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Abstract

Anthropogenic impact on terrestrial ecosystems continues to grow as we further enhance
atmospheric Carbon Dioxide (CO) concentrations. The changing climatic conditions and
direct influence of CO2 on vegetation has a big impact on ecosystem functions. Such impacts
include CO:; fertilisation, found to be an important driver of the global greening trend. By
increasing leaf photosynthesis and enhancing water use efficiency, CO> fertilisation stimulates
gross primary productivity and increases carbon storage. Isolating this phenomenon from other
drivers of plant growth is however difficult. In this thesis | show that CO: fertilisation has had
a positive influence on semi-arid and arid region in East and West Africa over the period 1982
- 2015. From Earth observations, it was found that the slopes of the relationship between
precipitation and maximum fractional foliage, assumed to be a proxy for CO> fertilisation,
indicated greater production under the same precipitation levels at the end of the study period.
It is discussed that this trend will continue in the future unless the response to CO: fertilisation
reduces, or long-term negative influences on nutrient mineralization occurs. East and West
Africa are predicted to become more prone to extensive droughts and higher temperatures
under these enhanced CO: concentrations, and thus, improving our understanding of the
implications of these conditions is becoming ever more important.
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1. Introduction

With atmospheric Carbon Dioxide (CO2) concentrations continuously rising, the impact on the
terrestrial ecosystems continues to grow (Bendall et.al., 2022). Both the changing climatic
conditions as well as the direct effect of CO2 on vegetation is affecting ecosystem functions
(Dieleman et.al., 2012). Plant growth and photosynthesis increase under enhanced CO; (eCO3)
concentration, promoting net primary production and soil carbon (C) storage, but may also
increase soil CO, emissions back to the atmosphere (Liu et.al., 2018). Understanding the
consequences of these new conditions is becoming ever more important to understand the
implications of climate change and predicting future changes.

A global greening trend has been identified in over 50 % of the terrestrial surfaces; a
trend which can to a large extent be explained by CO: fertilisation (Zhu et.al., 2016). This has
been found to be apparent within semi-arid regions where precipitation is the dominating
limiting factor to plant growth (Fensholt et.al., 2012). However, a study by Boone et.al. (2018),
used within the 6" assessment report of the Intergovernmental Panel on Climate Change
(IPCC), found a negative plant response to eCO; in semi-arid regions of West Africa. They
used an ecosystem model, the G-Range model, and simulated the projected effect of eCO>
under the most aggressive Representative Concentration Pathway (RCP8.5) formulated by the
IPCC (Schwalm, Glendon & Duffy, 2020). The modelled eCO; effect resulted in a negative
trend in above and below ground biomass, herbaceous and annual net primary productivity,
and herbaceous cover within West Africa. East Africa on the other hand was shown to be less
sensitive to eCO; in comparison (IPCC, 2022).

COgz is an essential input for photosynthesis (Wong, 2020). As a plant becomes exposed
to higher concentrations of CO. leaf photosynthesis is stimulated, reducing their stomata
opening and increasing water-use efficiency (WUE). These effects lead to stimulated gross
primary productivity, increased C storage and overall greater photosynthesis efficiency. This
is called CO. fertilisation (Holden et.al., 2013; Gifford, 2004). It has however also found that
under consistently higher CO2 concentrations plants may experience decreased stomatal
conductance, decreased water use and decreased specific leaf area (Gifford, 2004).

CO; fertilisation is a phenomenon that is difficult to observe (Heffernan, 2013) and
isolate from the effect of other essential drivers of greening such as light, water and nutrient
availability (Donohue et.al., 2013). By focusing on warm, arid environments, where water is
the dominant factor constraining primary production, and where foliage cover, water use and
photosynthesis are strongly coupled, this complexity can be reduced, highlighting the influence
of COz on plant productivity (Donohue et.al., 2013). Under these conditions a curvilinear
dependence of foliage on precipitation can be found, with a clear upper edge for maximum
foliage highlighting a limit to foliage in a water-limited environment. Changes in this
maximum foliage, under stable precipitation conditions, is assumed to be attributed to changes



in CO: concentrations, allowing for the analysis of the effect of CO> fertilisation (Donohue
et.al., 2013).

1.1. Aim

The aim of this thesis is to investigate if the modelled difference in CO; fertilisation, seen in
the model simulations using RCP8.5 for East and West Africa, can already be confirmed today
using satellite-based Earth observations. The relationship between foliage cover from remotely
sensed data and precipitation will be quantified. The analysis will also be validated with
independent in-situ observations of biomass.

In accordance with the results of the G-Range model, used in the IPCC report, it is
hypothesized that Earth observations will show a reduction between 1982-2015 in the response
of maximum foliage cover to precipitation (assumed to be a proxy for the CO, fertilisation
effect) (Donohue et.al., 2013) in West Africa, whereas East Africa will show little or no such
response (Boone et.al., 2018; IPCC, 2022). Hence, with this thesis | aim at answering the
following research questions:

1. How has foliage cover changed between 1982-2015 in semi-arid regions of East and

West Africa?

2. Does CO: fertilisation influence trends in foliage cover differently in East and West

Africa?



2. Background

2.1. Satellite Remote Sensing of Vegetation

Obtaining information about an object or area using electromagnetic radiation from a distance
is known as remote sensing, allowing for the collection of data on multiple environmental
processes, the Earth’s surface, subsurface and atmosphere (Jong et.al., 2004; Yang et.al., 2013).
This process is initiated by the electromagnetic radiation from the sun or from the satellite
itself, and from the spectral reflectance, a function of the reflected solar radiation to the
wavelength (Karthikeyan et. al., 2020; Jong et.al., 2004). The incident radiation is absorbed,
transmitted, or reflected while interacting with the Earth’s surface. The reflected radiation
contains information about the terrestrial processes taking place. Different processes will
reflect radiation at varying wavelengths (Karthikeyan et.al., 2020; Assmann et.al., 2018).

The reflected or emitted radiation is measured using sensors on the satellite (Chuvieco,
2016). These sensors can measure various wavelengths on the electromagnetic spectrum, of
which the most common for vegetation are within the visible spectrum (VIS) (0.4-0.7 um) and
the infrared spectrum consisting of near infrared (NIR) (0.7-1.3 um), mid-infrared (MIR) (1.3-
3.0 um) and thermal infrared (TIR) (3.0-14 um) (Karthikeyan et. al., 2020). In the case of VIS
to MIR the solar radiation reflected by the Earth’s surface is measured, whereas for TIR, it is
the emitted radiation that is measured. This radiation is however still caused by absorption of
the solar irradiance (Jong et.al., 2004).

The spectral properties of vegetation reflect a combination of physical and biochemical
canopy attributes, including ‘the role of leaf biochemical, plant physiologic, and canopy
structural and morphologic properties’ (Chuvieco, 2016). These are dependent on light, water,
and nutrient availability. Additionally, structural properties such as leaf area index (LAI),
fractional vegetation cover, plant height and leaf water need to be considered. Any changes in
these aspects will lead to variations in the vegetations’ spectral reflectance (Chuvieco, 2016).

The absorbing effect of leaf pigments, in the blue region, and chlorophyll a, chlorophy!ll
b, carotenoids and xanthophylls, in the red region, leads to low reflectance within the VIS
region (Chuvieco, 2016). The chlorophyll absorbs red wavelength and the mesophyll leaf
structure scatters NIR (Pettorelli et.al., 2005). Between the red and VIS regions lies the lesser
absorbed green reflectance peaks, giving the green appearance of healthy vegetation. Beyond
this lies the ‘red edge’, where the leaf pigment and cellulose allow NIR wavelengths to pass
through (Chuvieco, 2016). The edge is shifted depending on the plants’ nutrient and mineral
stress. Once reaching the NIR reflectance plateau (0.70 — 1.1 um), the reflectance of plants
becomes high (Chuvieco, 2016). Overall, the NIR region is sensitive to leaf structural changes
(Imran et.al. 2020). Reflectance decreases sharply beyond this plateau towards the short-wave
infrared region, a spectral region strongly absorbed by leaf water (Neinavaz et.al., 2021;
Chuvieco, 2016).



Before reaching the earth’s surface, or the satellite, the radiation will be influenced by
the atmosphere. Particles in the atmosphere such as water vapour and aerosols can lead to the
scattering or absorption of this radiation, especially within the visible spectrum (Tao et.al.,
2012). The way this influences the radiation is dependent on its wavelength, the condition of
the atmosphere or the solar zenith angle, ‘the angle that the sun makes with a line perpendicular
to the surface’ (Cronin, 2014). During scattering the radiation interacts with these particles,
forming diffused radiation and redistributing them within the atmosphere (Horvath, 1993). This
is assumed to occur after the attenuation of atmospheric absorption (Tao et.al., 2012). With
atmospheric absorption the radiation is converted to the internal energy of the absorbing
molecule, after which it is transferred as heat (Horvath, 1993). The effects of scattering and
absorption can reduce the accuracy of the images produced (Fraser & Kuafman, 1985).

2.1.1. NDVI

Vegetation indices can be produced through a combination of bands from multi-spectral
remotely sensed images (Huang et.al., 2021). Of these indices, the Normalized Difference
Vegetation Index (NDVI) is the most commonly used (Karthikeyan et. al., 2020). NDVI
measures the level of greenness of the plant. The photosynthetic pigment in leaves absorb
photosynthetically active radiation (Red radiation) (Piao et.al., 2020), and the NIR is scattered
by foliage (Beck et.al., 2006). By capturing the contrast between the red and NIR wavelengths
in the vegetation the activity and abundance of leaf chlorophyll pigments can be measured
(Xiao & Moody, 2005). In doing so it becomes sensitive to the density, condition, and presence
of vegetation (Herrmann, Anyamba & Tucker, 2005). NDVI is calculated using the following
equation (de Jong et.al., 2012; Huang et.al., 2021):

NDVI = Enir—Rrep) Equation 1

(Rnir+RRED)

Here the reflectance of red (Rred) decreases as the chlorophyll absorption increases and
reflectance of NIR (Rnir) increases with increasing green plant biomass. NDVI ranges between
-1 and 1, where the former often represents values from clouds, water or snow and the latter
dense vegetation and values close to zero represent bare ground (Huang et.al., 2021).

It has been confirmed that NDVI is closely related to several vegetation variables, such
as LA, absorption of photosynthetically active radiation, biomass, chlorophyll concentration,
plant productivity, fractional vegetation cover and plant stress (e.g., Olsson, Eklundh & Ardo
2005; Tagesson et.al., 2015; Huang et.al., 2021). These associations allow it to effectively
differentiate between different ecosystems and biozones at multiple scales (Pettorelli et.al.,
2005). NDVI is well suited in semi-arid areas with sparse vegetation as it becomes saturated at
high LALI levels. Furthermore, semi-arid regions are less prone to cloud issues, as would be the
case for forested tropical regions, making the results more reliable (Olsson et.al., 2005).



2.2. Arid and Semi-Arid Ecosystems

Arid and semi-arid ecosystems cover over a third of global land area (Nielsen & Ball, 2015)
and provide important ecosystem services such as food, grazing and energy (Fensholt et.al.,
2012). Here plant growth is mostly limited by water availability (Hickler et.al., 2005; Helldén
& Tottrup, 2008), and evapotranspiration generally exceeds precipitation. However, factors
such as incoming shortwave radiation, temperature and nutrients can also influence growth
(Fensholt et.al., 2012).

2.2.1. Greening Trend

There has been a noticeable greening trend (Fensholt et.al., 2012; Helldén & Tottrup, 2008; de
Jong et.al., 2012), including in semi-arid areas such as the Sahel (Hickler et.al., 2005; Olsson
et.al., 2005; Herrmann et.al., 2005; Anyamba & Tucker, 2005). This is represented by a global
increase in NDVI of 0.015 NDVI units between 1981 and 2007 (Fensholt et.al., 2012) and an
increase of up to 59 % from the 1980s (Piao et.al., 2020). This increased greenness can for
example be represented by an increase in average leaf size, plant density or leaf number per
plant. Vegetation models suggest that this trend, at a global scale, is driven by CO- fertilisation
(Piao et.la., 2020; Fensholt et.al., 2005).

Within semi-arid regions a high correlation has been found between NDVI and rainfall
(Herrmann et.al., 2005; Fayech & Tarhouni, 2021). An increase of up to 50 % in average NDVI
in parts of West and East Africa was found when comparing 2002-2007 to 1982-1987
(Herrmann et.al., 2005), as both NDV1 and rainfall increased, especially during the wet season
and after the great Sahelian drought (Fensholt et.al., 2012; Herrmann et.al., 2005; Anyamba &
Tucker, 2005; Helldén & Tottrup, 2008; Piao et.al., 2020; Zhu et.al., 2016). The conditions
during the wet season increased maximum NDVI, whereas the length of the growing season
remained constant. More specifically, the increased greenness was related to soil moisture
which is a function of rainfall over time (Ahmed et.al., 2017; Hermann et.al., 2005). However,
Olsson et.al. (2005) found that only half of the rainfall stations that showed an increase in
NDVI also showed rising precipitation. Furthermore, only 8 out of 40 of their rainfall
observations showed a statistically significant increase in precipitation between 1982-1990 and
1991-1999, leading them to conclude that only part of the increase in vegetation can be
explained by rising precipitation. This was further confirmed by Herrmann et.al. (2005), who
interpreted the increase in rainfall as a return to normal conditions after the drought period from
the late 1960s to early 1980s.

When the changes in NDVI, within semi-arid regions, have been normalised for
rainfall, trends are not completely removed (Hermann et.al., 2005). In other words, the greening
trend can also be attributed to other climatic factors such as rising CO2 concentrations,
increased temperatures and enhanced growing season length, and not solely by rainfall trends



(Helldén & Tottrup, 2008). Human-induced changes in vegetation have additionally been
found through rural-to-urban migration (increasing agricultural abandonment) and fuel-wood
collection causing a browning trend and increased investment in land management, land use
change from agricultural intensification or extensification, introduction of large-scale irrigated
agriculture and afforestation causing a greening trend (Hickler et.al., 2005; Olsson et.al., 2005;
Piao et.al., 2020). Despite this there has been little effort made within studies to separate
human-induced changes from the climatic ones (Herrmann et.al., 2005).

In East Africa it was found that more than 60 % of the land experienced a greening
trend before the 1990s, but this trend has stalled, or reversed to a browning trend, for over 50
% of the land area, between 1982 and 2013 (Wei et.al., 2018). The area was found to have a
stronger correlation with soil moisture than with precipitation, likely due to the lag effects of
precipitation on vegetation growth (Wei et.al., 2018). A possible explanation would be the turn
to a more growth-hostile climate at the start of the 21 century. There was a shift from a cooling
and wetting trend towards a warming and drying one, decreasing plant water availability for
growth and increasing water deficits (Wei et.al., 2018).

2.2.2. Climate in West and East Africa

Many regions in Africa are experiencing more extreme changes in the climate in comparison
to the global average (Ranasinghe et.al., 2021). With the exception of northern and southwest
Africa, the entire continent is expected to experience rising mean temperatures and an increase
in frequency and intensity of heavy precipitation. This is evident in West Africa, where
temperatures have risen by 1-3 °C since the mid-1970s and are projected to rise by 2 °C and 5
°C by the end of the century under mid and high emission scenarios respectively (e.g., Nikiema
et.al., 2017; Ranasinghe et.al., 2021). Furthermore, the combination of anthropogenic aerosol
and greenhouse gas emissions, that had caused a decline in rainfall between the 1950s and
1980s, shifted in the 1990s to intense, but infrequent precipitation events (e.g., Giannini &
Kaplan, 2019; Booth et.al., 2012; Kennedy et.al., 2017). Under mid and high emission
scenarios this trend is expected to continue, along with an overall more drought prone, arid
climate (e.g., Sylla et.al., 2016; Dosio et.al., 2021).

In East Africa the temperatures have risen by 0.7 - 1.0°C since the mid-1970s, and
temperatures will increase further under both mid and high emission scenarios (Ayugi & Tan,
2019; Camberlin, 2018). Precipitation has showed varying trends, with the equatorial regions
experiencing a wetting trend within the short rains (October - December) (Manatsa & Behera,
2013; Nicholson, 2017), but a drying trend and shortening of the longer wet season (March —
May) (Rowell et.al. 2015; Wainwright et.al., 2019). Thus, different trends are found at different
seasons of the year. Since 2000 a strong relationship can be found with droughts occurring
during La Nifia events, and wetter periods with a strong Madden-Julian Oscillation (Park et.al.,
2020; Funk et.al., 2018). Itis projected that the short rainy season will be elongated, with higher
rainfall and with an increase in heavy rainfall events (Gudoshava et.al., 2020). Despite this,



drought frequency, duration and intensity are expected to increase in the northern regions (e.g.,
Liu et.al., 2018; Nguvava et.al., 2019).

2.3. Carbon Dioxide

2.3.1. Rising CO2 Concentrations
Humans have contributed to climate change through the release of CO; into the atmosphere
(Ekwurzel et.al., 2017). Data from NOAA (2022) shows how atmospheric CO2 concentrations
have grown from 336 umol mol? CO; in 1979 to 416 umol mol™* CO; in 2022. With ever
growing emissions ecosystems and their vegetation continue to be affected by the changing
conditions. These include the direct influence of rising atmospheric CO> concentrations, as
well as the influence of rising temperatures and varying precipitation levels (IPCC, 2022).

2.3.2. CO; Fertilisation

Changes in long-term vegetation greenness is driven by land-use changes and biogeochemical
effects, including regional climate change, nitrogen deposition and the fertilisation effect of
eCO> concentrations (Zhu et.al., 2016; Smith et.al., 2020). One of the primary substrates of
photosynthesis is CO., thus, increasing its availability is expected to lead to a fertilisation effect
with enhanced photosynthesis (Donohue et.al., 2013). Through the process of photosynthesis,
atmospheric CO2, water and sunlight are used to synthesize carbohydrates (Boretti &
Florentine, 2019). Light is absorbed by the pigment-protein antenna complexes and efficiently
converted into redox chemical energy (Stirbet et.al., 2020), driving the primary photosynthetic
energy conversion process (Krause & Weis, 1991). Water is oxidized and the CO: is
assimilated in the stroma within the Calvin-Benson cycle, where the CO: is reduced to energy-
rich carbohydrates (Shevela & Bjorn, 2018).

The physiological processes of transpiration and photosynthesis can be directly affected
by eCO> concentrations (Wiltshire et.al., 2013). The magnitude of this physiological forcing is
dependent on the plants’ stomatal control over evapotranspiration. This response is species
dependent, with two main pathways in which the plant fixes CO2 during photosynthesis,
namely, C3 and C4, depending on the environmental conditions in which the plant survives.
While C3 plants prefer cooler conditions, between 18-24 °C, C4 plants prefer warmer
temperatures, between 32- 55 °C (Boretti & Florentine, 2019). Additionally, C3 and C4 species
prefer either wet or dry environments respectively (Boretti & Florentine, 2019). Sonmez et.al.,
(2022) found that under current CO2 concentrations C4 plants have been found to be more
efficient than C3 plants, but their response to eCO. concentrations is still uncertain. Ghannoum
et.al., (2000) found that the growth stimulation of C4 plants in response to a doubling in CO>
concentration was lower than that of C3 plants, with changes of 22 - 33 % and 40 - 44 %
respectively.



It was found that evapotranspiration was reduced within environments with eCO>
concentrations, and in turn possibly increasing the plants’ WUE (Wiltshire et.al., 2013; Zhang
et.al., 2022). WUE can be defined as ‘C uptake per unit water loss through transpiration’ (Smith
et.al., 2020). The degree of stomatal opening, and thus conductance, is reduced under elevated
CO:2 concentrations, therefore limiting the potential water loss through evapotranspiration.
Simultaneously the uptake of CO2 remains approximately the same as the higher concentrations
create a larger gradient difference in CO2 concentrations between the leaf and the surroundings,
allowing more CO; to be diffused with a smaller stomatal opening (Ghannoum et.al., 2000).
This stimulates leaf CO, assimilation and growth rates by increasing leaf temperature,
conserving soil water, and improving shoot water relations (Ghannoum et.al., 2000). Zhang
et.al., (2020) however found that the reduction in canopy stomatal conductance, induced by
rising CO2, could have greatly offset the greening-induced increase in evapotranspiration and
canopy transpiration over Eurasia since the 1980s. Additionally, CO fertilisation was found to
have a positive influence on light use efficiency, defined as ‘the amount of vegetation
production per unit radiation absorbed’ (Smith et.al., 2020). This can be approximated by
measuring changes in gross primary production and fractional absorbed photosynthetic active
radiation (Smith et.al., 2020).

2.3.2.1. G-Range Model Predictions

Table 1 Selected results from Boone et.al., (2018) on the influence of CO; fertilisation on vegetation
in rangelands.

Above ground live Herbaceous net primary Bare ground (~
biomass (~ % change) productivity (~ % change) % change)
West Africa - 50 - 40 -5
East Africa 7.5 -5 7.5

An increased greenness within the Sahel can in part be attributed to CO;, fertilisation (Helldén
& Tottrup, 2008). The results of Boone et.al., (2018) (Table 1) within the 2022 IPCC report
however predicts a different trend by 2050. Here plant responses to eCO; fertilisation in
rangelands were modelled using the G-Range model, showing a sharp decrease, approximately
50 %, in above ground biomass and annual net primary productivity (NPP) in West Africa by
2050 under RCP8.5. East Africa on the other hand showed only slight changes, approximately
7.5 %, with a predicted increase in above ground biomass, and decrease in annual net primary
productivity.

The G-Range model was applied at a 0.5 ° x 0.5 ° resolution with spatial data describing
deciduous and evergreen trees, shrubs, herbaceous plants and soil properties and cover (Boone
et.al., 2018). In the model the plants compete for space, light, water, and nutrients.
Additionally, it contains parameters to describe nutrient cycling, fire, fertilization and plant
establishment, growth, and death. Parameters to describe 15 biomes were incorporated,



including those for savanna, grassland, or steppe, and open and dense shrubland. Finally, a
two-thousand-year long spin-up simulation was run using dynamic monthly precipitation and
temperature data from 1901 — 2006.

In modelling the future for 2050, the plants’ productivity response with and without
eCO, fertilisation was analysed. Overall, it was found that increased CO> had a greater, and
positive, influence on the ecosystem C stock than rising temperatures in rangelands globally.
Despite this, a decrease in NPP > 250 g C m™ year™ in the semi-arid savannas south of the
Sahara was found in West Africa (Boone et.al., 2018).

2.3.2.2. Remote Sensing of CO; Fertilisation in Arid Ecosystems

By focusing on arid and warm environments where water is the limiting factor to plant growth,
photosynthesis and foliage cover, the effect of CO, fertilisation can be isolated (Donohue et.al.,
2013). In these regions where moisture is the main limitation on plant growth, the effect of
CO2 on vegetation in expected to manifest most strongly (Ukkola et.al., 2016). Foliage was
found to have a curvilinear relationship to precipitation, with a near linear relationship under
arid conditions (Donohue et.al., 2013). With low precipitation, between 0 - 400 mm of rain per
year, an upper edge can be identified as the maximum foliage under certain precipitation levels.
The linearity of this relationship shows the constraint to foliage for environments where water
is the limit to growth (Donohue et.al., 2013). It was found that this upper edge was independent
to vegetation and climate types. It was thus hypothesized that CO, concentrations play a role
in setting this upper limit, as it plays an important role in transpiration and photosynthetic rates,
with increasing CO> concentration increasing the upper edge (Donohue et.al., 2013).



3. Methodology

3.1. Study Area
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Figure 1 Area selection of semi-arid and arid land areas in West Africa (A) and East Africa (B)
(openAfrica, 2020) according to the Kdppen-Geiger classification system (Worldbank, 2023). Here
the red area represents those areas classified as arid or semi-arid and the black lined box the area for
which data was collected for West Africa. The field observation points in Senegal are pointed as blue
x’s (CSE site) and the red x (Dahra site).

Within this thesis, arid and semi-arid regions in West and East Africa were studied (Figure 1).
West Africa shows a strong north-south gradient in climate, but also in vegetation cover
(Knauer et.al., 2014). The Sahara is found in the north, a region with extremely sparse
vegetation. More south the Sahel can be found, this region has a sparse tree and shrub layer
with sparse to closed grasslands. This region is strongly water-limited, meaning the growing
season is mostly confined to the rainy season. Within the Sahel a rainfall gradient is present,
moving from 150 — 300 mm annual rainfall in the northern regions, to 500 — 700 mm in the
southern regions (Tian et.al., 2016). Within this region the Dahra and Centre Suvi Ecologique
(CSE) study sites can be found, both located in Senegal, and these provide field observations
for evaluation of the Earth observations. The Dahra site can be described as a shrub and low
tree savannah with continuous, but seasonal grass cover with a light tree cover (Tagesson et.al.,
2015). The CSE site can be described as a savannah containing shrubs and woody and
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herbaceous trees (Tian et.al., 2016). Further south in West Africa the environment is no longer
water limited (Knauer et.al., 2014).

East Africa is predominantly semi-arid, making it a rainfed environment (Kalisa et.al.,
2019). It can be divided into six main vegetation communities, namely, ‘mangrove, coastal
rainforest, open savannah grasslands, wooded savannah, montane forest, and Ericaceous shrub’
(Marchant et.al., 2018). The grasslands dominate the region, with agriculture and woodlands
being spread throughout, and patches of bare soil found in the north (Kalisa et.al., 2019).

3.2. Data Collection and Pre-Processing

3.2.1. Gridded Data

Multiple data sets were used in this analysis (Table 2). Firstly, the Global Inventory Modelling
and Mapping Studies (GIMMS) NDVI, which is the most commonly used data set with global
coverage of NDVI from as early as 1981 (Fensholt et.al., 2012). With its 1/12 ° by 1/12 ° spatial
resolution it is considered the best dataset for long term NDVI studies and was found to have
a high correlation with the higher resolution MODIS dataset in semi-arid regions (Fensholt
et.al., 2012; Pettorelli et.al., 2005; Tian et.al., 2015). Additionally, GIMMS NDVI has been
corrected for aerosols present in the atmosphere, making it ready for analysis (de Jong et.al.,
2012).

ERAS5-Land is a 0.1° by 0.1° resolution reanalysis dataset on the evolution of land
variables. It creates a global set of model data with observations over several decades, starting
in 1950 (Copernicus, 2022). Monthly precipitation data from 1982 — 2015 from ERA-5 Land
was used within this analysis.

Finally, the Képpen-Geiger land classification data set was used to identify the arid and
semi-arid regions. The studied areas were selected according to the Képpen-Geiger land
classification using long term monthly precipitation and temperature data to aggregate climate
gradients (Peel et.al., 2007; Beck et.al., 2018). In the classification process the classes were
firstly divided into five main vegetation groups: equatorial (A), arid (B), warm temperate (C),
snow (D) and polar (E), followed by the classification of precipitation and temperature
respectively (Kottek et.al., 2006). From the Kd&ppen-Geiger climate classification, areas
describing arid environments, classified as ‘B’, in both West and East Africa were selected as

study area (figure 1).
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Table 2 Data sources with specification for the Normalized Difference Vegetation Index (NDVI) from

the Global Inventory Modelling and Mapping Studies (GIMMS) dataset, precipitation from the ERA5-
Land dataset, land classification from the Koppen-Geiger classification and biomass from the Dahra
and Centre Suvi Ecologique (CSE) sites.

Data Available Frequency Source/ Site
Timespan

NDVI 1982- 2015 Semi-monthly  GIMMS

Precipitation 1950- 2022  Monthly ERA5-Land

(Copernicus, 2022)

Land Classification

- Koppen-Geiger (World Bank, 2023)

Biomass 2006-2022  Semi-monthly  Dahra, Senegal (Tagesson et.al.,
(June-October) 2015)

1987-2022  Yearly CSE sites, Senegal (Diouf et.al.,
(October) 2015)

3.2.1.1. Pre-Processing

The precipitation data was collected for every individual year from ERA5-Land and handled
according to the webpage of Copernicus (2022). This meant adjusting the data for their
individual offset and scale factor and converting from daily to monthly values (Copernicus,
2022). The precipitation data within the arid areas, identified within figure 1, were selected.
This was further filtered by selecting only those longitude and latitude combinations present in
both the precipitation and NDVI datasets. This was necessary seeing as the two data sets
initially had different resolutions, causing not all combinations to be present in both datasets.
Next, the data of three consecutive years was selected using a moving window. This resulted
in grouped data for the years 1982 — 1984, 1983 — 1985 ... 2013 - 2015. This was done to limit
the year-to-year transient effect. In doing so the conditions and results of the previous and
following year were also considered.

The semi-monthly NDVI data and their corresponding flags were collected from
GIMMS. These flags represent the quality of the data set and range from 1 - 3 representing
high to low quality data respectively. Those datasets flagged with 3 were replaced with ‘NaN’
as they were identified as low quality. To make the NDVI data comparable to precipitation, the
resolution was resampled from 1/12 © x 1/12 ° to 1/10 ° x 1/10 ° using ‘nearest neighbour’.
Furthermore, the semi-monthly values were transformed to monthly values by selecting the
maximum value per cell, per month. This was done to find the highest NDVI values under the
precipitation conditions as NDVI is generally decreased due to errors such as cloudiness and
aerosols (Vickers et.al., 2016). Again, the data for three consecutive years was combined using
a moving window.
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3.2.2. Field Observation Evaluation Data
Biomass data was collected from two sources in Senegal, namely the Dahra and the CSE sites.
These include green vegetation, dry matter, and water content data for the Dahra site (Tagesson
et.al., 2015), and herbaceous biomass, woody biomass, and total biomass from 24 sites across
Senegal collected by CSE (Diouf et.al., 2015). Of these the dry matter and total biomass were
used for analysis for the Dahra and CSE sites respectively.

3.3. Data Analysis

3.3.1. Remote Sensing
3.3.1.1. Precipitation

Following Donohue et.al., (2013), precipitation bins were created up until 400 mm of
precipitation. The monthly precipitation was used here rather than annual; thus, a different
interval and number of bins was used. 54 precipitation bins were created with an interval of 7.5
mm, up until 400 mm of precipitation. In doing so the data was classified by numbers ranging
from 1, for 0 — 7.5 mm precipitation, to 54, for > 397.5 mm precipitation. Within this range (0
- 400 mm of precipitation) the relationship under low precipitation levels was highlighted. With
the data sets reaching a maximum of 1843 mm and 617 mm for East and West Africa
respectively, the limit of 400 mm was used to be representative of low precipitation. These
classification values were later used to bin the fractional foliage values, thus collecting all
foliage values present in these precipitation bins.

3.3.1.2. Fractional Foliage

The monthly NDVI values were then transformed to fractional foliage using the following
equation (Donohue et.al., 2013):

F _ (V_Vn)

e Equation 2

Here V was the selected NDVI1 value, and Vi and Vyx the NDVI value representing no foliage
and full green foliage cover respectively. In accordance with Donohue et.al., (2013) V, was set
to an NDVI of 0.15, and all measured values below this were set to 0.15 to represent bare
ground. Vx was set to 0.99 as this was the highest NDVI value found within both the data sets
for semi-arid and arid vegetation in West and East Africa.

From these foliage values the average maximum per year was extracted and plotted on
a timeseries. This showed the general trend in foliage over the study period in both arid and
semi-arid study areas in West and East Africa. Furthermore, the average foliage over the entire
study period was extracted and plotted on a map for the studied regions. This showed the spatial
pattern of vegetation in these areas. Additionally, the trend in foliage between 1982 and 2015
was mapped to locate those areas which experienced the greatest change over the study period.
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This was done by finding the linear regression over time from the yearly averages of every
pixel. From this the rate of change in every pixel was quantified and then mapped.

3.3.1.3. Relationship Precipitation and Fractional Foliage
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Figure 2 Curvilinear relationship of fractional foliage to monthly precipitation. Here the grey points
represent all data point from 1987 in West Africa and the black *, o, A, and + are the 50", 75™, 90™"
and 95" percentile values for each precipitation bin respectively. The red line represents the linear
section on the curvilinear relationship and the blue curve shows the entire curvilinear relationship.

Based on the classification bins of precipitation the fractional foliage values were regrouped
for the 3-year moving windows. This resulted in 54 groups of fractional foliage per 3 years.
Within these bins the 95" percentile values of fractional foliage were extracted and then used
for further analysis. The 95" percentile values were chosen as they best represented the upper
edge of the curvilinear relationship between precipitation and fractional foliage, while still
avoiding issues with outliers (figure 2) (Donohue et.al., 2013).

The 95" percentile fractional foliage values were plotted against their corresponding
precipitation level bins. Following Donohue et.al., (2013), a linear relationship was fitted using
ordinary least squares regression between the precipitation level bins and the 95" percentile
fractional foliage values ranging from 0.05 to 0.55. In doing so solely the linear section of the
curvilinear relationship was selected, resulting in a relationship similar to the red dashed curve
in figure 2 for every year.

14



Secondly, a curvilinear relationship was fitted between all 95" percentile fractional
foliage values and their respective precipitation bins with the following equation:

y=(a+c)><(1—e(_bx)+c Equation 3

(a+c)

Here y is the 95 percentile fractional foliage, and x the precipitation bin value, a is the point
at which the curve transforms from a linear to a curved relationship, b is the slope at the
intercept (representing NDVI increase per rainfall), and c is the intercept. This resulted in a
relationship similar to the blue dashed curve in figure 2 for every year. From both methods the
slope of the linear curve, or section, was selected for each year. Additionally, the asymptote of
the curvilinear relationship was extracted from a + ¢ from every year from the curvilinear
relationship.

To identify outliers, the Studentized residuals of each curve were calculated (Ni, et.al.,
2018). This method measured how many standard deviations the value differed from the
averaged linear regression of the entire study period. The plots ranging 2 standard deviations
from the linear regression were identified as outliers, and then removed from further analysis.

The changes in the slopes of the linear curves then represented the changing maximum
fractional foliage independent of precipitation, presumably caused by CO: fertilisation
(Donohue et.al., 2013). By using and comparing the two techniques there would be greater
confidence in the results of the slope changes. Time series of the slopes from both methods
were plotted to see the changes over time. The standard errors of the trends were calculated,
and the Kendall-Tau test was used to test for statistical significance.

Furthermore, the asymptote of the curvilinear relationship was plotted on a time series.
This asymptote represents the point at which the vegetation is no longer water limited (Ukkola
et.al., 2016), plotting this on a time-series can give further understanding to the response of the
vegetation. Again, the overall relationship of the slopes was quantified to estimate trends
between 1982 — 2015, and the standard error and the statistical significance, using the Kendall-
Tau test, were calculated.

3.3.2. Field Observed Biomass

The Earth Observation based fractional vegetation cover was validated against field
observations of biomass. Depending on the study site varying biomass data was used. For the
Dabhra sites this was dry matter between 2006 and 2021, and for the CSE sites this was total
biomass between 1987 and 2022. The CSE data set missed data from the year 2004, and the
Dahra data set missed data for the years 2007 and 2020.

The maximum biomass or dry matter per year was extracted for each field observed
data set and plotted on a time series to see the general trend in vegetation in the areas. To
compare the interannual variability of the field observations with those of the remotely sensed
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data, the z-score of the dry matter at the Dahra site and the total biomass at the CSE site were
calculated and plotted against the z-score of the NDVI of the pixels in those regions. The z-
scores were calculated using the following equation:

z=— Equation 4

Here x is the raw data value, is the mean of the of the population and ¢ the standard deviation
of the population. This was done to account for the uncertainty in the relationship between field
observation and NDVI resulting from factors such as soil effects, grazing pressure, or land use
(Dardel et.al., 2015). These z-scores then suggested if the field observed data was comparable
to that of the remotely sensed data.
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4. Results

4.1. Change in Foliage Cover 1982 - 2015
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Figure 3 Maps of (A) average fractional foliage during the entire study period (1982 - 2015) and (B)
the rate of change in fractional foliage between 1982 and 2015 in the semi-arid and arid regions of West
Africa.

A latitudinal gradient in average fractional foliage was seen in West Africa (Figure 3A). Here
it was evident that the highest fractional foliage was found in the south of the study area, where
fractional foliage values > 0.5 were located. Moving northwards the fractional foliage
decreased, finally reaching O fractional foliage between 16 and 18 °N.

The largest trends in fractional foliage between 1982 and 2015 in West Africa were
found in the southern regions of the study area, specifically between 10 and 18 °N (Figure 3B).
Small regions between 15 and 20 °E or between - 10 and 0 °E showed changes with the greatest
positive change, with a rate of change > 6 x1073. Patches of decreasing fractional foliage were
found between 0 and 5 °E. Above 18 °N no changes in fractional foliage was seen.
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Figure 4 Maps of (A) average fractional foliage during the entire study period (1982 - 2015) and (B)
the rate of change in fractional foliage between 1982 and 2015 in the semi-arid and arid regions of East
Africa.

There were regional differences in average fractional foliage across the semi-arid and arid
regions in East Africa that ranged from O to ~ 0.8 average fractional units (Figure 4A). The
lowest average fractional foliage was found in the north of the study area, around 15 °N, as
well as along the East Coast. Here average fractional foliage was zero. Below this, and moving
land inwards to the West, the average fractional foliage increased with large regions ranging
between 0.2 and 0.6 average fractional foliage units.

The greatest positive trends in fractional foliage between 1982 and 2015 were located
between 3 and 12 °N and 27 and 36 °E, with patches of positive change also found between 40
and 45 °E (figure 4B). Here the rate of change in fractional foliage reaches > 0.005. The
negative changes were more spread out, with a patch around 35 °E and 40 °E as well as a
horizontal region around 12 °N.
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Figure 5 Change in average maximum fractional foliage per year in
West Africa. The plotted black line shows the results from the 3-year
moving window, the blue x’s show the yearly average maxima and the
red curve the overall trend over time, as described by y.

There was a positive trend in maximum foliage cover between 1982 and 2015, increasing
fractional foliage cover by 2.0 x 10~ per year in West Africa (Figure 5). Within this overall
increasing trend some stronger dips in fractional foliage were found, namely in 1984, 1991,
1997, and 2009. These dips were often followed by a strong rise in fractional foliage within the
subsequent years. This was seen between 2009 and 2012 where the fractional foliage increased
from ~ 0.64 to ~ 0.70 within a year.
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Figure 6 Change in average maximum fractional foliage per year in East
Africa. The plotted black line shows the results from the 3-year moving
window, the blue x’s show the yearly average maxima and the red curve
the overall trend over time, as described by y.

There was a rise in average maximum fraction foliage of 1.02 x 103 per year between 1982
and 2015 in East Africa (Figure 6). With this overall increasing trend a few years showed dips
in fractional foliage, namely around 1992, 2009, and 2013. These dips were often followed by
stronger rises in the subsequent years, leading to the overall rising trend. Of these rises the
greatest was from 2000 to 2001, where there was a difference of ~ 0.025 fractional foliage units
in one year.
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4.1.1. Field Observed Biomass
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Figure 7 The (A) changes in average maximum dry matter from the field observed data at the Dahra
site and the (B) z-score of the field observations and its corresponding NDVI values. In A the black line
represents the 3-year moving window, the blue x’s show the yearly average maxima and the red curve
the overall trend over time described by y. In B the black line shows the field observations and the red
dashed line the NDVI.

The Dahra site showed an overall decreasing trend in dry matter of 26.96 g year™ between 2006
and 2021 (Figure 7A). This trend can greatly be explained by the strong decrease in dry matter
found between 2009 and 2012 where it dropped from 400 g to ~230 g. After this the dry matter
remained more stable moving towards 200 g of dry matter in the following years, with a more
gradual decreasing trend.

The z-scores of the field observations from the Dahra site and NDVI showed a similar
trend throughout the study period (Figure 7B). The z-scores of the field observations start to
decrease from 2009 onwards, whereas those of the NDVI decrease a year later. Both the field
observations and NDVI show a positive z-score until 2013, after which it falls below zero and
becomes negative. V.
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Figure 8 The (A) changes in average maximum total biomass from field observed data at the CSE site
and the (B) z-score of the field observations and its corresponding NDVI values. In A the black line
represents the 3-year moving window, the blue x’s show the yearly average maxima and the red curve
the overall trend over time. In B the black line shows the field observations and the red dashed line the
NDVI.

For the CSE sites an overall increase in average maximum total biomass was found of 1.9 g
m2 year® between 1985 and 2022 (Figure 8A). The biomass showed large inter-annual
variation, ranging between ~ 200 g m? and ~ 800 g m*2. Despite the overall positive trend three
stronger dips in biomass occurred. These were between 1992 - 1996, 2010 — 2012 and the
greatest between 2014 — 2017 where the total biomass dropped by ~ 300 g m™. These dips were
often followed by rises in biomass in the following years.

The z-scores of the field observation at the CSE site and the NDVI showed a similar
trend (Figure 8B). At the beginning of the study period a few differences are evident, namely
in 1990 and between 1995 and 1997 where the field observations show a negative z-score, and
that of NDVI was zero or positive. Both the field observations and NDVI show (mostly)
negative z-scores until 2001, after which they continue to rise. This positive rise means a strong
increase in biomass/fractional vegetation cover between 2001 and 2015 at the CSE sites across
Senegal.
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4.2. Relationship Between Maximum Fractional Foliage and Precipitation
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Figure 9 Linear section of curvilinear relationship between fractional foliage and precipitation in West
Africa. Here A represents the initial technique of extracting the linear curve up to a fractional foliage
of 0.55 and B the extraction of the linear section from the computed curvilinear relationship. In both
plots the curves from 1984 and 1985 are excluded as they were identified as outliers.

The linear section of the curvilinear relationship between fractional foliage and precipitation
using the linear plots (Figure 9A) and the curvilinear relationship (Figure 9B) in West Africa
both showed an increasing slope between the first and the last year. A slight variation in y-
intercept becomes evident in figure 9A, where a handful of plots had an intercept > 0.35
fractional foliage units whereas the rest range between 0.2 — 0.35. This is less evident in 9B,
where only 1 plot had an intercept > 0.35.
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Figure 10 Linear section of curvilinear relationship between fractional foliage and precipitation in East
Africa. Here A represents the initial technique of extracting the linear curve up to a fractional foliage of
0.55 and B the extraction of the linear section from the curvilinear relationship. Within A the years
1984, 1990 and 1995 are excluded after being identified as outliers, within B the year 1984 was
excluded.

The linear sections of curvilinear relationship between precipitation and fractional foliage from
the linear plots (Figure 10A) and from the curvilinear plots (Figure 10B) in East Africa both
showed an increasing slope over time. This change in slope was greatest with the linear plots,
where the last year showed a much steeper slope. With this changing slope the intercept
remained quite stable around 0.35 for the linear plots. The curvilinear plots showed a greater
intercept range, with most intercept being found between 0.3 — 0.4.

24



0.04 ‘ 0.04

y=5.92 e-04 (Y) A y=2.95 e-04 (Y) B
<0035+ P=1.18 ¢-04 1 0.035 P=0.0014
g
S 003 - 0.03 -
g
=0.025 | 0.025 -
(]
an
8
3 0.02 0.02F
69
=
=
20015 0.015 |
g
43
< 0.0 0.01
a ¥ X
7 0.005 0.005 —
o X x ’ G X 3-Year
X
R s : X x  Yearly
1985 1990 1995 2000 2005 2010 2015 1985 1990 1995 2000 2005 2010 2015
Year (Y) Year (Y)

Figure 11 Time series of the change in the slope of fractional foliage to precipitation in West Africa.
Here A represents the initial technique of extracting the linear curve up to a fractional foliage of 0.55
and B the extraction of the linear section from the curvilinear relationship. The black curve represents
the three-year moving window, the blue x’s show the yearly values, the red line represents the linear
trend, as described by vy, the error bars are the standard error and P shows the statistical significance
using the Kendall- Tau test. In both figures the slopes from 1984 and 1985 are excluded after being

identified as outliers.

Looking at the slope changes over time of the linear plots in Figure 9 it can be seen in Figure
11 that there was an overall statistically significant increase in fractional foliage of 5.92 x 10
and 2.95 x 10 [ mm™ year ] for the linear and curvilinear methods respectively (Figure 11).
Even though both methods showed a similar overall trend, the linear fits showed steeper
changes in slope, especially at the end of the study period (Figure 11A). This was seen in the
steep rising slope around 2003 and the in the dip around 2006. The start of the study period on
the other hand showed a more stable slope. The slope of the curvilinear plots on the other hand
showed more gradual changes in slope (Figure 11B). Throughout the study period three clear
dips can be identified, namely around 1986, 1999 and 2010. The last three years showed a steep
and continuously rising slope.

The dips and peaks throughout the study period could be identified within both figures.
With the exception of the peak in 2004, these dips and peaks could most clearly be identified
with the slope changes on the curvilinear plots. The main differences were seen at the end of
the study period, where the slope on the linear plots started to decrease again, while the slope
of the curvilinear plots continued to increase.
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Figure 12 Time series of the changes in the slope of fractional foliage to precipitation in East Africa.
Here A shows the slope of the linear plots between fractional foliage of 0.05 and 0.55 and B the slope
of the linear section of the curvilinear relationship. The black curve represents the three-year moving
window, the blue x’s show the yearly values, the red line represents the linear trend, as described by
y, the error bars are the standard error and P shows the statistical significance using the Kendall- Tau
test. Within figure A the years 1984, 1990 and 1995 are excluded after being identified as outliers,
within B the year 1984 was excluded.

The changing slopes over time from Figure 10, plotted in Figure 12, both showed a statistically
significant increasing trend of 4.44 x10* and 2.10 x10* [ mm year™]? for the linear and
curvilinear methods respectively (Figure 12), with the strongest dip found in 1995. With the
linear plots the graph could generally be divided in two sections, one of a lower slope, between
1983 and 1995, and that of a higher slope, between 1998 and 2014 (Figure 12A). These sections
were separated by a sharp rise in slope from ~ 2.5 x102 to ~ 1.4 x10° over two years. Over the
study period two stronger dips were found, namely in 1990 and in 2009. On the other hand, the
curvilinear relationships showed a more gradual rising trend, with a falling slope between 1991
and 1995 and between 2004 (Figure 12B). Here the slope over the entire period ranged between
~ 5.0 X103 and ~1.3 x10°2, whereas that of the linear plots ranged between ~ 2.5 x10% and ~

1.8 x1072,
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Figure 13 The asymptote of the curvilinear relationship between fractional foliage and
precipitation plotted as the black curve. The red line represents the linear trend,
described by y, the blue x’s represent the yearly data, the error bars are the standard
error and P shows the statistical significance using the Kendall- Tau test. The years
1984 and 1985 were excluded after being identified as outliers.

A statistically insignificant positive trend of the asymptote, of the relationship between
fractional foliage and precipitation, in West Africa of 4.68 x 10 year was found (Figure 13).
The data showed three dips: between 1988 and 1992, in 1997 and between 2000 and 2007.
Despite the overall positive trend, the asymptote seemed to be decreasing the last few years of
the study period.
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Figure 14 The asymptote of the curvilinear relationship between fractional foliage and

precipitation plotted as the black curve. The red line represents the linear trend,

described by y, the blue x’s represent the yearly data, the error bars are the standard

error and P shows the statistical significance using the Kendall- Tau test. The year 1984

0.6

was excluded after being identified as an outlier.

The asymptote of the curvilinear relationship between fractional foliage and precipitation in
East Africa showed a statistically significant rise of 9.29 x 10 year? (Figure 14). The curve
showed a relatively stable trend, fluctuating between ~ 0.68 and ~ 0.74 fractional foliage units.
Over the study period three dips were found, namely in, 1992, 2005 and 2009, of which the
greatest in 1992, where the asymptote fell below 0.68.
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5. Discussion

5.1. Changing Foliage Cover

Average foliage cover in the semi-arid and arid regions of West Africa showed a clear spatial
gradient, with the highest cover found in the south of the study area, gradually decreasing when
moving northwards. The gradient represents the movement from the Sahel in the south, with
sparse vegetation, towards the Sahara, with little to no vegetation cover (Knauer et.al., 2014).
Between 1982 and 2015 the greatest changes in fractional foliage were found within the region
of higher foliage in the south. Here the changes spread around in a patchy pattern, not being
isolated to a single area. Overall, an increase in average maximum foliage cover of 0.2 % per
year was measured within this region. This is in accordance with other studies, who found a
positive NDVI trend during this time (e.g., Dardel et.al., 2015; Fensholt et.al., 2012), however
a different magnitude than Herrmann et.al. (2005), who found an up to 50 % increase in average
NDVI between 1982 and 2003. Due to being a dynamic environment, this increase was not
deemed meaningful, and strongly related to the return of normal rainfall conditions after an
extended period of drought (Herrmann et.al., 2005).

Similar to the fractional foliage, the field observation biomass data from the CSE sites
in Senegal showed a positive trend over time. This trend can mostly be explained by an increase
in woody biomass, as it follows a similar trend, whereas the herbaceous cover decreased during
the study period (Appendix 1). This is supported by Ripley et.al., (2022), who found that within
savannas eCO; promoted the growth of woody biomass over that of C4 grasses. It is suggested
that, when looking at the z-scores of these field observations in comparison to NDVI, a similar
interannual variability can be found. Similar results are found by Tian et.al., (2016), who found
the data to be consistent with satellite time series. Here the green biomass showed a significant
relationship to NDVI over the study period. With this it is assumed that the changes in the
biomass data of the CSE site are comparable to the NDVI, and thus the fractional foliage used
within the study. On the other hand, the Dahra site within Senegal showed a decrease in dry
matter over time. The site showed a sharp decrease in dry matter between 2010 — 2012. In 2010
the dominating species was found to have changed, including the species Zornia which differs
from grasses in botanical and ecological terms (Mbow et.al., 2013). This species covers the
surface with thick leaves while remaining short and close to the ground resulting in a low
biomass (Tagesson et.al., 2015). It was furthermore suggested that the inter-annual variability
could be driven by non-environmental variables such as grazing, disturbance and herbivory
(Tagesson et.al., 2016). Seeing as the Dahra site consists of solely one location in Senegal, in
comparison to the 24 locations for the CSE study, it is suggested that the CSE site is more
representative than the Dahra site. Looking at the z-scores of NDVI and the Dahra site they
showed a similar interannual variability. These results were however limited to only 7 years in
which there was an overlap of field observation and NDVI data. Despite a similar trend being
found with the field observations and NDV1 within this thesis, Dardel et.al., (2015) highlights
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uncertainties when comparing biomass to NDVI data. Such uncertainties include the soil
effects on NDVI, grazing pressures, land use and farming or floristic composition, all of which
could result in a difference in the remotely sensed data in comparison to field observations.

The semi-arid and arid regions are spread across East Africa. Within these regions the
average fractional foliage during the study period ranged between 0 and ~ 0.8 fractional foliage
units. Throughout the study period the greatest changes in fractional foliage could be found in
those regions with the highest average fractional foliage. Overall, a rise in average maximum
foliage was measured of 0.11 % per year between 1982 and 2015. Zhao et.al. (2018), linked
the rising trend to El Nifio-Southern Oscillation and Interdecadal Pacific Oscillation events.
Despite this, the area also showed regions with a decrease in fractional foliage. Hoscilo et.al.
(2015) linked the decreasing NDVI to non-climatic land degradation in the Horn of Africa,
where there was a strong rise in population. This led to a replacement of herbaceous and shrub
vegetation cover to bare ground.

5.2. Effect of CO: Fertilisation
Following the rising trend in slope between precipitation and fractional foliage in West Africa,
the hypothesis, based on the G-Range model, can be rejected. Within this model a strong
decrease in biomass was predicted in West Africa by 2050 under RCP8.5 (Boone et.al., 2018).
These changes were modelled to be driven by eCO> conditions in the G-range model. Earth
observation data from 1982 to 2015 instead showed a continuous rise in fractional foliage
driven by CO: fertilisation, with the results of the curvilinear plots showing an even steeper
rise in slope in the last three studied years in West Africa (Figure 11B). The G-Range model
further predicted a minimal change in biomass in East Africa (Boone et.al.2018), a change
which was found within this study. When comparing the two regions, West Africa showed a
greater change in slope, in the relationship between precipitation and fractional foliage, than
East Africa, despite the slope being positive rather than negative in West Africa, this difference
in magnitude was predicted by the model. A similar result was found by Ukkola et.al. (2016),
here the maximum NDVI for a given precipitation level was measured to increase over time in
water-limited areas of Australia. These results implied greater production under the same
precipitation levels, which is consistent with CO: fertilisation. An overall positive influence of
CO: fertilisation on fractional foliage for all arid and semi-arid regions globally was further
found by Donohue et.al. (2013). These results imply that CO; fertilisation still has a positive
influence in arid and semi-arid regions.

Strong inter-annual variability could be found within the rising slope in both East and
West Africa. A possible explanation would be the variability in atmospheric CO:
concentrations. It was proposed that the variability in CO2 net ecosystem exchange was the
driver of the inter-annual variability in the growth rates of atmospheric CO2 concentrations
(Marcollaet.al., 2017). The inter-annual variability found in West Africa was further suggested
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to be attributed to greater inter-annual variability in growing season length, temperature and/or
precipitation in future climate (Ahmed et.al., 2015).

In addition to a rising slope between precipitation and fractional foliage, a significant
and insignificant rise in the asymptote of the curvilinear relationship was found in East and
West Africa respectively. This asymptote represents the point at which the vegetation is no
longer water limited (Ukkola et.al., 2016). When studying semi-arid regions in Australia
Ukkola et.al. (2016) however found a reduction in this asymptote, relating it to the relaxation
of vegetation to water limitations due to the increase in WUE from CO: fertilisation. The
insignificant rising asymptote in West Africa may suggest that the NDVI was no longer water-
limited and was not dependent on CO: fertilisation anymore. This brings the question if factors
other than COx fertilisation brought the rising asymptote in East Africa.

Following the plotted influence of CO. on fractional foliage the positive trend is
expected to continue in the future for both East and West Africa. Ghannoum et.al. (2000) found
that the growth stimulation of C4 plants in response to a doubling of CO2 was lower than that
of C3 plants, but that the magnitude of growth in C4 plants increased under elevated CO> with
decreasing soil water availability. Under these conditions the plant overcomes the intercellular
CO: partial pressure limitation of the CO: assimilation rate, imposed by low stomatal
conductance, leading to higher CO> assimilation under elevated CO,. With this, active
photosynthesis and growth is extended in droughts under elevated CO., if other growth factors
remain favourable. In doing so the plant is able to grow for longer during a drought. It was
suggested that a C4 plant would lower leaf stomatal conductance and transpiration rates and
increase leaf WUE to reduce the adverse effects of a drought under eCO2, allowing
photosynthesis to continue longer under the stressful and water-limited conditions (Vu & Allen,
2009; Sonmez et.al., 2020; Bendall et.al., 2022; Ripley et.al., 2022). Furthermore, the enhanced
leaf WUE was found to increase soil water saving, reducing the water constraint of plant growth
(Reich et.al., 2014). By limiting transpiration water loss during a drought, leaf mass per unit
area was found to also increase due to water limitation (Bendall et.al., 2022). The strategy to
increase leaf mass per unit area is applied by the plant to reduces wilting and conserves
resources. This becomes increasingly important in the future, as East and West Africa are
predicted to become more prone to droughts (Sylla et.al., 2016; Dosio et.la., 2021; Liu et.al.,
2018; Nguvava et.al., 2019).

Despite that the CO, fertilisation effect could have a possible positive influence on
growth during drought conditions in semi-arid areas, it could also induce Nitrogen (N)
limitations in the plant by reducing the mineralization of soil organic matter (Srivastava et.al.,
2012). This N limitation may limit the effect of CO, fertilisation as it is suggested to be
dependent on the levels of other resources (Reich et.al., 2014; Kou-Giesbrecht & Arora, 2022).
Keane et.al. (2020) however found that in the short-term soil C cycle enzymes investment
reduced, as Phosphorus (P) cycle enzymes increased under eCOsz. It is suggested that the eCO>
would reduce the need to invest in C cycling enzymes allowing for the investment in P cycle
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enzymes. The microbes would be able to use the additional C in an attempt to secure more P,
a more limited nutrient. Through this, eCO> conditions may alleviate the plants’ possible P
limitation. On the other hand, the increased microbial and plant biomass stocks, as a response
of eCO,, may increase the nutrients immobilized, resulting in N limitation in infertile
ecosystems (Dieleman et.al., 2012). This would suggest an increasingly closed N cycle, leading
to a gradual depletion in N. With this, nutrients are expected to constrain growth on the long
scale. Looking at the C:N ratio, Ripley et.al. (2022) found no change in relation to eCO», as
both N-fixation and C assimilation were both stimulated. This difference in short- and long-
term reaction to nutrient availability may explain the difference in results within past earth
observation data and the future modelled response of vegetation to CO; fertilisation within the
G-range model. If the long-term negative implications on nutrients through eCO> becomes
evident a reduction in biomass could be the result.

Unlike CO: fertilisation, rising temperatures increase the rate of N mineralization by
the plants (Kirschbaum, 1999). Soil organic matter decomposition is driven by the elevated
temperatures, releasing plant available N (Kou-Giesbrecht & Arora, 2022). Within an
environment with rising temperatures, this could counterbalance the negative influence on
nutrient availability by CO; fertilisation. Yet by increasing the evaporative demand of the plant
and reducing WUE, plants are negatively influenced by rising temperatures in water-limited
environments. However, Hatfield & Dold (2019) state that the direct relationship between
climatic parameters, such as temperature, and WUE are not detectable and are less obvious.
This is due to the lack of a temperature response to growth for a given species. It is suggested
that the combined effect of eCO. concentrations and rising temperatures may be species-
specific, and that the combined effect on photosynthesis would reflect both genetic and
environmental factors (Lewis et.al., 2015). Rising temperatures were found to affect stomatal
conductance rather than the photosynthesis, thus having less of an influence on plant growth.
With this it is suggested that the changes in growth measured within this study can be related
to CO;, fertilisation, rather than the rising temperatures.

5.3. Limitations and Future Studies

Within semi-arid and arid ecosystems soil moisture is an important water resource for the plants
(Naet.al., 2021). A time-lagged correlation has been shown between NDVI and soil moisture
(Naet.al., 2021; Ahmed et.al., 2017). NDV1 was found to increase with increasing soil moisture
(Zhang et.al., 2018b). The optimal correlation for this response becomes evident after a 1-to-
2-month lag (Ahmed et.al., 2017). This is further emphasized by Ibrahim et.al. (2015) who
found a linear relationship between NDVI and the precipitation of three months prior in the
Sahel. Within this study however the only water resource considered was precipitation. It is
suggested that within future studies this time-lag of soil moisture is taken into account. In doing
so, another aspect influencing NDVI and plant growth is considered, and the effect of CO>
fertilisation can be better understood.
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Another source of error is the selection of maximum monthly NDV| rather than average
monthly NDVI. It can be questioned if selecting maximum values is representative of the
month, especially during the wet season where large differences in NDVI can be found within
one month (Zhang et.al., 2018a). The selection of the maximum may have caused an upwards
shift in the 95" percentile values later used for analysis. However, in selecting the maximum
values the possibility of errors from clouds and aerosols was reduced (Vickers et.al., 2016).

Furthermore, outliers were identified using the residuals of each plot. In doingso 1 -3
years of data were removed in the analysis of the trend over time. One example of such as
outlier was from West Africa in 1985 (Appendix 2). Here it can be seen that the asymptote of
the curvilinear relationship reaches higher than a fractional foliage of 1. Seeing as this year did
not show a curvilinear relationship, no reasonable asymptote was reached. From figures 9 and
10 it can be questioned if more plots should however have been identified, especially when
looking at the y-intercepts. For both East and West Africa certain plots remain to show an
intercept different to the majority. It can thus be questioned if these plots would be reasonable
to compare to the others.

When analysing the slope, the effect of CO; fertilisation is not the only possible
explanation of the changes. Donohue et.al. (2013) found that a rise in slope could be explained
by an increase in drought-onset severity. An increase in drought severity over time could then
possibly explain the rising slope. Within this thesis this was however not taken into account,
thus, to better understand the trends found it is suggested to further analyse drought-onset
severity. By having multiple factors that could influence NDVI, it is suggested that a 3-year
moving window may not be sufficient to reduce this variability within the data. It is proposed
to enlarge the window size to further reduce the inter-annual variability.

Two different methods were used within this thesis to analyse the influence of CO»
fertilisation on fractional foliage in East and West Africa. In general, the two methods showed
a similar trend, with strong changes being identified in both. One noticeable difference can be
found within the slope changes of West Africa, where a sharp rise and dip are found in 2003
and 2006 respectively within the linear plots (Figure 11A), changes which are not as evident
from the curvilinear plots (Figure 11B). No explanation could be found for these strong changes
within previous papers; thus, it is assumed to be the result of the methodology. Looking at the
error bars of the two methods (Figure 11 & Figure 12) it can be noticed that those for the linear
plots are larger than those of the curvilinear plots, especially for East Africa. This could
possibly be because the curvilinear relationship was based on 54 data points, whereas the linear
curves were formed from 4 — 20 plots, depending on the year. Minimizing the data used to
formulate the curve increases its uncertainty. The variation in data points used is the result of,
the amount of precipitation required to reach the limit of 0.55 fractional foliage units. In some
years this occurred within the 4™ precipitation bin, and in others only within the 20" For these
reasons it is suggested to use the curvilinear method within future research rather than the linear
method.
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5.4. Future Implications

By absorbing nearly half of anthropogenic CO2 emissions, terrestrial ecosystems provide a
service to society by limiting climate warming (Smith et.al., 2020; Jiang et.al., 2020). This
service is dependent on the ecosystems’ CO; fertilisation response. Yet the eCO:
concentrations will likely place further pressure on water resources in the semi-arid regions of
East and West Africa, regions which will become more prone to droughts in the future (Ukkola
et.la., 2016). However, Lewis et.al. (2015) found a larger response of eCO; from pre-industrial
to ambient concentrations compared to the response towards future predicted concentrations.
The long-term exposure to CO2 would reduce its influence on photosynthesis. With this, the
pressure on water resources would be limited, and the predictions by Boone et.al. (2018) for
West Africa could become apparent.
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6. Conclusion

This thesis found that the semi-arid and arid regions in East and West Africa both showed a
rise in fractional foliage cover during the study period, on average showing the greatest change
in the regions with the highest foliage cover. Studying past Earth observations data showed
that these changes could be linked to a positive influence of CO; fertilisation. This positive
trend in West Africa resulted in a rejection of the hypothesis that Earth observation data from
1982 - 2015 would show a reduction in the response of maximum foliage cover to precipitation,
assumed to be a proxy to CO: fertilisation effect. The rising slope in the relationship between
fractional foliage and precipitation implied greater production under fixed precipitation levels,
which is consistent with assumptions of this slope to be a proxy of CO: fertilisation.
Additionally, both West and East Africa showed a rising trend in the asymptote of the
relationship between precipitation and fractional foliage. This trend in West Africa was
however found to be insignificant, suggesting that the NDVI at the point of asymptote was no
longer water-limited, and thus not dependent on CO; fertilisation anymore. The rising trend in
East Africa on the other hand was significant, implying the effect of other influences on
vegetation growth than CO fertilisation.
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8. Appendix

8.1. Appendix 1: Change in Herbaceous and Woody Biomass CSE
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Figure 13 Changes in maximum herbaceous biomass (A) and woody biomass (B) at the CSE site. Here
the black curve shows the 3-year moving window, the blue x’s the yearly values, and the red line the
overall relationship described by y.
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8.2. Appendix 2: Outlier of Asymptote of Curvilinear Relationship in West Africa
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Figure 16 The extraction of the asymptote of the relationship between fractional foliage and
precipitation plotted as the black curve. The red line represents the linear trend, described by y, the
blue x’s represent the yearly data, the error bars are the standard error and P is calculated using the
Kendall- Tau test.
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Figure 17 The computed curvilinear relationship of fractional foliage to monthly precipitation in 1985
from the 95" percentile values of each precipitation bin. Here the fitted data shows a more continuous
gradient, without an asymptote being reached.
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