater systems’ Influence on Water and Energy

Fluxes

4.4.1 Model validation

The variation of the lineaments permeability (K) is evaluated with three experiments
(High, moderate, and low K) to investigate the sensitivity of the surface fluxes (e.g., LH, SH,
GH, RN, ET) and subsurface dynamics (e.g., water table depth). The analysis in this study focuses
mainly on the difference in the absolute values of the variables in response to prescribed
lineament permeability. In absence of sufficient field measurement to validate the model, only
the outgoing longwave radiation is compared to observation at Nalohou site. For the baseline
simulation, the model is configured without the representation of geological lincaments. Figure
4.34 shows scatter plots and error metrics (R, KGE, and PBIAS) of simulated versus observed
outgoing longwave radiation for four periods of the year (DJF, MAM, JJA, and SON). Results
indicate an overall high performance in the dry season with the highest KGE of 0.8 recorded
during DJF. A strong linear relationship is recorded with R values of 0.8 to 0.9. Similar strong
linear relationship is recorded during SON however KGE criterion is lower ranging between 0.3
and 0.4. In energy-limited conditions (e.g., JJA), the performance of the model in capturing the
temporal variability of the outgoing longwave radiation drops significantly (-0.2 to -0.1).
However, this performance is associated with a strong linear relationship with R values between
0.7 and 0.8). During the rainfall onset (MAM), KGE criterion varies between 0.3 and 0.4 with
high R values. Whatever the experiment, the model shows a higher performance towards drier
periods.

The potential change in outgoing longwave radiation in response to lineament
permeability in Donga basin is reflected in the PBIAS values. During DJF, the difference of High
K experiment compared to the reference simulation (without lineament) is -2% while for
Moderate K experiment, outgoing longwave is reduced by -1%. There is no difference between
Low K experiment and the reference during the same period. High K and Moderate K
experiments show no difference during MAM period however Low K experiment increases
outgoing longwave radiation by 1%. During the rainfall (JJA), High K experiment decreases
outgoing longwave by 1% while Moderate K and Low K experiments increase the fluxes by 1%.
From September to November, there is no difference between Low K experiment and the
reference simulation. However, both High K and Moderate K experiments decrease outgoing

longwave respectively by -4% and -5%. Overall, the impact of lineament in Donga basin reveals
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that higher permeability in the fractures results in a decrease of the outgoing longwave radiation.
Nevertheless, lower permeability conditions are associated with an increase of outgoing

longwave radiation in energy-limited periods.
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Figure 4.34: Scatter plots of simulated outgoing longwave radiation versus observed for DJF,
MAM, JJA, and SON periods under High, moderate and low permeability (High K, Moderate K,

and Low K) of geological lineaments in Donga basin.
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4.4.2 Sensitivity of energy balance to fractures’ permeability

The effects of the geological lineament on the diurnal cycle of the energy fluxes are shown
in Figure 4.35. The energy components are listed on the y-axis and the investigated period on the
x-axis. Remarkably, the highest difference in the diurnal cycle of the energy fluxes in response to
lineament permeability occurs around noon. Compared to the reference scenario, Moderate K and
High K experiments decrease latent heat (LH) by 4.3 and 4.9 W m™, and sensible heat (SH) by
17.9 and 18.1 W m during the DJF period. Nevertheless, the Low K experiment increases both
LH and SH, respectively, by 0.6 and 4.3 W m™. The three experiments altogether increase ground
heat flux (0.3 to 0.5 W m). Within the same period, the net radiation (RN) is increased with the
Moderate K and High K experiments by 2.1 and 7.3 W m™, while a decrease of -0.4 W m™ is
recorded with Low K. During MAM, the SH is increased by 1.1 and 1.5 W m™ with Moderate K
and Low K experiments, while High K decreases the fluxes by -2.7 W m™. The three experiments
decrease the net radiation during MAM by -18.8, -3.8, and -12.2 W m™. Except for the SH
decrease with the High K experiment in the rainy season (JJA), the experiments increase all the
components of the energy balance. Likewise, the observed pattern during DJF, Moderate K and
High K experiments decrease LH flux in the morning until 10:00 to 11:00 and late in the evening
after 17:00 during SON. The difference between the two experiments compared to the reference
is -34 and -39.1 W m™ of SH. The highest difference is recorded around noon and nighttime. In
the same period, the Low K experiment decreases both LH and SH. This observed impact on the
diurnal cycle of SH, LH, and GH results in an increase of net radiation. Around noon, the two
experiments increase LH. During JJA, the Low K experiment increases LH throughout the day,
while Moderate K and High K increase the fluxes only between 10:00 AM and 14:00. Similar

patterns of the diurnal cycle of LH are observed during MAM for the three experiments.
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Figure 4.35: Diurnal cycle of the energy balance components under the geological lineament

permeability experiments.
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For the entire simulation period, the centered Root Mean Squared Deviation (cCRMSD),
percentage change (PC), and bias are computed and displayed in Table 4.10. The cRMSD values
reveal a trend in the magnitude of the effects of the experiments from higher to lower permeability
conditions. The values range from 8.99 and 60.49 W m™. The difference in the pattern of the
simulated flux is higher towards lower permeability conditions. The Low K experiment has the
highest bias of 4 W m™ compared to the baseline scenario, while High K and Moderate K show
0.77 and -1.55 W m™. The magnitude of the bias is at its highest with SH. The values are -10.5, -
13.19, and 6.06 W m, respectively, for High, Moderate, and Low Ks, representing -20.04, -
22.91, and 10.53%. The lowest bias is recorded with GH. A positive bias is recorded for the net
radiation with High K and Moderate K, while the Low K experiment decreases the average net
radiation by -3.39 W m for the entire period. High K and Low K experiments increase LH by
1.13 and 5.62%. However, the LH is decreased by -2.18% with the Moderate K experiment.
Overall, the impact of the experiments on the diurnal cycle of the energy components is rather
mitigated. Though there is a trend in cRMSD in terms of the similarity in the temporal variability
of the experiments and the baseline simulation, Moderate K and Low K experiments have

opposite effects on the energy components.
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Table 4.9: Difference in the energy components between the experiments and the reference

simulation
Variable High K- REF Mod.K-REF Low K- REF
LH 16.09 26.05 34.19
SH 47.56 53.31 60.49
¢cRMSD
GH &.99 9.34 10.28
RN 20.02 21.79 23.92
LH 1.13 -2.18 5.62
SH -20.04 -22.91 10.53
PC %
GH 334.5 63.8 -58.38
RN 3.48 2.6 -1.99
LH 0.77 -1.55 4
SH -10.5 -13.19 6.06
Bias

GH -0.53 -0.17 0.16
RN 6.17 4.43 -3.39
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Figure 4.36 displays the scatter plots of the energy balance closure (EBC) for DJF, MAM,
JJA, and SON. The equation of the linear regression and the EBC of the reference simulation and
the lineament permeability experiments are displayed to evaluate the differences. During DJF,
the EBC ranges between 18.5 and 18.7%. From December to August, the Low K experiment
decreases the EBC by 0.2 to 12.5% compared to the reference, while an increase of 6.5% is
recorded during SON. In the same period, the Moderate K experiment slightly decreases the EBC.
Though a similar pattern is observed with the High K experiment during DJF and MAM, it
increases the energy balance by 5.6% during JJA. The highest difference of energy balance
closure is recorded during SON for Moderate K and High K experiments, with an increase of
36.9 and 25.4% respectively. The lowest R value of EBC is recorded during the energy-limited
(JJA and SON). Overall, these differences between the lineament permeability and the reference
simulation remarkably reveal that the stored or released energy term added to the energy balance
closure as a residual is partly influenced by these subsurface features. Moderate K and High K

experiments have a significant impact on EBC during SON, as the slope is decreased reaching

0.75.
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Figure 4.36: Potential change in the energy balance closure under the lineament permeability

experiments.
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4.4.3 Sensitivity of water fluxes

The variation of total evapotranspiration, transpiration, and infiltration in response to the
lineament permeability experiments is displayed in Figure 4.37 and Table 4.10. The low K
experiment increases the total evapotranspiration during the four investigated periods. Moderate
K and High K experiments decrease total evapotranspiration in the dry season (DJF and SON)
by 0.1 to 0.3 mm d"!. Remarkably, the highest difference of the diurnal cycle occurs around noon,
whatever the season. Similar patterns are observed for the transpiration. The soil infiltration is
decreased by 0.7 mm d-1 with Moderate K and High K experiments, while the Low K experiment
increases soil infiltration by 0.1 mm d™'. The effect of the Low K experiment on soil infiltration
is at its highest during the JJA period, when the mean soil infiltration reaches 0.6 mm d.
Likewise, in the case of the energy components, cRMSD indicates a trend in the magnitude of
the impact of the lineament permeability on water fluxes. Moderate K experiment decreases total
evapotranspiration by -2.18% (-0.05 mm d!) while High K and Low K increase the average ET,
respectively by 1.13% (0.026 mm d™') and 5.62% (0.137 mm d™!). The same pattern is recorded
with the transpiration (Table 4.11). As shown with cRMSD, the highest bias of soil infiltration
between the experiments and the baseline scenario is recorded with Low K (0.26 mm). Moderate
K has the most significant

negative impact on infiltration (-0.48 mm d).
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Figure 4.37: Diurnal cycle of the total evapotranspiration, transpiration, and soil infiltration under

the geological lineament permeability experiments.
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Table 4.10: Difference in the water fluxes between the experiments and the reference simulation

High K- Mod. K- Low K -
Variable
REF REF REF
Evap. Tot 0.55 0.89 1.176
¢cRMSD  Veg. Evap. 0.42 0.81 1.16
Infil 2.01 4.98 7.52
Evap. Tot 1.13 -2.18 5.62
PC % Veg. Evap. 4.32 -1.87 7.08
Infil 8.025 110.33 -59.82
Evap. Tot 0.026 -0.05 0.137
Bias Veg. Evap. 0.065 -0.03 0.11
Infil. -0.068 -0.48 0.26
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4.4.4 Sensitivity of water table depth

For the first time in the region, the contribution of lineament permeability to sustaining
the water table is assessed in this section. The impact of the lineament permeability experiment
on the average water table depth is presented in Figure 4.38. The difference between the simulated
scenarios is assessed with cRMSD, PC, and bias. Hence, the High K experiment is associated
with the highest cRMSD of 7.4 m of water table depth, followed by the Moderate K experiment
(7.12 m). In the basin, water table depth is decreased by -36.29% and -31.73% under High K and
Moderate K experiments. The corresponding biases are -7.12 m and -6.23 m. The lowest impact
is obtained with the Low K experiment, with a cRMSD of 0.04, a PC of -0.05% and a bias of -
0.01 m. The most significant impact is observed near the lineament network, especially in the

east around the Nalohou site.
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Figure 4.38: Sensitivity of water table depth to the lineament permeability experiments.
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4.4.5 Sensitivity of terrestrial water storage

The description of the difference in groundwater storage (GWS) and surface water storage
in response to the lineament permeability experiments compared to the reference scenario is
displayed in Figure 4.39. The values are shown in million m*. Remarkably, High K and Moderate
K experiments significantly increase the average GWS of the basin. The computed increase is
estimated at 355.8 and 326.8 million m? respectively for High K and Moderate K experiments.
In contrast, the Low K experiment decreases mean GWS by -26.95 million m®. The corresponding
PC values are 7.9, 7.27, and -0.59%. respectively for High, Moderate, and Low K scenarios
compared to the baseline. For GWS, the cRMSD values range between 9.13 and 129.33 million

m’.
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Figure 4.39: Potential change in the groundwater storage and surface water storage under the
lineament permeability experiments (High, Moderate, and Low K).

The contrary effect is observed with surface water storage for each of the experiments.
The low K experiment has a positive impact on the surface water storage (0.02 million m?) while
Moderate K and High K experiements decrease average SWS by respectively -0.0082 and -0.05
million m?. The values of cRMSD are 0.016, 0.12, and 0.15 million m®.
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Table 4.11: Difference in the groundwater storage and surface water storage between the

experiments and the reference simulation

Variape  THEMK— Mod K- LowK-
REF REF REF
cRMSD GWS 122.26 129.33 9.13
(Millionm®  SWS 0.016 0.12 0.15
PC GWS 7.9 7.27 -0.59
(%) SWS -0.25 -0.0005 0.00014
Bias GWS 355.8 326.84 -26.95
(Millionm® ~ SWS -0.05 -0.082 0.02
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4.5 Impact of Climate projections on groundwater recharge, levels, surface water storge

4.5.1 Climate impact on groundwater recharge

The potential change of mean annual groundwater storage (GWS) under the end of
century SSP1-2.6 and SSP5-8.5 scenarios is shown in Figure 4.40. The difference in GWS
between the warming levels and the historical scenario (1850-2014) is investigated with the
centered Root Mean Squared Deviation (CRMSD), percentage change (PC), bias (Table 4.13).
Multiple GCM/SSP combinations are preferred to ascertain the uncertainty in the predictions
(Mitchell et al., 2016). The GCM/SSP combinations are 10 out the total model run of 15. With
SSP1-2.6 projections for the end of the century, 3 out the 5 GCMs show a groundwater storage
increase ranging 0.45 to 30.39 million m®. However, 2 out the 5 GCMs (IPSL-CM6A-LR and
NorESM2-MM) indicate the opposite effect of temperature increase on the average GWS by -
3.19 and -4.42 million m®. The percentage change of the highest increase obtained with GFDL-
ESM4 is 0.68% while the lowest increase corresponds to 0.01%. The recorded decrease with
IPSL-CM6A-LR and NorESM2-MM represents -0.07 and -0.1% of the historical scenario. The
corresponding cRMSD values under climate projection SSP1-2.6 vary from 0.17 and 4.83 million
m™ respectively for MIROC6 and GFDL-ESM4.
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Figure 4.40: Groundwater storage projections under SSP1-2.6 and SSP5.8.5 scenarios for Donga

basin.
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There is a clear contradiction between the GFDL-ESM4 result and other GCMs as the
magnitude of change projected is significantly different. Except for GFDL-ESM4, all the GCMs
reveal a decrease of mean GWS under the SSP5-8.5 projection. The projected difference is -6.18,
-2.81,-0.79, and -0.30 million m?, respectively for NorESM2-MM, MIROC6, HadGEM3-GC31-
LL, and IPSL-CM6A-LR. The associated PC values are -0.14, -0.06, -0.02, and -0.01%. For this
4 out 5 GCMs, NorESM2-MM has the highest cRMSD of 2.57 million m? while the lowest value
of 0.17 million m? is recorded with IPSL-CM6A-LR. Overall, lower warming levels (SSP1-2.6)
reveal the increase of average GWS for 3 out 5 GCMs which confirms past findings by Cook et
al. (2022) on projected groundwater recharge for the region. However, the opposite effect
displayed with 2 out of the 5 GCMs (IPSL-CM6A-LR and NorESM2-MM) shows the disparities
in the projection and requires further investigation at the local scale. Across the GCMs under the
SSP5-8.5 scenario, the groundwater storage decrease is predominantly projected for the basin.
This reveals that though lower warming levels might be associated with groundwater recharge,

higher warming levels will result in groundwater depletion.
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Table 4.12: Description of the difference in GWS projections compared to the historical period

(1850-2014).

GFDL- HadGEM3- IPSL- NorESM2-
Projections ESM4 GC31-LL CM6A-LR MIROCS MM
cRMSD SSP1-2.6 4.83 0.40 1.43 0.17 1.76
(million m*)  SSP5-8.5 4.88 0.35 0.17 1.25 2.57
PC SSP1-2.6 0.68 0.02 -0.07 0.01 -0.10
(%) SSP5-8.5 0.68 -0.02 -0.01 -0.06 -0.14
Bias SSP1-2.6 30.98 0.70 -3.19 0.45 -4.42
(million m®)  SSP5-8.5 30.67 -0.79 -0.30 -2.81 -6.18
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4.5.2 Climate impact on surface water storage

The projected change in the mean annual surface water storage under SSP1-2.6 and SSP5-
8.5 warming levels at the end of the century is highlighted in Figure 4.41. The difference is
displayed in m?® for the GCM/SSP combinations. Table 4.14 shows the computed difference
between the projected SWS and the historical scenario (1850-2014) with cRMSD, PC, and bias
as metrics. Except for GFDL-ESM4, 4 out 5 GCMs show a decrease of average SWS by the end
of the century. The differences are -1876.35, -1333.37, -670.82, and -510.19 m? for respectively
NorESM2-MM, IPSL-CM6A-LR, MIROC6, and HadGEM3-GC31-LL. Under the warming
level SSP5-8.5, the 4 GCMs indicate higher decrease of average SWS. The corresponding values
are -2146.22, -1258.37, -2053.46, and -3356.64 m*>. GFDL-ESM4 shows the opposite effect
under the two warming levels. The highest magnitude of cRMSD is observed with GFDL-ESM4
for both SSP1-2.6 and SSP5-8.5. The percentage change of average SWS is relatively low for all
the GCM/SSP combinations.
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Figure 4.41: Surface water storage projections under SSP1-2.6 and SSP5.8.5 scenarios for Donga

basin

Table 4.13: Description of the difference in SWS projections compared to the historical period

(1850-2014).

GFDL- HadGEM3- IPSL- NorESM2-
Projections ESM4 GC31-LL CM6A-LR MIROCS MM
cRMSD SSP1-2.6 1802.61 126.52 639.83 869.98 541.41
(m%) SSP5-8.5 1932.34 640.02 227.39 900.67 842.73
PC SSP1-2.6 0.00 0.00 0.00 0.00 0.00
(%) SSP5-8.5 0.00 0.00 0.00 0.00 0.00
Bias SSP1-2.6 1754.10 -510.19 -1333.37 -670.82 -1876.35
(m3) SSP5-8.5 1269.40 -2146.22 -1258.37 -2053.46 -3356.64
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4.5.3 Climate impact on groundwater levels

GFDL-ESM2M / SSP1-2.6 GFDL-ESM2M / SSP5-8.5

IPSL-CM5A-LR / SSP1-2.6 ' " " IPSL-CM5A-LR / SSP5-8.5

VA A
j y T'J e
BN AR %

R,
7 E Y ‘ ‘b..

I nt? LAV A
Y7

MIROC-ESM-CHEM / SSP5-8.5

9.85 A

i
G
gﬁ‘»‘?
B

9.80 A

9.75

| ee— 2
-30 -20 -10 O -30 -20 -10 O
Groundwater levels [log(a.b.m.l)] Groundwater levels [log(a.b.m.l)]

Figure 4.42: Groundwater table projections under SSP1-2.6 and SSP5.8.5 scenarios for Donga
basin

229



4.6 Soil N2O and CH4 emissions in contrasting land use of the Sudanian savanna (West

Africa)
4.6.1 CH4 flux

This study assessed for the first time rainfed rice fields methane emissions in the Sudanian
savanna using the chamber-based approach. The fluxes oscillate from -33.08 to 13.72 pg C m™
h™!in 2023 and -33.8 t0 29.13 ug C m? h'! in 2024 with seasonal median of -13.86 ug C m? h'!
at Mole Park (Table 3.6). The forests site acts as a CHa sink as the averages of the seasonal fluxes
are -0.52 and -11.48 pg C m2 h'! for 2023 and 2024. The lowest value was recorded in July 2024
while the strongest flux occurred in September 2024. Throughout the season, the grassland
remains predominantly a CHs source with fluxes varying from -24.13 to 73.58 pg C m? h'! in
2023 and -16.15 to 64.25 pg C m2 h'! in 2024. The seasonal average and median are respectively
14.44 and 13.49 ug C m2 h! for 2023 and 10.13 and 8.04 pg C m™ h'! for 2024. At the cropland
site, the perturbed soil resulted in a CHy sink with an average of -1.78 and -2.05 for the two years
with seasonal medians of -4.79 and -3.45 ug C m? h'!. The maximum fluxes show a glimpse of
the warming potential of the four ecosystems. That is, the Rice fields CH4 release reaches 8 to
15-folds the forest reserve and cropland maximum fluxes while the grassland shows
approximately 2 to 6-folds. Further, the CH4 sink potential is demonstrated in the minimum fluxes
as for the two consecutive years, the forest reserve maintained the highest sink followed by the
cropland, the grassland, and the Rice fields (see Table 3.17). However, a CH4 sink of -40.18 pg
C m™ h'! was recorded in the Rice fields on the 28" August 2024 under moderate soil temperature
(34.35 °C) and soil moisture of 42.26 %WFPS. The highest seasonal mean of CH4 emission in
2023 and 2024 occurred in the rice fields (0.69+0.17 kg C ha™! season™! and 0.82+0.22 kg C ha!
season’! - Fig. 4.43).

The paired t-test indicates a significant difference (p < 0.05) in methane emissions
between the four land use conditions. Except for the forest reserve, there is no significant
difference among the years. Compared to other sites, the methane sink in the Forest reserve is
significantly higher with the highest value recorded in June 2024 (-25.41 pg C m? h''). The
second highest emission occurs in the grassland (0.53+0.35 kg C ha'! season™ and 0.37+0.13 kg
C ha'! season™) while the most significant methane sink is recorded in the Forest reserve (-
0.019+0.2 kg C ha! season™ and -0.42+0.13 kg C ha'! season™). The emission is low in the
cropland (-0.065+0.2 kg C ha'! season! and -0.074+0.14 kg C ha™! season™!) where the soil is
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disturbed by agricultural practices at the beginning of the growing season. During the rainfall
onset in June, the grassland behaves as a net CHy release (4.26+14.3 and 5.33+5.0) for the two
years while the forest reserve indicates the highest sink (-25.41+4.8 pg C m2 h'') in 2024. The
soil at the cropland site absorbs 7.18+6.2 ug C m? h!' and 0.5+7.0 pug C m? h™! CHy in the same
period (Table 3.7, Fig. 4.43). The rainfall onset delay at the rice fields in 2024 is revealed in the
measurement as the soil indicates a CHs sink of -6.19+15.3 pg C m™ h™! while the previous year

was a release of 4.96+£16.8 ugC m2h'!.

In July, except for the CH4 sink at the forest reserve (-19.93+£5.9) in 2024, the average
CHa release was 6.4411.18 pg C m? h!' and 3.31+0.9 ug C m™ h™! at the grassland, 0.77+8.7 pg
C m?h'and 0.70+£5.0 ug C m™ h! at the cropland, and 16.90+15.8 ug C m? h' and 1.89+11.3
pg C m™ h! at the rice fields (see Table S1). The methane sink observed in the previous month
continued in August in the forest reserve, with emissions of -3.24 and -16.98 ug C m™ h'! for the
two years. In contrast, the methane release is maintained in the grassland and cropland. Though
a similar pattern is observed at the rice fields in 2023 (40.89 ug C m? h!), lower rainfall recorded
in 2024 (380 mm, 31.19% WEFPS) during the sampling period is accompanied by methane sink
(-8.05 ug C m™ h'!), which is unlikely for the period and site. Toward the end of the growing
season, the forest reserve switched to methane release (12.91 and 7.84 ug C m? h'') in September.
Likewise, the cropland methane release in the previous month changed to sink (-7.34 and -0.64
ug C m? h'!). The magnitude of the CH4 flux rate at the grassland site increased significantly by
2 to 3 folds while it decreased at the rice fields. In October, the emissions at the forest reserve
changed back to CH4 sink (-3.48 and -12.75 ug C m? h''). The CHj release was maintained at the
grassland (32.53 and 12.77 pg C m™ h'') and rice fields (8.03 and 79.16 pg C m? h'') while the
cropland shows a methane sink (-0.57 and -6.4 pg C m? h'). Overall, the temporal pattern
indicates a rise in the emission in response to the rainfall at each site. The magnitude of emission
is lower at the beginning of the rainy season while the highest release is reached at the peak (July-
August). This is followed by a decrease of the emission towards rainfall cessation. There is a
remarkable difference between the cropland and rice fields' emissions. The soil disturbance (e.g.,
ploughing) reduces the ability of the bacteria to take up methane. A stable soil structure is required
for increased methane release; the cropland methane flux is mitigated with wetter and drier soil
conditions resulting respectively in emission and uptake. The methane flux in the rainfed rice
(Janga) is significant compared to other land use however compared to permanently flooded rice
fields (0.2 to 99 mg C m™ h'!'; IPCC, 1996), the values are quite lower (see Table 3.7). Hence,
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this lower methane emission in the rainfed rice is further confirmed in the earlier weeks of the
rainy season when the soil behaves as a sink (-6.19+15.3) in 2024 and slight release (4.96£16.8)
in 2023.
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Figure 4.43: Weekly boxplot time series of in situ CHs flux for 2023 (light blue) and 2024
(yellow). Each boxplot is made of fluxes from 5 sub-trial points (chambers). From top to bottom
are the forest reserve, grassland, cropland, and rice fields. The number of the sampling week is
n x-axis.
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4.6.2 N»O flux

In the forest reserve, the N>O fluxes range from -9.31 to 12.1 pg N m2 h™! in 2023 and -
10.56 t0 9.27 ng N m2 h'! in 2024 with seasonal medians of 6.32 and -1.37 ug N m h'!. Similar
range of minimum NO sink is recorded in the grassland (-13.21 and -9.65 ug N m h'!) however
the maximum release is stronger with N,O fluxes reaching 14.14 and 21 pg N m™ h'l. The
seasonal median flux was 3.3 in 2023 and 3.25 ug N m* h™! in 2024. Further, the cropland displays
the strongest N>O release in September 2023 (16.51 ug N m h'') and June 2024 (29.63 ug N m’
2 h'!) however, the highest observed N2O sinks were -12.18 and -15.84 ug N m2 h! in July and
September. Under moderate temperature and high soil moisture, the highest N>O flux occurred
in the rice fields (33.93 ug N m? h') while the highest sink was -11.09 ug N m? h™!' in September.
The seasonal medians of the two years are close to the observed fluxes in other land use (3.65

and 4.66 pg N m™ h'!) likewise the minimum N>O sink (-9.74 and -11.09 ug N m? h'!).

The paired t-test revealed that there is no significant difference in mean N>O flux for each
land use between the two years. Likewise, the N2O emissions in both the natural and degraded
land cover have no significant difference between the sites. Whatever the observation sites, the
investigated land use is a net source of N2>O for each year (Fig. 4.44). The lowest annual mean of
N2O release was recorded at the forest reserve in 2024 (0.011+0.11 kg N ha™! season™) however
the rice fields displayed the highest values (0.16+0.31 kg N ha™! seasonr!). There is a slight
change in the annual mean of N>O release at the cropland site (0.12+0.18 and 0.11+0.08 kg N ha
I season’!) while it increased by approximately 127 % in the grassland. During the rainfall onset
(June), a significant N>O release is observed for the two years at the cropland (9.52 and 10.48 pg
N m? h') and rice fields (9.76 and 10.15 pg N m™ h'!) sites (Table S1). A contrasting land cover
effect on N>O emissions is observed in 2024 as the forest reserve showed N>O sink (-1.38 pg N
m™ h!) while the grassland displayed a release of 4.42 ug N m? h'!. Further, the sites altogether
released N2O in July 2024 with the highest value recorded at the rice fields (8.47 ug N m2 h'').
In July 2023, except for the forest reserve, the other three sites behaved as a sink. The rainfall
peak in August at the natural forest reserve results in NoO sink for 2023 (-0.5 ug N m? h!) and
2024 (-0.5 ug N m2 h'!). The opposite occurred at the grassland site (4.36 and 3.57 ug N m?>h')
and even higher flux was observed at the rice fields (6.71 ug N m™ h!) in 2024. Though there is
no significant difference in mean NoO among the sites, the N>O release during the rainfall
cessation at the forest reserve and grassland is the highest (6.88 and 5.42 ug N m? h'') in 2023

(Table S1). The managed systems (cropland and rice fields) showed lower N2O release compared
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to the natural systems (Forest reserve and grassland) for the two years in the same period. Lower
nitrogen content in response to plant activities at the end of the growing season might explain the
lower emission. The evidence reveals that the land use degradation effects on the nitrous oxide

release is complex and less significant in magnitude compared to methane and carbon dioxide.
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Figure 4.44: Weekly boxplot time series of in situ N2O flux for 2023 (light blue) and 2024

(yellow). Each boxplot is made of fluxes from 5 sub-trial points (chambers). From top to bottom

are the forest reserve, grassland, cropland, and rice fields.
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4.6.3 Soil moisture

WEFPS values are not calculated for the forest reserve because the bulk density was not
measured. The highest annual mean soil moisture is observed at the rice fields (59.99 % WFPS)
while the lowest value occurred in the cropland (32.11 % WFPS, Fig. 4.45). In response to the
lower precipitation (380 mm) during the sampling period, the annual mean soil moisture dropped
by 32% (40.56 % WEFPS) in the rice fields while the grassland recorded a higher soil moisture
(49.0 % WEFPS). For the two years, the soil moisture peak occurred between August and
September at the cropland (41.81/43.67 % WFPS) and grassland (73.25/91.02 % WFPS) which
is associated with the higher rainfall period. The growing season started with relatively high soil
moisture at the grassland site (39.01/27.88 % WFPS) compared to the rice fields where lower
values are recorded (16.94/15.69 % WEFPS) and this might explain the relatively strong emission
observed in the grassland. Although the soil moisture annual mean at the cropland is 32.11 %
WEPS in 2023 and 28.33 % WFPS in 2024 which are lower compared to the other sites, the
emissions magnitude is even lower because of the soil disturbance by agricultural activities. In
fact, similar practices are undertaken at the rice fields, yet higher emissions are observed. The
rice fields is in a lowland area where overland flow is delayed after intense rainfall which causes
longer soil moisture period. This landscape characteristics is one of the reasons why soil moisture
induced emissions is higher at the rice fields even with 56.7% lower rainfall (approximately 380

mm during the 2024 campaign).
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Figure 4.45: Manually measured soil volumetric water content of the four sites for the two

years. The soil moisture data were not fully collected noticeably at the forest site.

238



4.6.4 Evaluation of environmental drivers of the fluxes

The Pearson correlation coefficient of the soil water content and temperature are -0.85, -
0.56,-0.59, and -0.38 respectively for the forest, grassland, cropland, and rice fields. The stepwise
multi-linear regression indicates an overall performance of 0.58 (p<<0.001) at the grassland site
(see Table 4.15). The soil temperature and water content explain the CH4 flux by respectively
37% and 13%. Similar CH4 flux dependence on soil moisture was demonstrated in South
Sudanian savanna by Briimmer et al., (2009). The two predictors have opposite effects on the
flux, that is a unit increase in the soil water content increases the CHa4 flux by 0.41 ug C m? h’!
while decreases by -0.46 pg C m? h'! for the soil temperature. The highest methane release
occurred around 60% WFPS when the soil temperature ranges between 30 to 40°C. Higher soil
temperature (>40°C) with relatively low soil water content leads to low CH4 uptake or sink.
Remarkably, high soil moisture (>60 %WFPS) with low temperature results in predominantly
moderate methane release which was confirmed in past studies (Giitlein et al., 2018; Briimmer et
al., 2009) at the grassland site. Moderate to low soil carbon content with positive soil moisture

effect are major factors controlling the annual average methane release for the two years.

Although the temporal variability displays both CH4 uptake and sink, the predictors
explain overall CHy4 flux by 40% (p<.005) and have similar effects as mentioned above at the
cropland site. That is, a unit increase of a predictor respectively increases CHs flux by 0.26 ng C
m h™! for soil water content and decreases by -0.35 pg C m™ h'! for the temperature. The methane
flux is explained by 0.21 (p<0.005) and 0.37 (p<0.001) respectively for soil water content and
temperature. The predictors influence is less significant compared to the grassland which further
confirms that emissions from perturbed soil disrupt the nitrification/denitrification process.
Despite the moderate to low soil carbon content, the site displays methane sink for the two years
(Table 3.7). Moderate temperature (30 to 40°C) leads to higher CH4 flux compared to lower soil

temperature whatever the range of the soil water content (Fig. 4.46).

At the rice fields site, the highest influence of soil water content occurred as the variability
is explained by 42% with a unit increase inducing a CHas flux of 0.96 ug C m? h''. The soil
temperature effect is negative with a decrease of -0.85 pg C m™ h! and explains 18% (p<0.005)
of the variability. The overall performance is moderate with a correlation coefficient of 0.5

(p<0.001).
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Moderate to low soil carbon content combined with the aforementioned factors resulted
in annual average CHa release of 19.10+4.7 and 22.5+5.9 (ug C m™ h™!) for the two years. Above
30% WEFPS, low soil temperature leads to low uptake or release. Predominantly, in moderate
temperature conditions, high soil water content leads to significantly high CH4 release while

lower soil moisture shows lower emission magnitude to sink.
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Figure 4.46: CH4 response to soil moisture change (% WFPS) and temperature classified into

three categories for 2023 and 2025. Linear regression is displayed in red if the relationship is

significant with corresponding r value.
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The performance of the stepwise multi-linear regression multi-linear is relatively low
(0.13-0.28) for N2O flux, whatever the land use. The soil water content and temperature have
opposite effects on N>O emissions. That is a unit increase of each predictor leads to -0.06 and -
0.04 pg N m™ h! decrease in N2O flux, respectively for the cropland and rice fields. The soil
temperature increases N>O flux respectively by 0.13 and 0.2 ug N m™ h'!. Despite the low soil
nitrogen content with less significant soil moisture and temperature effects on N2O, the
investigated sites altogether are N2O sources (Table 3.7) with no significant difference in mean
N2O flux. There is no significant linear relationship between soil water content and N>O
emissions except at the rice fields site where higher soil water content and moderate soil
temperature led to N>O sink for the two years. Similar conditions associated with lower soil water
content (<40% WEFPS) result in N2O release. Below 30°C, the N>O flux is mitigated as both
uptake and sink occur. However, the highest N2O flux occurs between 40 and 60% WFPS at the
rice fields site. Moderate soil temperature with low soil moisture (<30% WEFPS) leads

predominantly to N>O release at the cropland site.
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This study investigated soil greenhouse gas emissions in the Sudanian savanna over two
rainy seasons and updated the evidence about the drivers of the emissions in the region. The soil
at the grassland site is a net source of methane whereas the managed cropland site behaves as a
sink. Monthly variation of the emissions reveals that both uptake and release occur depending on
soil water content in response to rainfall events. In a typical cleared savanna, it was demonstrated
that the soil behaves as a net methane source (Zepp et al., 1996; Sanhueza et al., 1994; Poth et
al., 1995; Scharffe et al., 1990; Hao et al., 1988) which confirms the observed CH4 release at the
grassland site (14.44+9.6 and 10.13+3.5 pg C m? h!). Remarkably, the unperturbed soil of the
Sudanian savanna displays significant methane release while the cultivated cropland indicates a
net methane sink (-1.78+5.5 and -2.05+3.8 ug C m™ h'') as reported by Briimmer et al., (2009)
in south Sudanian savanna of Burkina Faso. Castaldi et al. (2004) confirmed this evidence in an
herbaceous savanna (7.2 pg C m™ h!) and cultivated pasture (-1.5 ug C m? h') of Orinoco
(Venezuela) unlike Sanhueza and Donoso (2006) which reported the opposite in a tropical
savanna respectively -12.6 and 16.2 ug C m? h''. The woodland savanna methane sink (-2.5 pg
C m? h'!) reported by Castaldi et al. (2004) corroborates our observation at the forest reserve (-
0.52+5.5 and -11.48+3.6 ng C m? h'!). An average methane sink rate of -40 to -12 pg C m™ h’!
was reported in managed and natural savanna systems (Tathy et al., 1992; Keller et al., 1993;
MacDonald et al., 1998) which confirms both the observation at the cropland and forest reserve.
Castaldi et al. (2006) ascertained the uncertainties related to the soil-atmosphere methane
exchange in the tropical savanna which confirmed the relatively wide range. Significant methane
release occurred at the rainfed rice fields (19.10+4.7 and 22.5+5.9 ug C m? h'') compared to the
other sites for the two years. However, the CH4 flux is significantly less than the reported values
(0.2 to 99 mg C m™ h'!) for flooded rice fields (IPCC, 1996; Nikolaisen et al., 2023; Lee et al.,
2023).

Almost two decades after Briimmer et al. (2008), this study investigated the N>O
emissions in the Sudanian savanna of West Africa focusing on four contrasted land use conditions
(Forest reserve, Grassland, Cropland, and Rice fields). The need to update this kind of
measurement has become crucial due to the increasing effect of climate change in the region. For
the four sites the annual mean of N2O emissions varies between 0.011+0.11 and 0.16+0.31 kg N
ha'! season’! which aligns with the range reported for a tropical savanna (0.06 to 1.46 kg N ha!
yr'") by Dalal and Allen (2008), for Australian savannas (0.06—1.08 kg N ha! yr'') by Werner et
al. (2014), and in near-natural and agricultural land of Burkina Faso (0.18 and 0.7 kg N ha™! yr'!)

244



by Briimmer et al. (2008). Notwithstanding, the ongoing debate on the controlling factors, it is
reported that either low rainfall or low nitrogen content or the combined effect narrows the N>O
release or sink (Andersson et al., 2003; Castaldi et al., 2006; Donoso et al., 1993; Livesley et al.,
2011; Sanhueza et al., 1990 in Werner et al. 2014). In high rainfall conditions, the suggestion that
low soil nitrogen content limits NoO emissions (Rosenkranz et al., 2006) corroborates our
findings. The nitrogen content at the grassland, cropland, and rice fields sites is low limiting the

emissions.

Except for the forest reserve, a strong signal of N>O emissions is observed during the
rainfall onset in June (see Table 2). It was reported that in tropical systems the first rainfall events
at the end of the dry season trigger N>O emission peaks because of accumulated ammonium NHa*
and nitrate (NOs") in the soil which was demonstrated by Calvo-Rodriguez et al. (2020), Castaldi
et al. (2006), and Scholes et al. (1997) in Briimmer et al. (2008). This response to a sudden
increase in soil moisture due to intense microbial activities after relatively long water-stress
conditions (Ludwig et al. 2001) is also reported in the savanna woodlands of Zimbabwe (Rees
and al. 2006). The soil nitrogen content at the grassland, cropland, and rice fields sites is relatively
low (Fig. S2). Therefore, the nitrification and denitrification in the soils are limited by poor
substrate availability which narrows the factors’ evaluation in this study to the soil moisture and

temperature.

The nitrogen isotopic ratio 8'°N of the soil profiles collected at the grassland, cropland,
and rice fields indicates that they receive enriched animal manure with losses resulting from
nitrification and denitrification processes leading to further enrichments of the soil 6*N (Fig. S2).
The values of the 6"°N ratio vary between 3.0 and 5.6 %o with an average of 4.1+0.5%o at the
cropland site, 1.9 and 5.2%o with an average of 3.8+0.4%o at the grassland site, and 2.0 and 6.0
%0 with an average of 3.9+0.4%o at the rice fields (Fig. S2). The investigations of Gerschlauer et
al., (2019) for the soil of the Mount Kilimanjaro range between 0 and 8%o0 which corroborate our
findings. Similar evidence is reported recently in a heterogeneous landscape of the Schwingbach
catchment (Gachibu Wangari et al., 2024). Though the profiles display similar nitrogen &'°N
ratios, the nitrogen content is relatively low for the three sites (Fig. S2). The average nitrogen
content values are respectively 0.044+0.01%, 0.04+0.01%, and 0.05+0.01% for the grassland,
cropland, and rice fields. This low level of nitrogen substrate availability is a major factor which

justifies the consequent limited N>O emissions.
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Table 4.14: Stepwise multiple linear regression between in situ fluxes (CH4 and N2O), soil water

content (% WFPS), and soil temperature (°C) for each land use.

Adj.
LCLU  Parameter Coef. Partialr? Partial p-Value 1?2 Adj.r?
Value
)
WFPS - - - - - - -
Forest
Tsoil - - - - - - -
WFPS 0.41 0.37 0.56 <.001
Grassland 0.58 0.54 <.001
Tsoil -046 013
CH4
WFPS 0.26 0.21 0.37 <.005
Cropland 0.4 0.34  <.005
Tsoil -0.35 0.37 <.001
. WFPS 0.96 0.42 0.48 <.001
Rice fields 0.5 0.47 <.001
Tsoil -0.85 0.18 <.005
WFPS - - - -
Forest - - -
Tsoil - - - -
WFPS 0.06 0.04 0.24 -
Grassland 0.28 0.21 <.005
Tsoil 0.00 0.00 -
N20
WFPS -0.06 0.015 0.08 -
Cropland 0.13  0.052
Tsoil 0 1 3 007 -
WEFPS -0.04 0.023 0.24 -
Rice fields 0.27 0.22 <.005
Tsoil 0.2 0.16 <.005
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Chapter Five
5.0 Conclusion and Recommendations

This study assessed the impact of subsurface parameterization, idealized afforestation,
subsurface geometry representation, end of century climate projections on water and energy
fluxes of the Earth System in West Africa. Furthermore, it explores the greenhouse gas emissions

in contrasting land use of the Sudanian savanna and their environmental drivers.

(1) It aimed to reduce uncertainties in simulating water and energy fluxes by employing three
subsurface parameterization schemes (FD, TOPMODEL, and MMF) in the data-scarce region of
West Africa using the WRF-Hydro model. The results demonstrate a high degree of agreement
between simulations and observations, with key water fluxes (e.g., evapotranspiration) well
reproduced. The MMF scheme showed clear advantages in capturing spatial heterogeneity,
particularly in topographic convergence areas, where it outperformed the other schemes.
Correlation coefficients for basin and domain-level evaluations using ESA CCI SM, GLEAM ET,
and GLDAS AGWS yield relatively strong agreement, confirming the reliability of the models.
The MMF scheme's improved representation of water fluxes indicate its potential for better
modeling in areas with complex topography. At the domain level, soil moisture validation showed
good performance with ESA CCI remote sensing products, with KGE values exceeding 0.8 for
all schemes. Similarly, ET comparisons at the basin level revealed that while ET was
underestimated in the savanna zone and overestimated in the Sahel zone, the annual seasonality
was accurately captured, with an average correlation coefficient of 0.61. Domain-level validation
using KGE, NSE, and RMSE metrics highlighted strong model performance in the evergreen
forest in the southwest and areas above 9.5° latitude (Savanna and Sahel), but performance
declined toward the southeast. Notably, the MMF scheme increased soil moisture and ET by
approximately 20%, particularly in topographic convergence areas, while differences between
TOPMODEL and FD were negligible. Although streamflow performance was average in this
study, the findings suggest that model calibration for specific catchments combined with the
MMEF scheme could enhance streamflow predictions. These results underscore the value of
improved groundwater parameterization in advancing land surface models, particularly in regions
with limited data, and contribute to the broader effort to reduce uncertainties in water and energy
flux simulations. It requires better hydro-meteorological monitoring networks for reliable early

warning systems implementation using WRF-Hydro in the region.
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(2) Likewise, the Great Green Wall (GGW) initiative for reducing drought and heatwaves in the
Sahel region, this study explored the potential impact of Idealized Afforestation on water cycle
and energy fluxes. The experiments setup is undertaken by virtually replacing degraded lands
such as shrubland, bare soil, and grassland (SBG) in MODIS-IGBP land cover by the Evergreen
Broadleaf Forest (EBF), Savanna (SAV), and Woody Savanna (WS) with the intent to mimic
GGW initiative. It turns out that soil water content can be decreased by 0.5, 0.6, and 0.1 mm for
EBF-VC, SAV-VC, and WS-VC in higher rainfall areas (Oueme). Meanwhile, except the negative
effect in Sissili for SAV-VC, the afforestation experiments increased mean evapotranspiration
whatever the climatic conditions. EBF-VC, SAV-VC and WS-VC increased mean LH by 4.9, 2.5,
2.8 W m in Faga. The streamflow is decreased respectively by 24%, 18%, and 21% in Donga
and 31%, 26%, and 28% in Oueme for EBF-VC, SAV-VC and WS-VC. The mean SH is increased
by 20.6, 6.1, and 4.9 W m respectively in Faga, Sissili, and Oueme basins.

(3) Accurately representing Earth system components is essential for better understanding water,
energy, and greenhouse gas dynamics. This study specifically addresses uncertainties in DTB
estimation to support the integration of groundwater into Land Surface Models (LSMs) across
Africa. The PF-CLM model setup, based on the estimated DTB in the Nazinga Forest Reserve,
demonstrates strong performance, reinforcing the validity of the methods presented. The model
reliably captures water and energy fluxes, providing a solid foundation for exploring a wide range
of hydrological processes. Notably, this setup implemented at a high spatial resolution is the first
of its kind in the area and validates findings from earlier studies conducted at coarser scales. The
DTB dataset generated here serves as a current and valuable resource for enhancing simulations
of subsurface—land—atmosphere interactions. Furthermore, the study contributes fourteen new
DTB mapping approaches, expanding the methodological toolkit available for such work. To
further minimize uncertainties at the watershed bottom boundary, basin-scale DTB mapping—
combining DTB occurrence likelithood with field-based measurements—is strongly
recommended. However, in sedimentary and desert regions, caution is advised when using these
computed maps due to geological conditions that differ significantly from those in hard rock
environments. Ultimately, the ground-truth-based DTB maps produced in this study offer a
reliable reference for future mapping efforts and represent a valuable input for groundwater-to-

atmosphere modeling efforts across the African continent.

(4) The lineament permeability influence on water and energy fluxes is assessed by comparing

High K, Moderate K and Low K experiments to a reference scenario without lineament
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representation in Donga basin. The diurnal cycle of the energy components is most affected
around noon. Moderate K and High K experiments increased significantly the energy balance
closure (EBC) by 36.9 and 25.4% from September to November (SON). With Moderate K and
Low K experiments, SH is increased by 1.1 and 1.5 W m™ during the rainfall onset. The two

experiments also increase the groundwater storage of the basin by 355.8 and 326.8 million m>.

(5) The subsurface dynamics’ response to different warming scenarios is evaluated with the
projections from five Global Circulation Models (GCMs) namely GFDL-ESM4, HadGEM3-
GC31-LL, IPSL-CM6A-LR, MIROC6, and NorESM2-MM under two different Shared
Socioeconomic Pathways (SSP1-2.6, SSP5-8.5). In the basin, 3 out the 5 GCMs indicate an
increase of groundwater storage (GWS) by 0.45 to 30.39 million m® under SSP1-2.6. The
magnitude of the change expressed in centered Root Mean Squared Deviation (CRMSD) varies
between 0.35 and 4.88 million m*. Under the SSP5-8.5 projection, all the GCMs show a decrease
of mean GWS except GFDL-ESM4. Overall, lower warming levels (SSP1-2.6) results in
groundwater recharge increase however higher warming levels lead to subsurface water storage
depletion especially in the critical zone. By the end of the century, surface water storage (SWS)
decreases by -1876.35, -1333.37, -670.82, and -510.19 m? is projected for the basin respectively
with NorESM2-MM, IPSL-CM6A-LR, MIROC6, and HadGEM3-GC31-LL.

(6) Investigating the differences in land-atmosphere GHG exchanges under contrasting land use
is a major issue in data-scarce areas. This study focused on the greenhouse gas emissions of
dominant land use types in the Sudanian savanna during the rainy season of two consecutive
years (2023 and 2024). It is an update of the N>O and CH4 fluxes assessment in the sub-region
after Briimmer et a/. (2008) in both natural and managed ecosystems. Furthermore, the managed
systems are still extensively used, thus differences to natural systems like forests are less
pronounced as compared to more intensively used systems as shown recently by Wangari et al.

(2024) and Guug et al. (2025). Key conclusions are:

(a) Methane release was significantly different between the four land use sites with the
highest rate recorded in the rainfed rice fields (0.69+0.17 kg C ha™! season™ and 0.82+0.22 kg C
ha'! season™!). A unit increase in soil water content increased CH4 flux by 0.96 ng C m2 h'! at the

rice fields whereas a temperature increase decreased it by of -0.85 ug C m2 h!.

(b) The forest reserve behaved as a methane sink (-0.019+0.2 kg C ha™! season™ and -

0.42+0.13 kg C ha! season!) while the grassland was a net source (0.53+0.35 kg C ha! season’!
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and 0.3720.13 kg C ha! season™). Significant methane release occurred in response to changes of

soil water content at the four sites during rainfall onset.

(c) Around 60% WFPS and moderate soil temperature (30 to 40°C), the highest methane
release occurred at the grassland site. Notwithstanding, the monthly variability of methane flux

is made of uptake and source, depending on soil moisture and temperature.

(d) Cultivated soil of the Sudanian savanna limits CH4 flux for a net sink (-0.065+0.2 and
-0.074+0.14 kg C ha™! season™!) unlike the grassland unperturbed soil. Likewise, the methane flux

variability is most explained by soil water content (0.21 to 0.42).

(e) Soil water content and temperature have opposite effects on methane flux with the
highest impact recorded at the rice fields. (6) Low soil nitrogen content is a major limitation to

N>2O flux. Therefore, soil water content and soil temperature have marginal effects on N>O flux.

(f) No significant difference in N>O emissions was observed between the different land

use types and both years.

Future studies should focus on the evaluation of the sensitivity of the atmospheric
boundary layer (ABL) in a fully coupled model over West Africa. The sensitivity of the wetland

emissions under water table dynamics should also be assessed.
5.1 Limitations of the study

The validation of the model simulations was limited by spatial disparities in field
measurement. Further model spin up is required to improve the results. Data scarcity in West
Africa is a general issue that this study suffered from and it finally defined the very structure of

the work.

The subsurface representation schemes used in objective 1 despite the improvement
compared to the default free drainage scheme need further improvement because of its inability
to accurately capture the water table seasonality at local scale. The model calibration strategy
using regionalized parameter (e.g., REFKDT) is innovative and should be applied for other
hydrological parameters like SLOPE. The idealized afforestation experiments assume a uniform
restoration of the degraded lands. However, for ecosystems conservation and habitat preservation,

the choice of suitable plant species is vital which is not currently achievable with WRF-Hydro
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model. The evaluation of the groundwater-Atmosphere interactions using Parflow-CLM should
be achieved for the entire region for reliable findings for instance on the contribution of the
subsurface permeability to the energy balance closure. Further the climate projections impact on
subsurface dynamics should be achieve at regional level. The chamber-based measurement of
greenhouse gas fluxes employed this thesis is rare in the region and should be used for the
validation of the existing satellite products and modelling outputs. Land cover degradation by
anthropogenic activities is demonstrated to increase the methane emissions but has marginal
effect on nitrous oxide in the Sudanian climate. Nevertheless, the remain factors such the soil

carbon content should be investigated to ascertain the main drivers of the nitrous oxide fluxes.

5.2 Contribution to knowledge
Some of the key contributions to knowledge from this study are:

- Uncertainties in simulating water and energy fluxes are reduced by evaluating three
subsurface parameterization schemes (FD, TOPMODEL, and MMF) in this data-
scarce region.

- Likewise, the Great Green Wall (GGW) initiative for reducing drought and heatwaves
in the Sahel region, this study explored the potential impact of Idealized Afforestation
on the water cycle (e.g., water table) and energy fluxes.

- This study specifically addresses uncertainties in Depth-to-bedrock (DTB) estimation
to support the integration of groundwater into Land Surface Models (LSMs) across
Africa.

- The subsurface permeability (High K, Moderate K, and Low K experiments) most
affects the diurnal cycle of the energy components around noon and increases the
energy balance closure (EBC) in the Donga basin.

- The climate projections of five Global Circulation Models (GFDL-ESM4,
HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, and NorESM2-MM) under two
different Shared Socioeconomic Pathways (SSP1-2.6, SSP5-8.5) are used to assess
the subsurface dynamics’ sensitivity to extreme warming scenarios.

- This study focused on the greenhouse gas emissions (e.g., CHs, N2O) of dominant
land use types in the Sudanian savanna during the rainy season of two consecutive

years (2023 and 2024).
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- Update of the N>O and CH4 fluxes assessment in the Sudanian sub-region after
Briimmer et al. (2008) in both natural and managed ecosystems using chamber-based

approach.
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