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Rangelands are domestic or wildlife grazing lands including grasslands, woodlands, shrublands, and 

some extent of deserts. In Africa, rangelands cover approximately 28% (ca. 8,300,000 km2) of the 

continent, where they provide essential ecosystem services (e.g., meat and dairy products, water, shade, 

recreation, pollination) in support of the livestock rearing activities of some 270 million people. The 

rangelands of Africa are found where most of global rural poverty and hunger are concentrated. In 

other words, they occur in countries defined as some of the most vulnerable to climate change and 

anthropogenic transformations. Studying the way ecosystems respond to these disturbances should 

prioritise developing regions that directly support millions of people. However, the response of 

African rangelands to global environmental change, and therefore their capacity to sustain people’s 

livelihood, has not been studied in detail. Based on three decades of optical and microwave satellite 

data, and a dynamic global vegetation model, this study represents the first African-scale assessment of 

long-term rangeland vegetation dynamics. Overall, findings revealed that African rangelands greened-

up between 1982 and 2015 (ca. 3,500,000 km2 greening vs. ca. 700,000 km2 browning), thus supporting 

the recent evidence of a greening Earth. In addition, while most (ca. 2,400,000 km2) changes in 

rangeland vegetation resulted to be controlled by climate (climatic-driven rangelands), there exist 

substantial areas (ca. 1,800,000 km2) where this is not the case (non-climatic-driven rangelands). This 

evidence may imply that many biogeochemical models, where climate is the main input information for 

vegetation growth simulations, might not capture the complete trajectory of current and future changes 

in biosphere-atmosphere interactions. Importantly, the investigation of long-term changes in the 

vegetation composition highlighted that a switch in the woody and herbaceous vegetation coverage 

occurred. While climatic greening (ca. 2,200,000 km2) resulted from positive trends in both woody and 

herbaceous cover, non-climatic greening (ca. 1,400,000 km2) was associated with an increase in woody 

cover and a concomitant decline in herbaceous vegetation. Opposite evidence, i.e., decreased woody 

cover and increased herbaceous vegetation, was observed in non-climatic browning rangelands (ca. 

400,000 km2). These results suggest that while greening boosts climate change mitigation via high 

carbon uptake, the encroachment of woody species likely shortens the resources available to pastoral 

communities. On the other hand, woody-controlled browning attenuates carbon sequestration rates, 

but higher herbaceous cover may inform of potential more forage for pastoralists. 
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 Introduction Chapter 1

Rangelands are the Earth’s most extended ice-free land type (Reid et al., 2014), and provides essential 

ecosystem services such as livestock products (e.g., meat, dairy products), carbon sequestration, and 

biodiversity conservation (Henderson et al., 2015; Thornton, 2010). Rangeland systems produce, for 

instance, approximately 25% to 40% of the global small ruminant meat, ca. 30% of small ruminant 

milk (56% of which in sub-Saharan Africa), and 22% and 55% of the beef production of South 

America and Oceania (Herrero et al., 2013). Countries largely occupied by rangelands can derive nearly 

half of their gross domestic product (GDP) from the livestock sector (Milne and Stephen, 2015). More 

importantly, approximately 11% of the world population living on less than $1.25/day inhabits 

rangelands, and its welfare directly depends on the availability and quality of livestock resources 

(Robinson et al., 2011). Despite their importance, the scientific research on rangelands has only taken 

off in the last fifteen years, and increasing interest now exists on understanding how rangelands and 

their ability to provide ecological service will respond to current global change challenges. 

Unsurprisingly, understanding availability and changes in rangeland resources recently became part of 

the global Sustainable Development Goals (SDGs) agenda (Xie et al., 2019). 

Generally, rangelands may face several challenges at current and near-future times. Population and 

consumption growth, urbanization, and rising incomes are driving a significant increase in global food 

demand (McIntyre et al., 2009). Estimates from the United Nation Department of Economic and 

Social Affairs (UN DESA) report that the global population will reach ca. 9.7 billion people by 2050 

(UN DESA, 2017), implying higher demand of rangeland-derived livestock products and intensive 

conversion of rangelands to croplands (Alkemade et al., 2013). Overgrazing due to large livestock 

numbers has already led to rangeland degradation in many countries such as Mongolia (Hilker et al., 

2014), China (Han et al., 2008), Argentina (Abril and Bucher, 1999), Algeria (Martínez-Valderrama et 

al., 2018), Australia (Safstrom and Waddell, 2013), and the United States (Sayre et al., 2012), while 

cropland expansion was identified as key a driver of global land clearance, ecological destruction, 

habitat loss, and fragmentation (Hobbs et al., 2008; MA, 2005). Therefore, unsustainable and 

inappropriate land use may threaten global rangeland environments, their rich biodiversity, and 

therefore their ability to produce ecosystem services sustainably. 

As reported in the latest Intergovernmental Panel on Climate Change (IPCC) Summary for 

Policymakers report, the world climate is changing at unprecedented rates in recent human history. 

Climate change will bring an increase in mean temperature (over both land and oceans), hot extremes 

in most scarcely populated areas (e.g., rangelands), number of hot days in most land areas (specifically 

in the tropics), heavy precipitation and increasing flood risk in many regions, and increase in drought 

frequency and intensity (IPCC, 2018). The consequences of this rising climate volatility are likely to be 

highly spatially heterogeneous across the globe. For instance, a recent study has shown that the 

extreme January and February 2020 fire events in Australia were significantly more likely because of 
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anthropogenic climate change (Oldenborgh et al., 2020). Approximately 180,000 km2 of bush- and 

shrub-like rangelands were razed, severely affecting people (34 died) and ecosystems (ca. 1 billion 

animals were killed) (Phillips, 2020). Meanwhile, high-latitude tundra-dominated rangelands are 

progressively encroached by shrub plants due to increasing air temperatures (cold nights are estimated 

to warm by up to ca. 4.5°C at global warming 1.5°C), causing changes in tundra ecosystems structure, 

energy fluxes, soil-atmosphere exchanges of water, nutrients, and carbon, and species ecological 

interactions (Myers-Smith et al., 2011). Further, droughts are estimated to be increasing, both in 

number and intensity, in Australia, southern Europe, southeastern Asia, and the Americas (Dai, 2013). 

The nexus between climate change and food security is tight and complex, but no uncertainties exist 

on the fact the climate-related risk will particularly affect people living in developing countries (Boone 

et al., 2018). Only more large-scale, long-term, and multidisciplinary research would allow to effectively 

address this challenge, with specific attention that must be given to those communities that are already 

poor and vulnerable (Reid et al., 2014; Thornton and Herrero, 2014). 

The African continent has a long-lasting history of rangeland utilisation. Livestock has been 

progressively introduced into untransformed and uncultivated land over thousands of years (Walker 

and Janssen, 2002), with pastoralism that started to be practised at least ca. 2,000 years ago (Hanotte et 

al., 2002). Pastoral mobility is driven by the temporal and spatial distribution of rainfall, from which 

the availability of their needed primary resources (e.g., water, food, shade, wood) depends (de Jode, 

2010). Other forms of pastoralism existing across Africa include semi-nomadic pastoralism, also 

known as transhumant pastoralism (i.e., herds migrate seasonally between two specific areas only), and 

sedentary pastoralism, who sustain themselves with both livestock and agriculture (FAO, 2017). 

Totally, ca. 270,000,000 pastoral people directly rely on rangeland resources (FAO, 2017). Despite 

disagreements on the best way to define rangelands, they typically include grasslands, savannas, woody 

savannas, shrublands, and some extent of deserts (Allen et al., 2011). In Africa, rangelands occur across 

all aridity regions, from arid and semi-arid (the majority) to dry sub-humid and humid environments, 

with strong intra- and inter-annual rainfall variability as the dominant controlling factor of vegetation 

activity (Oliveras and Malhi, 2016). In addition to water supply and pastoralism, African rangelands are 

continuously shaped by other natural (e.g., solar radiation, atmospheric CO2, wildfire, wildlife) or 

anthropogenic (e.g., land cover change, conflict) disturbances (Lankester and Davis, 2016). However, 

understanding how these drivers of rangeland ecosystems structure interact is complex, particularly at 

changing spatiotemporal scales (Fuhlendorf et al., 2001). 

Excluding South Africa, the rangelands of Africa occur in some of the world’s poorest developing 

countries (e.g., Chad, South Sudan, Mauritania, Mali, Angola, Somalia). Ironically, while these countries 

have contributed the least to global greenhouse gas emissions, they belong to that developing part of 

the world that is confidently considered at the highest climate-risk (Hoffman and Vogel, 2008). This 

implies serious threats to health conditions, food and water availability, human security, and economic 

growth (IPCC, 2018). Studies have shown that, across Africa, near-surface temperatures have increased 

up to ca. 0.5°C during the last 100 years, while precipitation has shown different trends. In the Sahel, a 
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precipitation recovery has been observed since the mid-1990s (Hickler et al., 2005), while a decline was 

reported for the Maghreb (Born et al., 2008). More frequent and severe extremes (i.e., droughts and 

floods) occurred in eastern Africa (Lyon and Dewitt, 2012; Nicholson, 2016), and similar scenarios are 

predicted for southern Africa (Dai, 2013; Gizaw and Gan, 2017). The most important rangeland asset, 

i.e., livestock, is prone to critical risk under such conditions of droughts and drier/warmer climate. In 

Kenya, for instance, ca. 1,800,000 extra cattle may be lost by 2030 because of the estimated increase in 

drought frequency, with an overall economic loss amounting to some 630,000,000 US dollars 

(Thornton et al., 2014). Thornton et al. (2010) also estimated a decrease up to 20% in per-cattle maize 

stover (i.e., a high protein and energy content cattle feed) availability in Burundi, Rwanda, Tanzania, 

and Uganda by 2050. In Botswana, a study showed that livestock water supply costs can increase up to 

23% by 2050 following the increase of groundwater pumping hours needed to meet herds’ water 

demands (Masike and Urich, 2009). If confirmed, these estimations represent a major risk for the near-

future food security of vulnerable rangeland livestock keepers of Africa (Thornton et al., 2009). 

Climate change and food security are further nested with conflicts. Albeit a defined climate-conflict 

relationship is not fully established yet (Adams et al., 2018), previous studies reported that extreme 

environmental changes contributed to war outbreaks. Typical examples include rangeland-rich 

countries such as Sudan, Nigeria, Somalia, and South Africa, where different types of political unrest 

were reported to be more frequent in areas experiencing both above- and below-average mean annual 

rainfall (De Juan, 2015; Hendrix and Salehyan, 2012). Yet violence can be triggered also by factors that 

are not strictly related to climate. For instance, pre-election rioting, communal conflict, and cattle 

raiding in rangelands caused ca. 4,700 deaths in Kenya between 1990 and 2009 (Salehyan et al., 2012). 

Regardless of the reason, conflicts bring death, disease, food scarcity, environmental damage, 

economic collapse, migration, land abandonment, and school nonattendance (Brinkman and Hendrix, 

2011). Adding on to climate change and increasing social demands, conflicts represent an important 

threat across ethnically fractionalized developing countries where rangelands largely occur (Coppock et 

al., 2017; Schleussner et al., 2016). 

Perhaps less worryingly, there is also evidence of consistent recovery taking place across Africa. Many 

rangelands studies showed that vegetation vigour has increased (i.e., greening) across the continent 

(e.g., the Sahel, southern Africa) during the last 20 to 30 years, and therefore sweeping ill-founded 

assumptions (e.g., marching desert, irreversible degradation) were largely contested (Karlson and 

Ostwald, 2016). In these studies, vegetation, a key element of terrestrial ecosystems regulating resource 

availability, biogeochemical cycles, and anthropogenic CO2 emissions, was mostly investigated using 

remote sensing. This is because rangeland monitoring using field-based approaches would be 

impossible given the large extent, heterogeneity, and complexity of these ecosystems. The monitoring 

of rangelands, and particularly those in a disturbed state (e.g., conflict) or experiencing rapid changes 

(e.g., cropland expansion), needs the availability of repetitive, accurate, spatially extended, and cheap 

data. All these characteristics make remote sensing the ideal platform for rangeland monitoring 

(Kumar et al., 2015). 
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A plethora of remote sensing applications for rangeland monitoring nowadays exists, including primary 

production and biomass estimation, land cover change, species distribution mapping, land degradation, 

woody and invasive plant expansion, change detection, fire regimes, among others (Hunt, Jr., 2015). 

To date, none of these applications has yet been applied to study the rangelands of Africa in their 

entirety and in the long-term range. Multiple, independent, and complementary data streams should be 

used to overcome limitations of the individual data streams and therefore reduce uncertainties. This 

approach is adopted in the current thesis to produce the first 30+ years continental-scale assessment of 

African rangeland dynamics, with a specific focus on understanding the response of rangeland 

vegetation to recent climate and on the changes in the vegetation composition accompanying greening 

and browning trends. Defining and quantifying these changes is necessary to provide science-based 

information that national to local governments, foundations, or research institutes need for the 

realisation of appropriate rangeland management strategies, and to test ecological models that estimate 

future ecosystem responses (and feedbacks) to the climate system. 

1.1 Aim and outline of the research 

The main goal of this thesis is to investigate how rangeland vegetation responded to recent climate 

variability and to characterise changes in vegetation composition as defined by the herbaceous and 

woody element. For the first time, these analyses are computed for the whole African continent and 

exploiting the longest satellite time-series data currently available (i.e., 1982-2015). Specifically, this 

work aimed to: 

i. Identity the rangelands of Africa that experienced a long-term increase (i.e., greening) or 

decrease (i.e., browning) in vegetation greenness 

ii. Develop and apply an approach based on both satellite and modelled time-series data to 

characterise to what extent recent climate controlled African rangeland vegetation 

iii. Exploit optical and microwave data to disentangle the observed greening/browning trends as 

per changes in the vegetation composition 

The thesis includes seven sequential chapters organised as follows. Chapter 2 is a literature review, and 

it is split into five main sections. These explain i) why it is important to define rangeland accurately; ii) 

the distribution of rangeland across the globe; iii) the importance of rangelands; iv) rangeland ecology; 

v) the crucial role of remote sensing for effective rangeland monitoring.  

Chapter 3 provides a thorough description of each dataset applied. It starts explaining how the spatial 

extent of the African rangeland was derived and, ultimately, suggests this newly created rangeland mask 

as a potential reference layer for future African rangeland studies. Later, it details the pre-processing 

steps and data quality assessments computed on each dataset. 

Chapters 4 to 6 embody the three analysis chapters. Chapter 4 highlights the long-term spatiotemporal 

variation of rangeland vegetation dynamics as expressed by greening and browning trends. Chapter 5 
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uses different satellite and modelled time-series data to identify those rangeland regions where climate 

was the predominant or subordinate controlling factor of rangeland vegetation. Chapter 6 applies both 

optical and microwave remotely sensed data to disentangle long-term changes in vegetation into its 

woody and herbaceous component. 

Chapter 7 is a combined discussion of the research findings from the three analysis chapters, assesses 

the main uncertainties, suggests the main future avenues of research, and, finally, provides a series of 

bullet points to recapitulate the key findings of the study. 

  



Chapter 1 

6 

  

 

 



Chapter 2 

7 

 Literature review  Chapter 2

2.1 Rangeland definition 

Defining rangeland is an important task. A thorough and clear definition of rangeland systems would 

allow to effectively estimate their extent, discern the owners or administrators, and define appropriate 

monitoring and management strategies (Lund, 2007). However, ca. 300 definitions of rangeland have 

been suggested in over a century of rangeland science, and therefore, the term rangeland is still rather 

nebulous (Reeves et al., 2015). For instance, depending on the definition or data applied, global 

rangeland are reported to occupy approximately 68,000,000 km2 (Mannetje, 2002; Sandhage-Hofmann, 

2016), 56,000,000 km2 (Galvin et al., 2008), 52,000,000 km2 (Anderson, 2005), 41,000,000 km2 (Briske, 

2017), or 35,000,000 km2 (Flintan, 2012) of the Earth’s surface. Another source of confusion relates to 

the land classes included, with frequent overlaps between rangeland and forest, dryland, pastureland, or 

woodland (Lund, 2007; Sayre et al., 2013). Therefore, it is not clear which of these estimates best 

approximate rangeland extent as well as the land cover types that should be considered as or excluded 

from rangeland systems. 

The first rangeland definition was proposed in 1923 when Arthur Sampson describes vast lands of the 

United States as areas where climatic conditions do not generally support farm cropping, and 

therefore, the principal economic function is the grazing of livestock (Sampson, 1923). Forty years 

later, Pratt et al. (1966) defined East African rangelands as “land carrying natural or semi-natural 

vegetation, which provides habitat suitable for herds of wild or domestic ungulates” (Pratt et al., 1966: 

369). Further, the authors suggested a classification method based on either ecological-climatic 

characteristics or physiognomic vegetation types (woody/grass ratio in terms of both quantity and 

shape). In 1984, van Gils introduced a stocking-rate element, describing rangelands as areas grazed by 

domestic livestock or wildlife with stocking density smaller than 1 Animal Unit (i.e., 250 kg of live 

weight) per hectare per year (van Gils, 1984). In 1995, Walker defined rangeland those semi-arid areas 

where rainfall is either too low or variable to ensure reliable for crop production (Walker, 1995). Three 

years later, the Society for Range Management (SRM) described rangelands as “land on which the 

indigenous vegetation, climax or potential, is predominantly grasses, grass-like plants, forbs, or shrubs 

and is managed as a natural ecosystem (if plants are introduced, they are managed similarly)” (SRM, 

1998). A more recent effort was made in 2011 by the conjunct collaboration of the International 

Grassland Congress (IGC) and the International Rangeland Congress (IRC), which worked on the 

development of uniform international terminology for global grazing lands and grazing animals. In this 

report, rangelands are defined as “land on which the indigenous vegetation (climax or sub-climax) is 

predominantly grasses, grass-like plants, forbs or shrubs that are grazed or have the potential to be 

grazed, and which is used as a natural ecosystem for the production of grazing livestock and wildlife. 

Rangelands may include natural grasslands, savannas, shrublands, many deserts, steppes, tundras, 

alpine communities and marshes” (Allen et al., 2011: 5). 
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Foundations and research institutes suggested similar definitions, such as the International Livestock 

Research Institute (ILRI), uncultivated grasslands, savannas, shrublands, and mixed 

grasslands/shrublands (Thornton et al., 2002), the Food and Agriculture Organization (FAO), areas 

where domestic and wild animals browse on uncultivated lands, which are not simply grasslands but 

include also regions with predominant woody cover (FAO, 2001), the United Nations Environment 

Programme (UNEP), uncultivated lands that supply grazing or browsing resources to domestic and 

wild animals (UNEP, 2008), or the United Nations Convention to Combat Desertification (UNCCD), 

“land, not just grazed by livestock, on which the natural vegetation is dominated by grasses and shrubs, 

and the land is managed as a natural ecosystem” (UNCCD, 2011: 9), among others. 

Any rangeland area shares some general characteristics. It is an uncultivated land, feature natural 

vegetation, is mostly used for domestic grazing and wildlife browsing, experiences highly variable 

climate, lies far from urban areas and markets, is scarcely populated, and people exploit it collectively 

employing agreed-upon rules (i.e., used in common) (Reid et al., 2014; Reynolds et al., 2007; Sandhage-

Hofmann, 2016). Alternatively, rangeland components may be commonly summarised using a land 

cover (e.g., grassland, savanna, shrubland) and a land use (e.g., grazing livestock) component. 

Notwithstanding the availability of this range of definitions and attributes, a reference international 

definition of rangeland is still lacking (Sandhage-Hofmann, 2016), and arguably, given the different 

objective that scientists, policymakers, stakeholders or international organisations are focused on, an 

agreement on the best way to identify and describe these systems may never be achieved (Reeves et al., 

2015; Reeves and Mitchell, 2011). Furthermore, authors have recently wondered whether other land 

use types should start to be considered in addition to grazing livestock or wildlife (Reid et al., 2014). 

This is because rangelands have been increasingly exploited for crops, mining activities, urban 

expansion, energy production, or sold to foreign investors for other uses (Herrick et al., 2012), 

implying that the way these ecosystems are nowadays understood may overlook or misrepresent the 

socio-ecological transformations currently taking place throughout global rangelands (Briske, 2017). 

However, this is an ongoing open debate that induces current rangeland studies to stick, for now, to 

the standard way of defining rangelands. Therefore, in lines with previous studies, this thesis applied 

the conventional rangeland framework as suggested in the IGC and IRG International Terminology 

for Grazing Lands and Grazing Animals (figure 2.1). 

 
Figure 2.1 Rangeland definition as in Allen et al. (2011). The IGC and IRC provided a comprehensive 
definition of rangeland systems. This definition, together with other important key characteristics (e.g., low 
population density), was used as reference information to set the rangeland framework for this study. Albeit 
some overlap may exist, other terms such as cropland, pastureland, urban area, dryland, or forest should not be 
used as synonymous for rangeland. 

Rangeland: land on which the indigenous vegetation (climax or sub-climax) is predominantly grasses, grass-

like plants, forbs or shrubs that are grazed or have the potential to be grazed, and which is used as a natural 

ecosystem for the production of grazing livestock and wildlife. Rangelands may include natural grasslands, 

savannas, shrublands, many deserts, steppes, tundras, alpine communities and marshes. 

Key words: uncultivated; livestock grazing; wildlife; low population density; climate variability; pastoralism. 
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2.2 Rangeland distribution 

2.2.1 Global rangelands 

Globally, rangelands cover more surface than any other land type (Reid et al., 2014). Occurring across 

all continents except Antarctica (Reeves et al., 2015), rangelands are estimated to account for 25% to 

45% of Earth’s land (Asner et al., 2004). More than half are located in Asia and Africa (36% and 30%, 

respectively) (Galvin et al., 2008), 13% are found in the USA, 10% in Australia, 8% in Latin America, 

and 3% in Europe (i.e., two-thirds occur in developing countries), yet again these percentages may vary 

depending on how rangelands are defined (Reid et al., 2014) (figure 2.2). Rangelands are not 

constrained to a specific aridity region. Rather, they range from arid to humid regions, with annual 

mean rainfall levels that vary from ca. 150 to ca. 1500 mm (Yahdjian and Sala, 2008). Rangeland 

physical boundaries are largely defined by soil conditions, elevation, and topography (White et al., 

2000). 

According to Nickerson et al. (2011), rangelands cover approximately 27% of the United States (ca. 

2,300,000 km2). These are mostly found in the western part of the country (west of the 95th meridian), 

with high altitude grasslands in the central region and drier environments in the north and California 

(Reeves and Mitchell, 2011). A relatively small extent of humid grasslands occur in the Florida 

peninsula (NRC, 1994). While in developing countries rangelands are largely used in common, about 

half of the US rangelands are privately owned, 43% is owned by the Federal government, and the 

remainder is controlled by states or local governments (NRC, 1994). The primary use of these 

rangelands is livestock grazing (Briske et al., 2015). Besides, US rangelands represent the historical 

open spaces of American culture and mythology, host millions of tourists every year (e.g., the 

American National Parks), produce energy, clean water, and minerals, provide habitats to wild flora 

and fauna, and work as a carbon sink (Booker et al., 2013; NRC, 1994). 

Australian rangelands, commonly known as the outback, occupy about 80% of the country (ca. 

6,200,000 km2) and account for a population of about 600,000 people (Bastin, 2008). The outback has 

been inhabited for 40,000 years by non-pastorals Aboriginal populations (Stafford Smith et al., 2007). 

Pastoral people and their domestic animals were introduced with the European occupation (ca. 200 

years ago), and since then, cattle and sheep livestock has represented an important source of income 

(Bastin et al., 2009). Besides grazing activities, ecosystem services provided by Australian rangelands 

include biodiversity conservation, carbon sequestration, water resources, and the provision of cultural 

and heritage spaces (Bastin, 2008). Also, the Natural Resource Management Ministerial Council 

(NRMMC) reported that the outback sustains a tourism industry of more than $2 billion per year 

(NRMMC, 2010). Ecologically, the wet tropical region in the north encompasses woodlands and 

savannas, while grasslands and shrublands are predominant in central and southern Australia where the 

climate tends to be more arid and semi-arid (Bastin, 2008). 
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Figure 2.2 Global rangeland extent. a, Extent as suggested by the Society for Range Management 
(SRM). b, Extent as suggested by Ellis et al. (2010). This figure reports the only two georeferenced global 
rangeland maps currently available. The SRM basemap was derived from the Terrestrial Ecoregions of the World 
map of the World Wildlife Fund (WWF) (Olson et al., 2001). Rangelands were here defined according to the 
major forms of plant growth in deserts, grasslands, shrublands, woodlands, savannas, and tundras (i.e., all land 
types but forest, lakes, rocks, and ice) (Davies et al., 2015) (a). The Ellis et al. (2010) product was retrieved from a 
population density and land use global gridded datasets estimated with History Database of the Global 
Environment (HYDE) model (Ellis et al., 2010) (b). A simple visual comparison highlights how non-standard 
definitions produce different estimates in global (and regional) rangeland extents. For instance, the SRM 
classified as rangeland the Sahara Desert or high-latitudes tundras, while Ellis et al. (2010) did not include these 
ecoregions in their rangeland estimations. Meanwhile, a similarity is shown between the extents of rangelands in 
Australia and South America. These maps were created by editing the original data downloaded from 
https://www.webpages.uidaho.edu/what-is-range/rangelands_map.htm (accessed date: 04/07/2019) (a), and 
http://ecotope.org/anthromes/v2/data (accessed date: 26/11/2016) (b). 

Some 33% of South America (ca. 6,000,000 km2) is occupied by rangelands, which largely extend 

throughout non-Amazon rainforest regions (Yahdjian and Sala, 2008). South American rangelands are 

usually associated with a typical terminology that is specific to each location. For instance, the 

Patagonian Steppes of southern Argentina are arid treeless grasslands (Yahdjian and Sala, 2008). 

Northern Argentina and Paraguay feature the Chaco, i.e., a spiky dry woodland, and Pampas, which are 

treeless temperate flat grasslands (Allen et al., 2011). In Uruguay, the northern part of the Pampa is 

known as Campo, featuring hillier landscapes and a sub-tropical climate (Bernardi et al., 2016a). 
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Central Brazil has the Cerrado, a non-treeless tropical savanna, while Llanos occur in Venezuela, 

Bolivia, and Colombia and represent extensive systems of tropical grasslands or savannas (Allen et al., 

2011; Olson et al., 2001). While ecological services provided by these rangelands are similar to the ones 

provided by other global rangelands (e.g., livestock grazing, carbon sequestration) (Bernardi et al., 

2016b), sheep grazing for wool production represents a further historical key use of these regions, 

particularly in the Patagonian Steppes (Blanco et al., 2014; Gaston and Martín, 2016). 

Asian rangelands are mostly concentrated in China and Mongolia. After Australia, China is the world’s 

second country as per rangelands extent, covering ca. 4,000,000 km2 (42%) of the Chinese territory 

(Ho and Azadi, 2010). Most of these rangelands occur in the sparsely populated regions of the north 

and southwest of the country (Xinjiang, Gansu, Inner Mongolia, and Qinghai provinces) (Hruska, 

2014). The climate varies from cold temperate (northern part) to tropical (southwestern part), resulting 

in very diverse soil types and, therefore, ecosystems. These ecosystems are broadly identified as 

grasslands, yet they include a range of plant diversity typical of alpine and arid meadows, tundras, 

steppes, shrublands, and deserts (Ren et al., 2008). Rangelands functions (e.g., recreational value, 

carbon regulation, clean water provision, soil conservation) directly support the Chinese territory 

wellbeing (Han et al., 2008). In addition, extended grasslands represent the home to millions of 

pastoralists and herders and their cattle, sheep, and goat livestock (Li and Li, 2014), as well as 

providing habitats to wild animals (e.g., argali, wild yak, leopard) (Redunah and Harris, 2002). Most 

(75%) of Mongolian land is classified as grass and shrub rangelands (ca. 1,300,000 km2) (Fernandez-

Gimenez and Allen-Diaz, 1999). While the leading ecosystem is broadly referred as temperate 

grasslands (Khishigbayar et al., 2015; Ulambayar et al., 2016), the vegetation is more specifically shaped 

by i) high climate variability, with temperature ranging from -50°C in High and Taiga Mountain 

(winter), to +40°C in the Gobi Deserts (summer); ii) elevation, spanning from ca. 500 m in the eastern 

steppes to ca. 4,400 m in the Altai Mountains; iii) short growing season and generally low annual mean 

precipitation (100 to 400 mm) throughout the whole country (Reading et al., 2006). Nomadic pastoral 

communities have exploited Mongolian rangeland for the last 4,000 years (Johnson et al., 2006), and 

herding is still, by far, the most extensive land use of these landscapes (Galvin, 2009; Li et al., 2005). 

Other rangeland systems are found in the Arabian Peninsula, dominated by semi- to hyper-arid areas 

across Saudi Arabia, Yemen, Lebanon, Syria, Iraq, and Jordan. Here, rangelands are usually known as al 

badia and have been historically inhabited by nomadic communities of Bedouins (Ziadat et al., 2012). 

Minor rangeland regions are finally found in Turkey (150,000 km2) (Mermer et al., 2015), Europe (ca. 

4,000,000 km2, mostly tundra) (White et al., 2000), and Afghanistan. 

2.2.2 African rangelands 

To date, no agreement has been yet achieved on the extent of global rangeland. Likewise, scarce 

concordance exists also at the continental scale, and Africa is no exception. Estimations of the African 

rangeland extent are not frequent. Previous studies quantified African rangelands as extended as ca. 
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22,000,000 km2 (72% of the African continent) (Flintan, 2012), ca. 13,000,000 km2 (43%) (Hoffman 

and Vogel, 2008), ca. 10,500,000 km2 (34%) (Ellis and Ramankutty, 2008), or ca. 3,500,000 km2 (12%) 

(FAO, 2017). Africa presents unique features that cause ecosystems to exist under very variable 

climates. Its ca. 30,000,000 km2 of land is nearly equally distributed in both the north and south 

hemispheres, covering an extremely heterogeneous landscape made of arid to sub-humid areas, the 

second world’s largest rainforest, and complex topographic features (Hoffman and Vogel, 2008). In 

addition, Africa’s weather complexity is increased by many critical atmospheric factors that further 

affect the status of natural systems. These include the migration of the Inter-Tropical Convergence 

Zone (ITCZ), trade winds, El Niño and La Niña Southern Oscillations (ENSO), the North Atlantic 

Oscillation (NAO), and the West and East African Monsoon (Hulme et al., 2001; UNEP, 2016). 

2.2.2.1 The Maghreb 

The Maghreb region encompasses rangelands of Mauritania, Morocco, Libya, Tunisia, and Algeria. 

Rangelands of Mauritania, however, occur only in the southern part of the country, and therefore they 

are commonly reported in Sahel studies. The climate of Maghreb gradually spans from semi-arid along 

the northern edge of the continent, to arid and hyper-arid moving southwards to the Sahara Desert. 

Annual mean precipitation follows a similar gradient, ranging between 400 mm in the north to 100 mm 

in the Sahara-Sahel limit (Mahyou et al., 2016). The rainfall variability of the region is predominantly 

studied in relation to the NAO. A positive NAO index refers to an above-average dipole pressure 

system between the Azores (low) and Iceland (high) that promotes the onset of dry conditions over 

northern Africa and southern Europe, while a weak dipole pressure system increases the chances of 

storms and rains (Hurrell et al., 2003). Different studies showed a strong correlation between NAO 

oscillation and rainfall over the Maghreb (Mariotti and Dell’Aquila, 2012; Marshall et al., 2001), yet 

others highlight that both elevation and topography of the Atlas Mountains chain, stretching for 2,500 

km from Morocco to Tunisia with peaks up to 4,000 m (Del Barrio et al., 2016), can locally minimize 

teleconnection effects (Meddi et al., 2010; Tramblay et al., 2013). Maghreb rangelands are commonly 

classified as steppe or sparsely vegetated shrublands, with the Stipa tenacissima representing the 

dominant perennial grass species (Martínez-Valderrama et al., 2018; Slimani et al., 2010). For centuries, 

the overall dry conditions and the vast extension of this drought-resistant plant favour both nomadic 

pastoralists and local communities with their goats, sheep, and camels grazing activities (FAO, 2017; 

Martínez-Valderrama et al., 2018). 

2.2.2.2 Sub-Saharan Africa 

According to the United Nations Statistical Division, Sub-Saharan Africa (SSA) is a macro-region 

extending from the Sahel to South Africa. Arid and semi-arid environments represent the most 

common SSA rangeland landscape, where some 270,000,000, both pastoralists and agro-pastoralists, 

directly depend on livestock as their primary source of sustenance and income (FAO, 2017). The SSA 

heterogeneous seasonality defines the movement of both livestock and wildlife between dry and wet 
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seasons, and pastoral’s mobility changes depending on the temporal and spatial rainfall variability, and 

therefore water and pasture resources, of specific areas (de Jode, 2010). 

2.2.2.2.1 Sudano-Sahelian zone (SSZ) 

The transition zone between the Sahara Desert and humid savannas of western and central Africa is 

the Sudano-Sahelian zone (SSZ). Deriving its name from the Arabic (sahil: ساحل, i.e., shore), the SSZ 

stretches for about 6,000 km from the Atlantic Ocean to the Red Sea, in a 450 km wide fringe 

presenting a significant west-east homogeneity in terms of both climatic and ecological features 

(Nicholson, 2013). Instead, from the northern to the southern boundary, climatic conditions and 

vegetation cover change progressively. SSZ rangelands are a mixture of different savanna-type 

vegetation spanning from perennial grass and sparse shrubs along the driest Saharan edge to annual 

grass and sparse spiky trees in the central zone. The humid fringe to the south features annual grass 

with shrublands and flowering woodlands, generally never exceeding the 5% of woody cover (Breman 

and De Wit, 1983; Le Houerou, 1980). Here, agricultural lands occur as they are favoured by the long 

rainy season length (up to 3-4 months), while the ca. shorter 1.5 months rainy season of the upper 

zone allows predominantly pastoral nomadism (Anyamba et al., 2014). Thus, rainfall availability 

broadly controls vegetation and land use covers, pasture availability, grass types, crops, amount of 

shrubs and trees, and therefore primary productivity and carbon cycle activity (Le Houerou, 1980; 

Running, 2008). The annual mean precipitation across the SSZ roughly ranges between 100 and 200 

mm along the Sahara belt and increases up to 600 mm towards the meridional limit (Breman and De 

Wit, 1983), yet these values might be of difficult to quantify because of the i) significant interannual 

rainfall variation (Anyamba and Tucker, 2005); ii) the long-lasting rainfall shortage conditions following 

the devastating droughts of the 70s and 80s, (Sheffield et al., 2014; Zeng, 2003); iii) rainfall significant 

variations over the last 40 years as a possible response to climate change (Nicholson, 2005). While, 

unlike in the Maghreb or East Africa, the SSZ low altitudes do not play a significant role in controlling 

rainfall patterns, the north-to-south rainfall gradient, its timing, and spatial distribution are mainly due 

to the migration of the ITCZ (Lebel and Ali, 2009) (figure 2.3), yet recent studies also embraced a 

more complex system of higher-level jet winds forming in western Africa and in the Himalaya plateau 

(Nicholson, 2013). 

2.2.2.2.2 Eastern Africa 

SSZ studies generally extend up to central Sudan as eastern Africa climate is affected by other 

components that may sometimes neglect large-scale patterns (Nicholson, 2013), such as the Indian 

Ocean Dipole (IOD), El Niño and La Niña, the western Indian Ocean warm-up (Daron, 2014; 

Nicholson and Selato, 2000) and the complex topography (Indeje et al., 2000). IOD is an ocean-

atmosphere interaction causing cyclic sea surface temperature (SST) anomalies across the Indian 

Ocean. Active IOD years push warm water in the western part of the Indian Ocean, causing thus 

severe precipitations over eastern Africa (drought conditions concur in Indonesia and Australia) (Saji et 

al., 1999) On the contrary, negative IOD events generally lead to prolonged rainfall shortage (i.e., 
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droughts) (Lu et al., 2018). IODs events averagely occur every three to five years, and they generally 

onset in the short rainy season, i.e., October and November (Tierney et al., 2015). Similarly, during El 

Niño events, eastern Africa experiences positive rainfall anomalies because of high SST in the western 

Indian Ocean, while drought conditions are observed in southern Africa and Australia (the opposite 

situation occurs during La Niña) (Mason and Goddard, 2001). As for the IOD, ENSO effects are 

predominantly observed from and after the short rains (Schreck and Semazzi, 2004). El Niño and La 

Niña do not appear to be related to the IOD activity, yet they may occur simultaneously thus 

reinforcing dry or wet conditions (Saji et al., 1999). For instance, the positive rainfall anomalies 

recorded over East Africa between October 1997 and May 1998 are primarily described as a 

consequence of one of the strongest El Niño in history, but a simultaneous positive IOD emphasised 

extreme weather conditions in the region (Schreck and Semazzi, 2004). On the other hand, the deadly 

drought hitting the Horn of Africa in 2011 did not seem to relate to any IOD events. In fact, after a 

strong La Niña event weakened the 2010 short rain, the following 2011 long rains failed because of 

increasing SST recorded in the eastern Indian Ocean (Funk, 2011). Finally, many studies have been 

focusing on the recent Indo-Pacific pool warming process, arguing that i) following the Walker 

circulation model, it favours a dry high-pressure region over East Africa (Williams and Funk, 2011); ii) 

it directly affects eastern Africa long rains (Lyon and Dewitt, 2012); iii) it may be driven by 

(anthropogenic) climate change (Lott et al., 2013). Therefore, this phenomenon is boosting concerns 

for increasing future droughts across eastern Africa (Peterson et al., 2012). 

 
Figure 2.3 The Inter-Tropical Convergence Zone (ITCZ). This figure helps to understand the ITCZ 
characteristics and the main effects on African seasonality. The information reported in this figure is from 
Nicholson and Grist (2003), Anyamba et al. (2014), and Cornforth (2012). 

ITCZ: a low-pressure zone where trade winds converge. It follows the movement of sun’s heat, 

reaching northernmost latitudes in the boreal summer and southernmost latitudes in the austral 

summers. When the ITCZ crosses the equator moving northward, the trade winds deflection and 

the temperature difference between the Sahara and the Atlantic Ocean create the typical monsoon 

summer conditions (i.e., the West Africa Monsoon), bringing rain in the Gulf of Guinea countries 

and in the southern SSZ between May and July. The ITCZ completes its path reaching the 

northernmost position between July and October, which is the wettest time of the year in the SSZ 

and, broadly, represents the growing season of the region. Vice versa, the ITCZ lies at 

southernmost latitudes during the austral summer (December to February), with the Sahel 

experiencing the driest time of the year (winter drought or winter monsoon). Therefore, the 

migration of the ITCZ directly affects the seasonality of the SSZ, sub-Sahara Africa and beyond. 

Areas experiencing the ITCZ once a year have one principal rainy season (i.e., northernmost and 

southernmost latitudes), while areas along the ITCZ path features two rainy seasons, one occurring 

when the ITCZ migrates northwards and one when it moves southwards. This meteorological 

process is particularly emphasised in the eastern part of Africa, where the ITCZ excursion is at its 

peak given that land warms up faster than water bodies. 
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East Africa's topography adds further complexity to rainfall patterns and variability. Altitudes vary 

from desert lowland of Somalia to flat plateau of Ethiopia (4,000 m) and high mountains of Kenya 

(5,000 m), and from below sea level areas to large lake ecosystems along the Rift Valley (Spear et al., 

2017a). Consequently, precipitation gradients vary dramatically both spatially and temporally (Indeje et 

al., 2000; Liebmann et al., 2012). Mean rainfall overall decreases moving towards low altitude areas, 

with minimum values in the coastal areas of Somalia, Djibouti, and Eritrea (100 to 200 mm per year), 

and higher values at high altitude in Ethiopia and Kenya (more than 1,200 mm per year) (Liebmann et 

al., 2012; Sitters et al., 2009). Mirroring rainfall patterns, eastern African ecosystems are a mosaic of 

vegetation types ranging from humid forests to semi-desert grasslands, with rangelands occurring 

predominantly in lowland regions and featuring mainly grass-legumes grasslands with scattered shrubs 

and woody vegetation (Nicholson et al., 1990; Pricope et al., 2013). 

2.2.2.2.3 Southern Africa 

The movement of the ITCZ, El Niño, and La Niña events directly affect also southern African 

climate, with the former controlling the seasonality, and the latter favouring the onset of dry and wet 

periods (Anyamba et al., 2002; Mason and Goddard, 2001). As explained in the previous section, 

southern and eastern Africa have opposite responses to an El Niño event, the former being 

characterised by below-average rainfall conditions and the latter by above-average rainfall conditions 

(vice versa in case of La Niña events) (Mason and Goddard, 2001). In addition, the Indo-Pacific 

warming pool process affecting long rains in eastern Africa may also weaken the December to 

February rainy season of southern Africa (Funk et al., 2008). Overall, southern Africa aridity regions 

range from arid in the west to the humid regimes in the north and eastern part, while the central 

regions are mostly identified as semi-arid (Spear et al., 2017b). Consequently, vegetation cover spans 

from desert to semi-forest, with rangeland areas mainly featuring savannas and woodlands (Wessels et 

al., 2004). In South Africa, the veld is a common term to identify semi-arid savannas, grasslands or 

shrublands, and it is often used in rangeland studies (Kong et al., 2015). The term veld is reported in 

the IGC and the IRC glossary and includes the principal rangeland features, i.e., indigenous vegetation 

used for browsing or grazing that does not have to be necessarily climax (Allen et al., 2011). 

2.3 Importance of rangelands 

Rangeland areas are still sometimes defined negatively, rough or inaccessible as they do not belong to 

other more economically productive land types (e.g., cropland, forest, urban area) (Sayre et al., 2013). 

However, global rangelands fulfil a broad range of essential ecosystem services, i.e., benefits that nature 

provides to society (Daily, 1997). Rangeland ecosystem services are found in all the four categories 

suggested by the Millennium Ecosystem Assessment (MA), including supporting, provisioning, 

regulating, and cultural ecosystem services (Sala et al., 2017) (figure 2.4). 

Supporting services are not directly used by people. However, they are essential because they enable 

the availability of all other ecosystem services (Sala et al., 2017). For instance, food, wood, and fibre 
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(i.e., provisioning services) can be produced only if species, genetic, functional biodiversity is 

maintained or soils conserved (Sala et al., 2017). Likewise, rich biodiversity helps the maintenance of 

pollinators and other insects covering pest control, decomposing, or scavenger functions (i.e., 

regulating services) (FAO, 2011). In addition, rangelands biodiversity hosts large wildlife communities 

of mammals, birds and many plant species, providing shelter for some 12,000 grass species and about 

10% of the endemic bird areas of the world (FAO, 2011; IUCN and UNEP-WCMC, 2015). In eastern 

and southern African, rangelands are reported to host the world’s greatest diversity of large mammals 

(UNEP, 2016). For instance, every year between June and August, ca. 1,500,000 million wildebeests 

and zebras are estimated to migrate from the Serengeti area (Tanzania) to the Maasai Mara Reserve 

(Kenya) (Waithaka, 2004). In turn, this supports other satellite touristic activities such as wildlife 

observation, photography, bird-watching, hiking (i.e., cultural ecosystem services) (Yahdjian et al., 

2015). 

 
Figure 2.4 Rangeland ecosystem services. Categories and examples of ecosystem services provided by 
rangeland systems classified as suggested by MA (2005). This way of classifying ecosystem services is still in use 
despite MA, which ended in 2005, was largely replaced by the Sustainable Development Goals (SDGs). 

Provisioning services are goods that can be either directly exploited by communities for their 

livelihoods or sold to markets (Sala et al., 2017). Rangeland-derived goods are predominantly linked 

with livestock keeping because the low and variable rainfall levels of most rangelands are not suitable 

for agriculture (Nori and Neely, 2009). Therefore, livestock represents the most traditional practice 

across global rangelands (Arnalds and Archer, 2000). Countries largely occupied by rangeland were 

shown to have ca. 50% of the gross domestic product coming from livestock production (Milne and 

Stephen, 2015). Overall, the livestock sector is dominated by domestic animals including cattle, sheep, 

goats, and camels (Sandhage-Hofmann, 2016) and, particularly in Africa, livestock has shared 

rangeland spaces with wildlife for millennia (Odadi et al., 2009). Throughout eastern and western 

Africa, ca. 50,000,000 livestock producers and ca. 200,000,000 agro-pastoralists directly support their 

families and communities, as well as massive meat, dairy products, and leather industries based on 

domestic animals fed only on rangelands resources (de Jode, 2010). In Tanzania, 70% of the country 

milk production (i.e., some 770,000,000 litres in 2006) derived from the livestock grazed on rangelands 

(United Republic of Tanzania, 2006). In arid and semi-arid rangelands of Kenya, pastoral economy 

ensures about 90% of employment opportunity and up to 95% of family income (Opiyo et al., 2015), 

while in Ethiopia it ranks second only after the coffee industry (de Jode, 2010). Livestock activities, 

together with vegetation, fauna, and human needs, are strongly related to water availability, which is 

another important example of provisioning ecosystem service. Rangelands cover an important 

Supporting: habitat and biodiversity, soil preservation, nutrient cycling, primary production 

Provisioning: food (e.g., meat and dairy products), water, medicine, wood, shade, fibre 

Regulating: climate regulation, carbon storage, pollination, flood regulation 

Cultural: recreation, heritage, tourism, education, spiritual 
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hydrologic role by collecting, storing and providing water coming from the ground, precipitation or 

runoff (Havstad et al., 2007). The watershed role played by rangelands ensures clean water availability 

and purification (Hunt, Jr. et al., 2003). 

The key regulating ecosystem service is represented by the capacity of rangelands to store large 

amounts of carbon and, therefore, foster climate change mitigation slowing down rising atmospheric 

carbon dioxide concentrations (Ballantyne et al., 2012). The rangeland carbon storage capacity is an 

important global benefit. In fact, because greenhouse gases mix in the atmosphere, the carbon stored 

by healthy rangelands will benefit the entire planet regardless of where this occurs (Sala et al., 2017). 

Rangelands carbon storage refers to the carbon stored in soils as well as the aboveground carbon 

(AGC) sequestrated by grasses, trees, bushes, and shrubs via photosynthesis (Vashum and Jayakumar, 

2012). Therefore, it is strictly related to primary production (i.e., a supporting service). Rangelands soils 

and vegetation are estimated to store some 35% of the world’s soil carbon (Grace et al., 2006; White et 

al., 2000), and, if properly managed, they represent the ecosystem with the highest carbon 

sequestration potential (Lal, 2004a). This is because, unlike other important carbon sponges with 

higher per unit area carbon storage (e.g., forests, wetlands), rangelands cover more (i.e., ca. half) 

Earth’s surface than any other land type (Mannetje and Jones, 2000; Reynolds et al., 2007). 

Cultural services are represented by non-material benefits (Yahdjian et al., 2015). These include cultural 

identity, spiritual, ethical, and religious values (Sala et al., 2017). While these largely refer to cultural 

services of local pastoral communities (Robinson et al., 2019), rangelands are increasingly becoming 

the destination of recreation and eco-tourism activities. For instance, the number of people visiting the 

National Parks of the US increased from 77,000,000 to 90,000,000 between 1996 and 2011 (Yahdjian 

et al., 2015). Similarly, wildlife tourism in Kenya generates large incomes thanks to the presence of rare 

species such as white and black rhinos, Grevy zebras, and African wild dogs (Keesing et al., 2018). 

To ensure that rangelands will continue providing these ecosystem services in the future, it is crucial to 

monitor changes in rangeland ecosystem functioning and understanding the causes of such changes 

(IPBES, 2018). Understanding ecosystems behaviour and explaining the processes causing ecosystem 

changes is a task of the ecological theory (Bestelmeyer et al., 2003), while rangeland monitoring 

consists in “measuring the major changes, condition and trend, over time and space of the principal 

parameters affecting rangeland health” (James et al., 2003: 321). The conjunct work of rangeland 

ecology, assessing (and reassessing) rangeland ecological principles since the early the 1900s, and 

rangeland monitoring, has informed, through time, how rangeland scientists, ecosystem managers, and 

policymakers should manage rangeland ecosystem (Fuhlendorf et al., 2012). The following two 

sections provide an overview of rangeland ecology history (section 2.4) and rangeland monitoring 

approaches (section 2.5). Both these aspects are pivotal for appropriate rangeland management (Booth 

and Tueller, 2003; Briske et al., 2003). 
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2.4 Rangeland ecology 

The history of rangeland ecology featured dramatic transformations since the nonequilibrium 

principles and, more recently, the resilience theory challenged the traditional equilibrium assumptions 

that dominated until the late 80s (Scoones, 1999). Different authors are still sceptical in defining this 

transition as a proper paradigm shift because the equilibrium approach has not been fully replaced by 

newer theories (Briske et al., 2003). However, many and more sophisticated rangeland dynamics have 

been observed in response to internal and external factors, and at varying spatiotemporal scale (Gillson 

and Hoffman, 2007). The new ecology era changed the way rangelands, and ecosystems in general, 

were studied and understood, thus revisiting at the same time how these systems are and, more 

importantly, should be managed. A thorough understanding of ecological processes is of crucial 

importance not only as they represent the basis for the provision of ecosystems services that 

communities obtain from rangelands, but also for proper environmental care (Briske, 2017). 

Importantly, the existence of increasing socioeconomic interactions within rangeland systems makes 

current rangeland ecology and management more challenging than before (Reid et al., 2014). 

2.4.1 Equilibrium paradigm 

Thomas Kuhn defined a paradigm as a group of concepts, methods, and principles that the scientific 

community uses to frame research problems and interpret their results (Kuhn, 1970). Starting from the 

beginning of the twentieth century, equilibrium ecology was the paradigm that dominated rangeland 

studies and management for nearly 80 years. The root of equilibrium concepts is attached to Frederic 

Clements, who describes ecological successions as a process starting with an initial bare ground stage 

and progressing from a pioneer species encroachment to a climax final phase (Clements, 1916). 

According to this theory, plant successions develop in one predictable direction until they are in 

equilibrium with the long-term climatic conditions of a site (Peters et al., 2012). The fact that the 

climax state refers to the overall average climate of a site suggests that equilibrium systems are not 

affected by abiotic factors, overlooking the role played by climate variability and random events (Wu 

and Loucks, 1995). In its simplest definition, the equilibrium paradigm is founded on the concept of 

balance of nature, which assumes that ecosystems have the intrinsic ability of self-regulation which, 

following a continuous and reversible dynamic, enable them to return at a pre-disturbance state once a 

disturbance is over (Wu and Loucks, 1995). The internal self-regulation capacity refers to those 

negative feedbacks acting as stabilizing components of a system, and that within rangeland ecology are 

predominantly identified as plant competition and animal-plant interactions (Briske et al., 2003). 

Grazing and, more broadly, animal grazing intensity became the main studied variable for the 

characterization of vegetation status after the Clementsian theory was specifically adapted to rangeland 

environments by Sampson (1919) and Dyksterhuis (1949). In other words, equilibrium systems feature 

tightly coupled plant-animal interactions (Briske et al., 2017). Thus, for instance, studies aimed to 

identify and describe the potential equilibrium component of a rangeland system focus on significant 

species-composition variations after removing completely the grazing element or following the 
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imposition of different grazing pressures (Fernandez-Gimenez and Allen-Diaz, 1999; Fuhlendorf et al., 

2001). An additional characteristic of equilibrium systems is the animal population growth rate. The so-

called density-dependent patterns limit growth based on the density of the population, meaning that as 

the population increases also resource competition increase, with livestock size that eventually levels 

out until it reaches an equilibrium stable stage (Vetter, 2005). More precisely, the system self-adjusts to 

its carrying capacity, defined as the step when “the production of forage equals the rate of its 

consumption by animals, and the livestock population ceases to grow because limited feed supplies 

produce death rates equal to birth rates” (Behnke and Scoones, 1992: 5). Different, yet intuitively 

related and management-oriented, is the meaning of economic carrying capacity, which refers to the 

optimal animal number per unit area that can provide certain ecosystem services (Benjaminsen et al., 

2006). However, a fixed carrying capacity in the sense of long-term plant-animal balance is unlikely, 

especially in regions with high climate variability such as arid and semi-arid lands, where resource 

availability, and therefore animal number, fluctuates together with abiotic factors stochasticity (Arrow 

et al., 1995; Gillson and Hoffman, 2007). For this reason, different studies argued that the carrying 

capacity cannot be a fixed quantity, and therefore started to think of a more complex and dynamic 

variability of ecological systems (Behnke and Scoones, 1992; Scoones, 1995). 

The equilibrium paradigm was not challenged only because of the misleading assumption of an 

equilibrium carrying capacity. Actually, criticisms were made even earlier. For instance, different case-

studies from the United States showed that woody plant encroachment in rangelands was not a direct 

cause just of grazing intensity and, more significantly, it was demonstrated that removing animals did 

not halt or reverse the woody expansion phenomenon (Laycock, 1991; Westoby et al., 1989). 

Scepticisms regarding the existence of an equilibrium between vegetation and livestock is also reported 

in revolutionary research carried in the Turkana District, Kenya, where it was observed that recurring 

droughts kept animal numbers well below the carrying capacity defined in policies that led to extended 

rangeland degradation (Ellis and Swift, 1988). In addition, other random factors were identified as 

responsible for non-linear dynamics, such as floods or strong soil erosion (Westoby et al., 1989). And 

humans, particularly in recent times, make rangelands a much more complex socio-economical system 

than simple plant-animal dominated ones (Sayre et al., 2012). Hence, in the early 1990s evidence of a 

paradigm crisis emerged, highlighting both the dissatisfaction with the equilibrium model and the need 

for a paradigm shift, i.e., the adoption of a new approach (Wu and Loucks, 1995). More precisely, the 

paradigm shift led to two independent new theories, namely the nonequilibrium paradigm and the state 

and transition model. 

2.4.2 Nonequilibrium paradigm and state-and-transition model (STM) 

The nonequilibrium paradigm challenged the traditional equilibrium assumptions by exploring the 

dynamic variability of most ecological systems (Scoones, 1999). The nonequilibrium theory refers to 

discontinuous and not necessarily reversible vegetation changes driven by periodic and random 

external events, against which an ecosystem generally does not possess a significant self-regulation 
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capacity (Briske et al., 2003). This concept highlights a major difference between equilibrium and 

nonequilibrium paradigm, i.e., that the former is predictable thanks to their auto-balancing capacity, 

while the non-linearity of the latter results in a difficult system’s predictability. In turn, this has logical 

implications in terms of rangeland management decisions (Ellis and Swift, 1988; Westoby et al., 1989). 

In its strict sense, nonequilibrium is a system dominated by abiotic factors, which hence implies that 

domestic or wild animals do not have much effect on rangeland vegetation (Ellis and Swift, 1988). In 

other words, vegetation and herbivores feature loosely coupled interactions. Unlike in equilibrium 

systems, the animal population pattern is driven by density-independent factors, which again are those 

stochastic events (e.g., droughts, flood) that affect animal numbers irrespective of its density and hence 

minimize the relevance of the fixed carrying capacity concept (DeAngelis and Waterhouse, 1987). 

Simultaneously to nonequilibrium paradigm, the state-and-transition model (STM) was suggested and 

described as a model that “would describe rangelands by means of catalogues of alternative states, and 

catalogues of possible transitions between states” (Westoby et al., 1989: 266). The basic idea consists of 

framing rangeland vegetation as an ensemble of individual stable states and transitions amongst them 

(Bestelmeyer et al., 2003). Within each state, the ecological dynamic may be driven by disturbances, 

auto-regulating processes, or interannual climate variability, and therefore it follows more of a 

reversible and linear dynamic (Bestelmeyer et al., 2017). On the other hand, the transition between 

states implies that the system is forced from one state to another state, trespassing thus a threshold 

that can be reversed only via management interventions (Bestelmeyer, 2006). It is therefore intuitive 

that STMs were originally developed as a management concept. In fact, using all the known possible 

vegetation states and transitions of an ecological site (i.e., the catalogue as named by Westoby et al. 

(1989)) one could prevent hazardous transition or allow favourable conditions (Westoby et al., 1989). 

However, the use of thresholds is still not straightforward because of the difficulties in defining with 

sufficient precision where, when or if a threshold may occur (Bestelmeyer, 2006; Stringham et al., 

2003). 

At an early stage, equilibrium and nonequilibrium appear to be exclusive, i.e., a system features either 

equilibrium or nonequilibrium dynamics. Instead, considering the features of STMs, it is evident that 

they actually encompass also the range model (as equilibrium rangeland analysis was defined by 

Dyksterhuis in 1949), minimizing the dichotomy between the two paradigms. For these reasons, Briske 

et al. (2003) dispute the concept of a paradigm shift, but rather invoke a paradigm interaction. Other 

authors support this idea. For instance, an experiment carried out in three locations in Mongolia 

proved that vegetation dynamics are impacted by both grazing (equilibrium) and climate variability or 

events (nonequilibrium) (Fernandez-Gimenez and Allen-Diaz, 1999). Illius and Connor (1999, 2000) 

assert that density-dependent patterns (equilibrium) may still occur in some specific survival resource 

areas (i.e., foraging zones for animals (Ngugi and Conant, 2008)) during the dry season in arid and 

semi-arid rangelands. They also pinpoint that it is essential to evaluate both the spatial and temporal 

scale of a system, as effects of a drought, a specific stocking rate, or certain climate variability, vary 

according to the spatiotemporal scale considered (Fuhlendorf et al., 2001). Thus, as also reported by 
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DeAngelis and Waterhouse (1987), an equilibrium condition is likely to generally emerge from an 

adequate large spatial scale, and vice versa (Illius and Connor, 1999). 

Rather than a paradigm shift, it is more appropriate to conclude that a paradigm interaction better 

describes ecological dynamics of rangelands as it overlooks neither the abiotic stochasticity nor the 

ecosystems' self-regulation capacity. Rangeland ecology initially moved beyond the equilibrium 

approach. However, as recent evidence reconsider the presence of equilibrium dynamics, rangeland 

ecology is also replacing the nonequilibrium principle with the STMs and resilience theory because 

ecosystems live between an equilibrium and nonequilibrium continuum, show multiple stable states, 

and do not feature only nonequilibrium dynamics (Briske et al., 2017). 

2.4.3 Resilience theory 

“How much can you change without losing your identity and become a different person? 

How much can a city change before it becomes a different city? Or a forest, before it starts 

to function and to look like another kind of forest? All these questions are about resilience.” 

Professor Brian Walker uses these questions to introduce resilience in an explanatory video upload in 

2009 on the Stockholm Resilience Centre YouTube official channel 

(https://www.youtube.com/watch?v=tXLMeL5nVQk&t=36s). Officially, the term resilience 

appeared in the literature in Holling’s seminal paper Resilience and stability of ecological systems. He 

states that “resilience determines the persistence of relationships within a system and is a measure of 

the ability of these systems to absorb changes of state variables, driving variables, and parameters, and 

still persist” (Holling, 1973: 17). Further, he describes resistance as the ability of a system to return to 

an equilibrium state, i.e., the more linearly and quicker it returns the more stable it is. For instance, an 

ecosystem can be still resilient even if it oscillates significantly. Since 1973, ecological resilience 

concepts have evolved greatly, found applications in many specific systems, such as forests, oceans, 

fisheries or rangelands, and included implications related to communities, institutions, and governors. 

Holling (1973) uses resilience to better explain ecosystems’ non-linear dynamics and, more specifically, 

ecosystems far from equilibrium. His definition acknowledges that a system may not be able to return 

to its original equilibrium state, meaning that it can potentially find a new balance in a different stable 

state (Gunderson, 2000). Thus, ecosystems and their communities might be found in one of the 

possible stable states (Holling, 1973; May, 1977). Gunderson (2000) effectively links resilience and 

multiple stable states explaining that the former is the property that arbitrates transitions amongst the 

latter. From this consideration, a more recent definition of resilience would be the ability of a system to 

cope with disturbances and reorganize while experiencing changes, yet to remain in the same state 

(Walker et al., 2004). Instead, assuming that a system features one single stable state only, resilience 

would be named engineering resilience, which simply refers to the time that the system takes to return 

to the equilibrium point after a shock (Peterson et al., 1998). In other words, engineering resilience 
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describes the ecological behaviour close to equilibrium, while ecological resilience broadly corresponds 

to the nonequilibrium paradigm (Briske et al., 2017). 

A common way to graphically explain resilience consists in using the basin-of-attraction concept. The 

basin of attraction represents the region where the system tends to exist and remain, while the ball is 

the state of the systems, which tends to move towards the valley. All the possible stable states form the 

stability landscape (Walker et al., 2004). In a basin-of-attraction, the slope affects how quickly a system 

returns at equilibrium, referring thus to the negative feedbacks keeping the system in balance 

(engineering resilience), while the width refers to the resistance of the ball to a disturbance before it 

moves in a new state (ecological resilience) (Peterson et al., 1998). In wider basins, the disturbance has 

to be sufficiently large to push the ball outside the basin limits, and in this case, the steepness will 

affect the velocity of the ball returning towards the attractor only when the shock is too small to cause 

a change state (Beisner et al., 2003). The ball can be pushed from one basin to a different basin (i.e., 

beyond a tipping point or threshold) following either a modification in the biotic component (e.g., 

predator removal or addition) or because of abiotic changes altering the intrinsic characteristic of a site 

(Beisner et al., 2003; Briske et al., 2006). 

From a management point of view, being aware or predicting the existence of alternative stable states 

is of crucial importance as it would set the conditions to either favour a state-switch to a more 

favourable condition or, more importantly, to prevent negative changes (Carpenter et al., 1999). 

Importantly, while some systems react to disturbances gradually, others may approach a tipping point 

slowly, when just a further little shock can push them to a dramatic state (Scheffer et al., 2001). An 

example of state switch is the recent and ongoing woody plant encroachment that is replacing the 

typical grass-shrubs composition in many global rangelands, with authors that are still investigating and 

trying to fully understand causes and drivers (Stevens et al., 2017; Wigley et al., 2010) (figure 2.5). 

Other examples include strong number variations in phytoplankton colonies, variation in lakes water 

turbidity, or refer to the Sahara vegetation collapse of ca. 5,500 years ago (Scheffer and Carpenter, 

2003). Management actions aimed to bring a system to a pre-threshold state should not just try to 

restore the condition as before the state change, but rather go through another state-switch (Scheffer 

and Carpenter, 2003). This backward movement (e.g., land recovery) might be the same as the forward 

process (e.g., land degradation), but sometimes it occurs to be different. In resilience, the difference 

between backward and forward movement is known as hysteresis (Walker, 1993). 

The resilience theory and the state-and-transition model are replacing the pure nonequilibrium 

approach because what used to be defined as a nonequilibrium system is now more precisely framed as 

multiple equilibria (Briske et al., 2017). But what is the relationship between resilience and STMs? As 

explained before, STMs are organised as a series of known states divided by thresholds that a given 

ecosystem can support, and they still represent a widely used tool for rangeland assessment processes 

(Briske et al., 2006). STMs have evolved considerably since they were first described by Westoby in 

1989, and have been recently framed within an ecological resilience perspective (Briske et al., 2017). In  
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Figure 2.5 Example of the nested potential factors affecting woody plant expansion. The information 
reported in this figure is from Archer et al. (2017), Browning et al. (2008), Daskin et al. (2016), Oliveras and 
Malhi (2016), Osborne et al. (2018), Stevens et al. (2016), van Langevelde et al. (2003), and Venter et al. (2017). 
Imaged edited from Oliveras and Malhi (2016) and Daskin et al. (2016). 
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At broad spatial scale, the vegetation is largely set by precipitation. Low rainfall levels are not able to sustain 

closed-canopy woody vegetation, and therefore the abundant grass layer can produce high fuel that increases 

fire activity (e.g., grassland-like state). High rainfall levels close the canopy, increase soil moisture, exclude 

light-dependant grasses, and suppress fire (e.g., forest-like state). Intermediate rainfall levels (e.g., savanna-like 

state) may include open-canopy landscapes, which allows a relatively dry microclimate, light availability 

supporting grasses, and therefore recurrent fires. In these conditions, large mammals (e.g., elephants) play a 

key role at maintaining the presence of the grass layer as they feed themselves on adult trees and saplings. 

Therefore, woody encroachment may be boosted in these savannas if large mammals are removed. 

Alternatively, at intermediate rainfall levels characterised by high grazer pressure (e.g., zebras), the grass 

biomass and hence the fuel for fire are likely to be reduced, causing thus positive feedback on trees. Likewise, 

similar positive feedback on trees (i.e., woody encroachment) can be enhanced by the overgrazing of 

domestic animals. While fire and wild animal browsing/grazing are just some components affecting woody 

vegetation, the ecology of woody (and herbaceous) plants is also defined by the interaction of other drivers 

acting at different spatial and temporal scales. Globally, rising atmospheric CO2, for instance, is enhancing 

woody expansion given that C3 woody plants are more responsive to carbon dioxide fertilization than C4 

grasses. At local scale, land cover changes (e.g., cropland, land clearance, urbanization) could alter herbivore 

mobility and fire (i.e., land fragmentation), fostering the chance of woody encroachment in uncleared areas. 

Topography and soil properties also influence woody plant abundance. A case study in the Santa Rita 

Experimental Range (North American Sonoran Desert, Arizona) showed, for instance, that woody plant 

encroached only Holocene sandy soil surfaces (i.e., coarse textures easing percolation and nutrient leaching), 

while Pleistocene clay soils remained dominated by C4 grasses despite similar land use regimes, climate, 

atmospheric CO2, grazing, and fire. The interactions existing between these factors are extremely tangled, 

and effective strategies to manage woody plant encroachment are most successfully achievable disentangling 

the role played by each biotic and abiotic component at each given location. 
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doing so, more relevance is given to the ecological component of STMs, i.e., rather than emphasizing 

only the proximity of a tipping point, more weight is assumed by the factors and variables 

characterizing the conditions that determine the resilience of a system (Briske et al., 2008). In other 

words, unlike in STMs, the resilience theory does not solely focus on identifying thresholds, but it 

embraces also all those intra-state dynamics depicting the vulnerability, behaviour and potential 

proximity of a system to a tipping point (Briske et al., 2008). Working on these aspects will hopefully 

shed new light on thresholds per se. Can a system have no thresholds? Is it actually possible to identify 

a threshold before it has been trespassed? Are early warning indicators a good methodological 

approach (Walker and Meyers, 2004; Walker et al., 2012)? Because these questions still do not have a 

precise answer, threshold indicators on rangeland systems rely on rangeland health attributes (e.g., soil 

quality, vegetation greenness) and are implemented within the STM framework (Bestelmeyer et al., 

2017). 

But the resilience theory has moved even beyond just the ecological framework, and it is also employed 

to address the dynamics of more complex social-ecological systems (SESs) (Folke, 2006). A social-

ecological system is commonly defined as “an integrated system of ecosystems and human societies 

with reciprocal feedbacks and interdependence and emphasizes the humans-in-nature perspective” 

(Resilience Alliance, 2010). The idea of resilience associated with SESs it more complex because it 

considers also the anthropogenic element. Thus, besides the concept of resilience per se, SES resilience 

also invokes adaptability and transformability (Folke et al., 2010). Adaptability refers to the ability of 

the component of a system to influence resilience, which in SESs is indeed quantified by how much 

humans can intentionally or unintentionally influence resilience (Walker et al., 2004). Transformability 

refers to the capacity of SESs to reinvent themselves and become new systems when the current ones 

are untenable (Anderies et al., 2006; Folke et al., 2010). 

Understanding how to create and maintain resilience is probably the best approach to manage 

ecosystems ahead of increasing global environmental change, and updating the resilience concept with 

the anthropogenic element gives even more hope to this cause (Scheffer et al., 2001). Nowadays, it is 

increasingly suggested to frame rangelands are SESs, i.e., an approach that would account in more 

detail for the multitude interactions occurring between the ecological and social components. As such, 

each specific place features unique environmental, cultural, historical, and political features, in which 

the social and ecological actors are nested, affect, and adapt to each other (Reid et al., 2014). Possibly, 

this process should start by redefining rangeland boundaries. In other words, more emphasis should be 

placed on the social components of rangelands and how these interact with the ecological part (Briske, 

2017). 

2.5 Remote sensing for rangeland monitoring 

Rangeland monitoring, i.e., the gathering of accurate and timely scientific- or local-based information 

on the condition of the natural environment, represents the foundation to legitimate management 
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(Elzinga et al., 1998). Monitoring enables, for instance, the formulation of appropriate management 

decisions about pasture and livestock based on the condition of the land, its flora, fauna, and soil type, 

and their responses to both anthropogenic activity and the broader natural environment (Woods and 

Ruyle, 2015). Traditionally, vegetation monitoring included site-based assessments (e.g., ca. 10,000 m2 

quadrat or 100 m transect), spatially modelling applications, and remote sensing technology (Lawley et 

al., 2016). While field-based monitoring has been proven to be difficult (both logistically and 

statistically) because of their sheer size and complexity, the monitoring of rangelands, which need 

timely, accurate, recurrent, and spatially extended data, makes remote sensing the ideal platforms to 

fulfil effective monitoring task (Kumar et al., 2015). 

2.5.1 Principal satellite missions 

Since the first, pioneer, Landsat mission launched in 1972, the way we observe and study the Earth has 

dramatically changed. Satellite observations provide the unique opportunity to acquiring systematic and 

repetitive images or multispectral data over large portion of lands (Dash and Ogutu, 2016). Amongst 

the immeasurable list of applications, remote sensing techniques have been extensively used for water 

and terrestrial process analyses. Rangeland ecosystems are extremely vast, heterogeneous, and often 

inaccessible (Hunt, Jr. et al., 2003). Therefore, although field measurements offer highly accurate data, 

they are however inadequate. Remote sensing technology represents the most effective approach to 

uniformly and routinely collect information on these lands (Booth and Tueller, 2003). Together with 

rapid progress in both sensor engineering and analytical methods, remotely sensed information are also 

getting cheaper, or even free, burgeoning the number of vegetation dynamic studies using such 

approach (Karl et al., 2017). In addition, this is further enhanced by the recent release of user-friendly 

interfaces (e.g., Google Earth Engine (GEE)), ready to use pre-processed data, and an increasing range 

of versatile datasets available at various spatial, temporal, and spectral resolutions. 

The earliest evidence of overhead information dates back to the 1930s when moderate scale black-and-

white aerial photography represented the only remotely sensed data available for range and agricultural 

investigations (Moyer, 1950). Some thirty years later, remote sensing started to be conceived as a 

science with the first phases of the Polar Operational Environmental Satellites (POES) mission and 

eventually became an actual tool in July 1972, when the Landsat mission ushered a new era for Earth 

observation systems (Tueller, 1989). 

The majority of optical satellites launched in the last ca. 40 years are passive systems, orbit north to 

south over the poles (polar or near-polar orbit), and record over any given location at the same solar 

local time (sun-synchronous). The key technical information about data provided by satellites is the 

spatial, spectral or temporal resolution. Spatially, a pixel size greater than 30 m refers to coarse 

resolution, medium if between 30 m and 2 m, and high to very high if smaller than 2 m (Navulur, 

2007). The spectral resolution, referring to the electromagnetic bands that a sensor can record, can be 

multi or hyperspectral. Multispectral sensors generally record few non-contiguous bands, while 
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hyperspectral sensors are capable of recording a hundred bands allowing great detail in features 

distinction (Bioucas-dias et al., 2013). Finally, the temporal resolution, or revisit time, defines the time 

taken by a satellite to travel over the same area and is generally comprised between one (high) to 

twenty days (low) (Navulur, 2007). Because different missions provide products at different 

resolutions, the decision on the data to use will principally depend on the scope of the analysis, yet 

users often have to compromise because it is difficult and expensive to have high resolutions 

simultaneously. In fact, instruments with high temporal resolution generally record at a spatial 

resolution of 250 m to 1 km, vice versa low temporal resolution associates to a spatial resolution of 60 

m to 100 m (Dash and Ogutu, 2016). For instance, the three principal early missions carry a series of 

multispectral sensors with different spatiotemporal features. Landsat satellites evolved from four 

spectral bands (green, red and two near infra-red (NIR)) at 80 m spatial resolution and 18 days revisit 

time in Landsat-1, to eleven bands (nine between 0.435 µm and 1.384 µm and two thermal) at 30 m 

and 16 days in Landsat-8 (Lauer et al., 1997; Roy et al., 2014). 

The POES mission started with the introduction of the Advanced Very High Resolution Radiometer 

(AVHHR) on-board of the National Oceanic and Atmospheric Administration (NOAA) NOAA-6 in 

1978, with four spectral bands at 1 km spatial and one-day temporal resolution, and evolving until the 

NOAA-19, at 1 km or 5 km, six spectral bands (unchanged temporal resolution) (Reeves et al., 2015; 

Tucker et al., 1984). The first Satellite Pour l’Observation de la Terre (SPOT) launched in 1986, 

measured in three bands (green, red, and near-infrared) at 20 m and 14 - 18 days revisit time, while the 

latest SPOT-7 features five spectral bands (blue, green, red, near-infrared, and a panchromatic) at 2.5 

m, with the later inclusion of the Vegetation sensor (SPOT-5) at 1 km (Xie et al., 2008). Commercial 

instruments working at high spatiotemporal resolutions do exist (e.g., RapidEye, QuickBird or 

WorldView), yet they still represent a small niche of remote sensing due to high costs and limited 

capabilities of record over large portions of the Earth’s surface (Dash and Ogutu, 2016). 

Hyperspectral remote sensing started to emerge in the late 1980s as a gradual response to progress in 

technology (Tueller, 1989). Some examples include airborne platforms such as the Hyperspectral 

Digital Imagery Collection Experiment (HYDICE), and the Airborne Visible InfraRed Imaging 

Spectrometer (AVIRIS), or space-borne instruments such as the Italian Space Agency (ASI) 

Hyperspectral PRecursor of the Application Mission (PRISMA), the European Space Agency (ESA) 

Compact High Resolution Imaging Spectrometer (CHRIS) Project for On-Board Autonomy 

(PROBA), and the National Aeronautics and Space Administration (NASA) Hyperspectral Infrared 

Imager (HyspIRI). These instruments feature spatial resolution from 0.75 m to 2000 m and a number 

of spectral channels ranging from 63 to 8,461 (Bioucas-dias et al., 2013). Although hyperspectral data 

have been used in rangelands for ecological site classification, invasive species detection or to 

discriminate grass growth under different management practices, they are not very popular because i) 

they are generally expensive; ii) require extremely large storage; iii) need very sophisticated data analysis 

techniques (Blanco et al., 2014; Parker Williams and Hunt, 2002; Sibanda et al., 2016). Thus, the bulk 

of optical remote sensing data is still provided by multispectral sensors. 
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A milestone in remote sensing corresponds with the launch of the Moderate Resolution Imaging 

Spectroradiometer (MODIS) onboard of the Terra (in 1999) and Aqua (in 2002) satellite (Salomonson 

et al., 2002). MODIS records in 36 spectral bands, from 0.412 µm to 14.4 µm, at spatial resolution 

ranging from 250 m to 1 km, and providing global coverage in two days (Barnes et al., 2005). MODIS 

time-series imageries have been synthesised into normalised difference vegetation index (NDVI) and 

enhanced vegetation index (EVI) products freely available at sixteen or monthly interval and different 

spatial resolutions (250 m, 500 m, and 1 km), finding application in several global ecosystems, climate, 

land cover and natural resources management studies, and providing the basis for improved leaf area 

index (LAI) and fraction of absorbed photosynthetically active radiation (fPAR) estimations (Reeves et 

al., 2006, 2001).  

The most recent innovation in Earth observations science is represented by the family of Copernicus 

Sentinel satellites, i.e., a fleet of dedicated ESA satellites aimed to deliver a wealth of data that are 

central to the European Union Copernicus environmental programme. The novelty of the mission 

regards the utilization of a constellation of satellites, meaning that each of the Sentinel features two 

identical satellites (e.g., Sentinel-1A and Sentinel-1B) recording the Earth at different times to allow for 

high temporal resolution as well as large coverage (Donlon et al., 2012). Moreover, Sentinel will 

provide also a Landsat-type spatial resolution and multispectral observations up to 21 bands (Berger et 

al., 2012). Some satellites are in orbit already such as Sentinel-1 (A launched in 2014 and B in 2016), 

Sentinel-2 (A in 2015 and B in 2017), Sentinel-3 (A in 2016 and B in 2018), and Sentinel-5P (2017), 

with other launches that are scheduled for the near future. Each satellite will cover various 

applications, ranging from physical, bio-geophysical, and biological variables of the land, ocean, and 

cryosphere (Malenovský et al., 2012). 

2.5.2 Basic remote sensing concepts 

In its simplest definition, remote sensing is the art of acquiring information about an object without 

touch or contact (Fischer et al., 1976). Considering all the diverse remote sensing applications (e.g., 

medicine, astronomy, archaeology, military surveillance, etc.), this embryonic concept should be 

accordingly expanded and refined. Here, focusing on rangelands and, more broadly, terrestrial surface 

processes, a better version of Fischer’s definition would describe remote sensing as the technique for 

obtaining information of an object from above, using the energy reflected or emitted from that object 

in one or more regions of the electromagnetic spectrum (Campbell and Wynne, 2011). The energy can 

be derived either from an artificial source or, simply, from the sun. In the former case, active sensors 

illuminate a target and record the signal reflected back to the instrument, while passive sensors measure 

the available natural light (Kennedy et al., 2009). Examples of active devices include, for instance, 

radar, extensively used for soil moisture data collections, or light detection and ranging (LiDAR) 

sensors, working in the visible light region and able to provide precise data on, but not limited to, 

topography, land roughness or vegetation canopy structure (Sexton et al., 2013). Examples of passive 

sensors span from aerial photography to a range of radiometers and spectrometers that measure the 
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reflected energy according to different methods and in different spectral bands, depending on the 

application (NASA, 2018). Thus, active sensors are not influenced by solar illumination changes, and 

their use is not restricted by time or atmospheric conditions (Campbell and Wynne, 2011). However, 

passive technology is also able to measure radiations outside the visible range, i.e., in the thermal 

infrared and microwave region, and therefore they are also capable of a certain amount of night-time 

measurements. The electromagnetic regions used in remote sensing range from visible (λ = 0.38 - 0.72 

µm), infrared (λ = 0.72 - 1,000 µm) and microwave (λ = 1 - 30 cm) (Mather and Koch, 2011). 

A sensor can discern among different objects depending on how they reflect or absorb the energy. The 

basic concept is that every object presents specific physical and chemical features that make the 

electromagnetic energy to be differentially absorbed or reflected in different regions of the spectrum 

(Kennedy et al., 2009). Therefore, detecting the absorbing and reflecting region of a given object allow 

the identification of its unique spectral signature that makes it discernible (Xie et al., 2008). Vegetation, 

for instance, presents specific areas where the electromagnetic energy is reflected by the mesophyll 

cells (moderately in the green and strongly in the near-infrared region) and absorbed from the 

chlorophyll (in the blue and red region). Obviously, the amount of energy that is reflected or absorbed 

depends on many factors, such as the type of vegetation (grass reflects less visible light and more near-

infrared radiation compared to broadleaf or coniferous trees), chlorophyll content (reduces reflectance 

in the visible region), leaves feature (compact and new leaves reflect less near infrared compared to 

dicot and old ones) and water content (reduces the reflectance across the whole electromagnetic 

spectrum) (Campbell and Wynne, 2011). However, irrespective of these features, vegetation areas 

always feature a strong difference between absorption in the red and reflection in the near-infrared 

region (the red edge position, i.e., the point of maximum slope in the vegetation reflectance spectra 

(Horler et al., 1983)) that will differentiate them from non-vegetated objects (e.g., water, soils, snow) 

(figure 2.6). These unique spectral features are generally incorporated into vegetation indices (VIs), i.e., 

monitoring parameters that exploit this known difference to discriminate, for instance, vegetated from 

non-vegetated areas (Kumar et al., 2015). 

2.5.3 Vegetation indices 

The normalised difference vegetation index (NDVI) is the most employed vegetation indices for 

vegetation studies at local to global scales (Reeves et al., 2015). Its discovery occurred during a 

rangeland vegetation analysis conducted by Rouse and colleagues in The Great Plains Corridor. The 

authors noticed for the first time that the difference between the infrared and red bands well correlated 

with aboveground green biomass, representing thus a quantitative approach for vegetation status 

evaluations (Rouse et al., 1973). Not surprisingly, this work was published just one year after the launch 

of the pioneer Landsat mission on 23rd July 1972. Similar findings to Rouse’s emerged from in situ 

spectrometer data experiments, where the NDVI was again defined as a proxy to estimate 

photosynthetically active biomass, and therefore employable for vegetation monitoring (Tucker, 1979). 
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Figure 2.6 Spectral reflectance signatures. The image reports the spectral reflectance signatures of 
vegetation, dry soil, grey grass litter, water, and snow. In addition, the regions of chlorophyll absorption (*), water 
absorption (+), and the approximate position of the red edge in the vegetation spectrum are also shown. Image 
edited from Huete (2004). 

As the green band also reflects part of the energy, vegetation features could be potentially tracked 

using the green/red ratio, yet it is less effective because of the much stronger reflectance in the near-

infrared region (Tucker, 1979). The equation for NDVI is defined as NDVI = (NIR – R) / (NIR + R). 

The denominator represents the normalizing factor that constrains the index between two boundaries, 

allowing a statistically effective approach for vegetation analyses (Campbell and Wynne, 2011). Thus, 

values close to +1 refers to photosynthetically active areas (i.e., dense vegetation) while values close to 

0 refers to sparsely vegetated to bare soil zones (Sellers, 1985). Negative ratios depict water bodies or 

any other object absorbing more radiation in the near-infrared than in the red part of the spectrum 

(Scheftic et al., 2014). Limitations in using NDVI include its sensitivity to i) water vapour and aerosol 

in the atmosphere, causing three different types of signal scattering (i.e., Raleigh, mie or non-selective) 

depending on the suspended particle size; ii) sensor conditions; iii) areas of high biomass; iv) soil 

conditions (Hobbs, 2007; Suzuki et al., 2001). Atmospheric corrections are routinely applied to remove 

haze effects or, in the best-case scenario, datasets are released after being already pre-processed to 

account for atmospheric effects and sensor drifting or changes (e.g., Global Inventory Monitoring and 

Modeling System, GIMMS, NDVI dataset). In regards to soil effects, soil brightness becomes 

particularly significant in sparsely vegetated areas, and it might interfere with NDVI measurements 

(Reeves et al., 2015). 

The soil-adjusted vegetation index (SAVI) is a slight modification of NDVI that minimizes soil effects 

on vegetation spectral signature thanks to a simple constant accounting for first-order soil background 
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variations (Huete, 1988). SAVI has been later improved by adding weighted difference vegetation 

indices or other adjusting factors (transformed SAVI and modified SAVI), yet their use is not popular 

(Rondeaux et al., 1996). However, an effective and widely used approach to overcome soil noise 

consists of simply excluding all NDVI values smaller than 0.1 - 0.2. Many studies apply this filter to 

raw or processed NDVI, i.e., after monthly or annual mean aggregation, and to NDVI data sources 

from different missions (Detsch et al., 2016; Zhu and Southworth, 2013). Alternatively, the enhanced 

vegetation index (EVI = NIR – R / NIR + C1 * R – C2 * B + L) is capable to improve the vegetation 

signature in regards of atmospheric factors, and in both high biomass and soil-affected areas 

(Karkauskaite et al., 2017). This is because a series of empirically-calculated coefficients are added in 

the formula to account for canopy background (i.e., L), which addresses differential NIR and red 

energy paths through canopies, Rayleigh scattering absorption, and haze influence in the red band (i.e., 

C1 and C2) (Huete et al., 2002). Because of its good performances over NDVI, EVI became a satellite 

vegetation product for both the Aqua and Terra MODIS sensors (Matsushita et al., 2007). The 

medium resolution imaging spectrometer (MERIS) terrestrial chlorophyll index (MTCI), calculated 

using the reflectance values of three specific bands of the MERIS standard band setting (i.e., MTCI = 

Rband10 – Rband9 / Rband9 – Rband8), represents another alternative for vegetation studies in high biomass 

regions (Dash and Curran, 2004). In fact, MTCI not only remains sensitive in such areas but also 

results insensitive to non-canopy factors and sensitive to canopy chlorophyll content (Dash and 

Curran, 2007). Because of the MERIS high spectral resolution, MTCI was shown to well-detects 

chlorophyll content variations using the three bands in the NIR-R wavelength region (Rband10 = 753 

nm, Rband9 = 708 nm, Rband8 = 681 nm). Thanks also to its simple calculation, MTCI was the only 

remotely sensed global chlorophyll product released by a space agency (i.e., ESA) until the MERIS 

mission failed in 2012 (Ogutu et al., 2013). Since then, the MTCI has been replaced by the Ocean and 

Land Colour Instrument (OLCI) terrestrial chlorophyll index (OTCI = Rband12 – Rband11 / Rband11 – 

Rband10), retrieved by the OLCI instrument on-board of the Sentinel-3 satellite, and distributed globally 

at 300 m spatial resolution (Rband12 = 753 nm, Rband11 = 709 nm, Rband10 =  681 nm) (Vuolo et al., 2012). 

Vegetation indices find application also as a parameter to retrieve other biophysical variables that 

would be otherwise extremely laborious and time consuming to measure (Zheng and Moskal, 2009). 

Indices including, but not limited to, NDVI, SAVI or EVI, are used to model and calculate LAI, which 

expresses the area of green leaf per unit area of ground, and fPAR, which represents the spectral 

energy used in photosynthesis in the visible region (0.4 - 0.7 µm), or net primary production (NPP) 

(Ito, 2011; Myneni et al., 1997; Ogutu et al., 2013; Prince and Goward, 1995; Yi et al., 2008). 

2.5.4 Analysis of rangeland vegetation dynamics 

2.5.4.1 Time-series analysis 

The launch of AVHRR sensors revolutionized the understanding of terrestrial ecosystem dynamics. 

Large-scale time-series analyses were enhanced by their higher temporal resolution (1-day revisit time) 
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and wider swath (ca. 2,000 km view) compared, for instance, to the 18-16 days and ca. 200 km swath 

of Landsat (Reeves et al., 2015; Williams et al., 2006). The earliest applications of NOAA’s satellites 

date back to the early 1980s and refer to primary production quantification studies in semiarid 

grasslands of Senegal (Prince, 1991; Tucker et al., 1985, 1983). Soon after, larger regions such as the 

whole western African Sahel were investigated and, importantly, these studies showed for the first time 

that interannual changes in vegetation greenness as indicated by NDVI were closely related to rainfall 

variability (Tucker et al., 1991; Tucker and Nicholson, 1999). The regreening of the Sahel observed 

after the 1970s and 1980s droughts was also largely explained with increasing rainfall trends observed 

in the region (Heumann et al., 2007; Hickler et al., 2005; Olsson et al., 2005), which in turn contrasted 

the Sahel irreversible desertification hypothesis (Herrmann and Hutchinson, 2005). These advances 

ushered a multitude of further studies aimed at understanding long-term changes and drivers of the 

AVHRR-derived NDVI, which ultimately led to the overall consensus of a greening Earth (Donohue 

et al., 2013; Fensholt et al., 2012; Helldén and Tottrup, 2008). Dynamic global vegetation models 

(DGVMs), which were developed to better understand different aspects of terrestrial ecosystem 

response to future climate change (Cramer et al., 2001), as well as microwave satellite products (e.g., 

vegetation optical depth (VOD)), are increasingly associated with optical remotely sensed-based 

vegetation studies to produce more complete characterisations of the underlying causes driving long-

term changes in vegetation greenness (Hickler et al., 2005; Seaquist et al., 2009). Methodologically, 

long-term time-series analyses are mostly computed by means of per-pixel linear least square 

regression, which allows evaluating, in a simple but robust way, the monotonic change (i.e., increase or 

decrease over time) in the selected vegetation index (or in any sequence of continuous data). The rate 

of change per year is indicated by the slope of the regression line. Linear least square regression is 

calculated not only on pre-processed data values, but also on standardised anomaly (i.e., z-score = 

(value – mean) / standard deviation). This is because standardising is an effective approach to convert 

different scales to the same comparable scale, and it tells, for each pixel value, the number of standard 

deviation away from its time-series mean (i.e., anomaly) (Helldén & Tottrup, 2008). Thus, the z-score 

statistic is extremely useful when variables of very different magnitude are compared (e.g., NDVI and 

precipitation). Importantly, common practice consists in discussing only statistically significant changes 

(generally at the 95% level). Considering, for instance, an analysis investigating long-term changes in 

NDVI, the null hypothesis (H0) is that NDVI does not change over time. In those pixels where the p-

value is smaller than 0.05 (i.e., p < 0.05 indicating statistically significance) the H0 is rejected, thus 

meaning that NDVI did change over the time period analysed. Many techniques are used to calculate 

the significance of the trends. In remote sensing studies, the most common are the parametric 

Pearson’s test and the non-parametric Spearman’s rank (ρ) and Mann-Kendall tests. Further, the 

Pearson correlation coefficient (r) is commonly calculated and mapped to investigate the per-pixel 

temporal relationship between vegetation index and single independent variable. However, because r 

does not imply causality, spatiotemporal maps are often associated with linear trends to better attribute 

changes in the vegetation properties to a predictor variable (e.g., this study). A popular time-series 

analysis technique is represented by the Breaks for Additive Seasonal and Trend (BFAST), which 
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allows decomposing seasonal and abrupt changes from the slow long-term trend (Verbesselt et al., 

2010) (see section 7.3.2). Other tools embrace more sophisticated techniques such as quantile 

regression, which were devised to investigate specific quantiles of a response variable distribution. In 

other words, this type of regression advantageously responds to both the lower and the upper end of 

the distribution, and it is therefore particularly relevant for studies assessing the NDVI response to 

extremly dry (e.g., drought) or wet (e.g., flood) periods (Cade et al., 2005; Cade and Noon, 2003; Chen 

et al., 2014). Boosted regression trees (BRT) models, i.e., an advanced version of multiple regression, 

are becoming increasingly popular within remote sensing studies. This is because BRT techniques 

allow to iteratively fit multiple regression trees to improve the predictive power of a predictor variable, 

can cope with different predictor variable types (e.g., continuous, nominal, ordinal), and make no a 

priori assumptions on potential relationships between variables (Elith et al., 2008). BRT is therefore 

used to assess the role of different explanatory variables (e.g., precipitation, fire, livestock density, 

population density) to changes in the vegetation layer (Venter et al., 2018). To date, there are very little 

examples of studies exploiting generalised linear model (GLM) or generalised liner-mixed model 

(GLMM) to long-term time-series analysis of remote sensing data, yet this is a new avenue of research 

that future studies should take into account for the appropriate identification of multiple 

environmental drivers at different spatiotemporal scales (Spake et al., 2019). More examples of time 

series analysis techniques are reported in sections 2.5.4.1.1 and 2.5.4.1.2. 

Given the lack of global- and Africa-scale assessment of rangeland vegetation dynamics, the following 

examples include vegetation analyses of, for instance, drylands, forests, savannas, or to broad terrestrial 

ecosystems. Specific rangeland study examples are reported in the analysis chapters 4, 5, and 6, yet 

these refer to small-scale investigations. 

2.5.4.1.1 Global-scale examples 

Nowadays, there is substantial literature that acknowledges the evidence of a greening Earth. Earlier 

examples of long-term time-series analysis include Nemani et al. (2003), who reported global greening 

trends as defined by increasing NPP. Their 1982-1999 analysis of climate data and satellite 

observations of vegetation activity (i.e., fPAR and LAI derived from both GIMMS and Pathfinder 

datasets) revealed that changes in climate (e.g., solar radiation, water availability, temperature) boosted 

NPP of ca. 6% globally. Largest increases were observed in the Amazon rainforest (ca. 42% of the 

total NPP increase, mostly due to a drop in cloud cover and the consequent increase in solar radiation) 

(Nemani et al., 2003). A few years later, Helldén and Tottrup (2008) computed a 1981-2003 time-series 

analysis looking at both trends in GIMMS NDVI (linear least square regression on z-score values) and 

spatiotemporal relationships between NDVI and rainfall data (Pearson’s correlation coefficient on z-

score values) from the Climate Research Unit (CRU). Significant rainfall-driven greening was reported 

in drylands of the Sahel (highest slope, i.e., ca. 0.125 z-score unit yr-1), Mediterranean basin (e.g., Spain, 

Turkey, Algeria), China, Mongolia, and, yet at lower magnitudes, South Africa, and South America. No 

negative trends were observed (Helldén and Tottrup, 2008). Based on these results, the authors 
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challenged the assumption of widespread land degradation taking place across global drylands. 

Desertification claims were refuted also by Fensholt et al. (2012), who analysed vegetation in semi-arid 

lands between 1981 and 2007 using the GIMMS NDVI product. The authors used NDVI as a proxy 

for vegetation productivity, and estimated per-pixel long-term trends applying the Theil-Sen median 

slope analysis, i.e., a linear trend calculation that is insensitive to the impact of potential outliers in the 

NDVI signal. The significance was tested using both a non-parametric (Mann-Kendall) and parametric 

(Pearson) test. Globally, results showed that vegetation greenness increased during the study period 

(0.015 NDVI units yr-1), with higher magnitude in those semi-arid regions where plant production is 

primarily controlled by rainfall (0.019 NDVI units yr-1 vs. 0.013 NDVI units yr-1 in air temperature-

controlled areas). More recently, a pivotal analysis applied both dynamic ecosystem models (ten) and 

remote sensing-derived LAI products (three) and showed that the growing season of half of the global 

vegetated areas feature a sharp increase between 1982 and 2009, whereas shortening occurs in 4% only 

(Zhu et al., 2016). The authors identified increasing atmospheric CO2 as the main driver of greening at 

the global scale (particularly in the tropical belt) and highlighted the lack of justifications for 

unexplained regional and local trends. While these four studies are considered some of the most 

important milestones in global vegetation dynamics assessments (Smith et al., 2019), also many other 

studies have reported the existence of global-scale greening trends (Bastin et al., 2017; Donohue et al., 

2013; Xiao and Moody, 2005; Young and Harris, 2005; Zhang et al., 2017). 

In recent times, terrestrial ecosystem studies have started to use microwave-derived vegetation 

products. VOD data soon became a popular vegetation product because of the ability to penetrate 

clouds and the insensitiveness to atmospheric conditions. VOD retrievals detect the water content of 

the entire aboveground vegetation layer and have been successfully used as a proxy of woody cover as 

well as total aboveground biomass (Smith et al., 2019). In 2013, for instance, Andela et al. (2013) used 

VOD retrievals together with the GIMMS NDVI data during 1988-2008 to investigate global 

vegetation changes in dryland ecosystems. The authors computed a linear regression analysis between 

VOD/NDVI and lagged precipitation (CRU) to disentangle between climatic- and non-climatic-driven 

vegetation (to some extent, also the contribution of fire, grazing, and CO2 were analysed). They found 

NDVI to be mainly affected by changes in herbaceous vegetation, while VOD to woody vegetation. 

They also report that extended woody encroachment took place across global drylands, and explain 

that drivers of such observed changes are more likely to be explained at local rather than global scale 

(Andela et al., 2013). Two years later, Liu et al. (2015) applied an empirical relationship to convert 

VOD to global AGC between 1998 and 2002 (this was then calibrated against existing validated 

aboveground biomass map). They calculated a global AGC of ca. 362PgC (62% over forests and 14% 

in savannas). More importantly, some 0.07 PgC of AGC was lost every year, while the AGC gain was 

estimated to ca. 0.13 PgC yr-1 (1 PgC = 1015 gC). In other words, the authors reported an increase in 

global terrestrial biomass (i.e., greening) during 1998-2002 (Liu et al., 2015). Tian et al. (2017) exploited 

VOD to map gains and losses in woody vegetation across global drylands during 2000-2011. The 

authors focused on dry seasons to minimize the effects of herbaceous vegetation, used MODIS NDVI 

to mask out woody leaf component fluctuations, and validated their analysis through a ground woody 
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cover measurement network (for the semiarid Sahel only). Results showed significant changes in the 

woody component in ca. 35% of areas where insignificant changes in the leaf component were 

observed, which represented a novel method to detect a growth (Sahel, southern Africa, Australia, 

India) or decline (Gran Chaco, East Africa) in woody vegetation cover (Tian et al., 2017). Using the 

MODIS NPP archive, long-term AVHRR-derived fPAR, and VOD, Poulter et al. (2014) showed that 

the global carbon sink anomaly of 2011 was controlled by extended dryland greening in the southern 

hemisphere (specifically in Australia). Using an array of ecosystem and land-surface models together 

with ground-based observations of global gross primary production, Ahlström et al. (2015) extended 

these results describing global drylands as key ecosystems at controlling trends and interannual 

variability of the global carbon sink. 

2.5.4.1.2 Africa-scale examples 

The first Earth’s region where vegetation greening was observed is the Sahel. Building on previous 

studies reporting the close relationship between changes in NDVI and rainfall variability, Anyamba 

and Tucker (2005) investigated linear trends of the growing season (i.e., July to October) NDVI 

(GIMMS) and its relationship to precipitation (Global Precipitation Climatology Project (GPCP) data) 

in the Sahel during 1982-2003. The authors reported a period of browning (below-average NDVI) 

from 1982 to 1993, which was related to the Sahel drought, and a period of recovery (i.e., greening) 

from 1994 to 2003. These patterns were shown to well agree with rainfall Sahelian trends (Anyamba 

and Tucker, 2005). A similar analysis was performed by Olsson et al. (2005). The authors compared 

July to September GIMMS NDVI with July to September precipitation ground station data. In 

addition, they discussed changes in vegetation greenness and rainfall in relation to population growth 

rates in cities of Senegal, Mauritania, Mali, Burkina Faso, Niger, and Soudan. They concluded that the 

observed greening cannot be explained only by wetter conditions, and suggest land-use changes as a 

consequence of migration, better land use management, and the effects of displaced people due to 

armed conflict (e.g., Sudan) as alternative explanations (Olsson et al., 2005). Other authors assessed 

changes in vegetation greenness in the Sahel by calculating linear trends in the GIMMS NDVI between 

1981 and 2001 and linear regression coefficients between seasonal NDVI and long-term field 

vegetation observations collected in the Gourma region (Mali) during 1984-2011, and in the Fakara 

region (western Niger) during 1994-2011 (Dardel et al., 2014). Trends in NDVI resulted to be largely 

positive (i.e., greening) across the entire Sahel over the study period. The linear regression analysis was 

able to explain 59% of the variability for the Gourma region (greening), and 38% for the agro-pastoral 

Fakara region (browning). On the one hand, that the pastoralists sandy-soils Gourma region showed a 

strong recovery and responded promptly to the post-1990s increasing rainfall amount. On the other 

hand, it is difficult to affirm that rainfall caused the browning of the agro-pastoral Fakara region. 

Therefore, the authors concluded that while these results confirmed overall greening trends in the 

Sahel, degradation processes as indicated by both satellite and ground observations can still occur at 

local scale (Dardel et al., 2014). 
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Similar to the global studies, time-series analysis of microwave VOD data found many applications at 

Africa-scale. For instance, Brandt et al. (2017) used VOD together with rainfall (CRU) and human 

population data (Gridded Population of the World) to investigate the role of human population 

growth on climate-driven woody vegetation increase. The authors used annual minimum VOD as a 

proxy for woody cover. The relationship between woody cover, precipitation, and population increase 

was calculated applying a spatial error type autoregressive model, which uses changes in woody cover 

as response, and changes in population and precipitation as explanatory variables (statistically 

significance was tested using a chi-squared test). Interestingly, they showed an increase in woody cover 

in semiarid low population growth regions, while decreasing woody cover was observed in humid high 

population growth areas. They thus suggested vegetation to respond to precipitation and atmospheric 

CO2 concentration in areas where woody cover increased, and deforestation in humid areas (Brandt et 

al., 2017). Low-frequency VOD was also exploited to quantify changes in AGC change during a recent 

dry period affecting Africa (2010-2016). Initially, VOD was shown to be linearly correlated with a 

benchmark validated map of aboveground living biomass (Brandt et al., 2018b). Later, two DGVMs 

were used to successfully test the performance of VOD as a proxy for large-scale temporal changes in 

AGC. Carbon changes in drylands equal to -0.05 PgC yr-1, while carbon changes in humid areas were -

0.02 PgC yr-1 (extremely dry year in 2015, with a change of -0.69 PgC in drylands). While VOD was 

proved to be an effective proxy for monitoring carbon dynamics, this study highlighted the key role 

that drylands play for the global carbon budget (Brandt et al., 2018b). An early example of a study 

applying DGVMs includes Hickler et al. (2005), who use the Lund-Potsdam-Jena General Ecosystem 

Simulator (LPJ-GUESS) model to define to what extent changes in climatic and atmospheric CO2 

concentration were responsible for the greening vegetation of the Sahel. The model successfully 

reproduced both the long-term greening trend and its inter-annual variability. In turn, the authors 

pinpointed that precipitation rather than CO2 was the primary cause of the positive vegetation greened 

changes (Hickler et al., 2005). 

An increasing number of ecological studies are using remote sensing data to investigate biome 

distribution or the transitions between them. For instance, D’Onofrio et al. (2018) combined satellite 

data (Tropical Rainfall Measuring Mission (TRMM) precipitation, MODIS vegetation continuous fields 

(VCFs), and MODIS burned areas) with a land cover map to discern between tropical grassy and 

tropical forest biomes. The relationships between grass/tree cover and fire/rainfall were investigated 

during 2000-2010. They reveal that the grass layer and fire frequency were strongly and directly related 

across the whole of sub-Saharan Africa. In addition, grass growth results to be water-limited in tropical 

grasses receiving less than ca. 630 mm yr-1 of rainfall, while other tropical grasses and tropical forests 

experiencing annual rainfall bigger than ca. 1,200 mm yr-1 had similar rainfall seasonality but very 

different fire regimes. Therefore, they conclude that tropical grasses and forests are alternative stable 

states at high rainfall regimes that are yet maintained by vegetation-fire feedback at comparable climatic 

conditions (D’Onofrio et al., 2018). Sankaran et al. (2005) investigated the conditions for the existence 

of tree plants in African savannas. They used ground woody cover data from ca. 800 sites across 

Africa, rainfall data from both in-situ station and satellite observations, and a burnt-area map of Africa 
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derived from AVHRR data (5 km x 5 km grid size). They show that water linearly constrains woody 

cover up to 650 mm yr-1 of rainfall. In this type of region, woody plants and grasses coexist, and 

disturbances such as fire and herbivore work together with rainfall at limiting woody expansion. At 

annual mean rainfall higher than 650 mm, woody canopies can close thus excluding grasses (Sankaran 

et al., 2005). More recently, Venter et al. (2018) were interested in understanding the drivers of 

extended woody plant encroachment observed across Africa. Landsat surface reflectance data were 

used to retrieve fractional woody cover (accessed and processed in GEE). As suggested in previous 

studies, the authors first masked out forest (no woody encroachment occurs in forests), urban areas, 

water, and cropland, and second, mapped tree cover using time-series metrics derived from Landsat 

surface reflectance (ca. 22.8 billion Landsat pixels were analysed). These metrics include minimum, 

maximum, selected percentile in NDVI, SAVI, and EVI, and the mean surface reflectance. As 

explanatory variable, the authors selected fire (MODIS burned area monthly product), population 

density (Gridded Population of the World), grazer, browser, mixed feeder and total herbivore density 

(data provided by Sally Archibald and Gareth Hempson and retrieved from FAO livestock data), 

atmospheric CO2 (Atmospheric Infrared Sounder), and soil data (SoilsGrid). Interactions between 

woody cover and this ensemble of explanatory variables were assessed by applying a BRT model. The 

two main advantages of BRT models are the ability of iteratively nest multiple regression trees to 

improve the predictive power and the ability to cope with variables of multiple types and complex 

model interactions with no a priori assumptions on the relationships existing between variables (Venter 

et al., 2018). The authors reported an overall increase in tree cover of ca. 8% during 1986-2016. In 

addition, a reduction in burned areas together with warmer, wetter climates largely controlled woody 

plant expansion, yet this was partially offset in high population growth areas as well as where high/low 

extremes in herbivore density were observed. While CO2 may boost the expansion of woody plants at 

broad spatial scales, woody plant encroachment is here reported to be locally manageable by acting on 

fire and herbivore numbers (Venter et al., 2018). 

Recently, applications of remotely sensed technology have dramatically extended also to conflict effects 

detection, particularly in eastern Africa. This has been pushed specifically by the interests in better 

understanding the consequences of the Darfur crisis (started in 2003) and given the increasing 

availability of different resolutions data and products (Witmer, 2015). Remote sensing for conflict 

consequences refers to the analysis of many different aspects, such as natural resources depletion, land 

abandonment, land cover change, bomb impacts, refugee camps, fires, among others. Bromley (2010), 

for instance, showed how MODIS Fire Detection data well correlates with the increasing violence 

reported in Darfur between 2003 and 2004. Brown (2010) evaluated changes in GIMMS NDVI 

between 1981 and 2006 and showed the presence of greening trends well before the conflict began. He 

thus suggested that the Darfur conflict outbreak was likely not driven by poor resource availability. 

Using NDVI from MODIS and SPOT during 2000-2007, Schimmer (2007) not only found that this 

greening continued in the regions, but also that was unrelated to rainfall patterns. Therefore, he 

suggested that vegetation blooming may be related to livestock loss, impossibility to farm or people 

displacement (Schimmer, 2007). 
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2.5.4.2 Land cover change analysis 

In addition to vegetation indices, land cover classification represents a complementary approach for 

characterising rangeland vegetation dynamics. Land cover refers to the biophysical properties of the 

Earth’s surface and may refer to vegetation, bare ground, water bodies, or anthropogenic landscapes 

(Gómez et al., 2016). Natural or man-made processes taking place on these land surfaces affect various 

aspects such as the terrestrial-atmosphere carbon and energy exchanges, biodiversity, biophysical 

cycles, and, in turn, the ability of ecosystems to sustain the provision of ecological services (Song et al., 

2018). Therefore, the assessment and quantification of land cover and its changes over time are 

considered key aspects within terrestrial ecosystem monitoring studies (Foley et al., 2005; Herold et al., 

2006). Albeit aerial photography does find application in land cover mapping (particularly in time-

series that stretch to years when satellite data were not yet available), the synoptic and the repetitive 

view of the globe make remote sensing observations an effective tool for the identification, mapping, 

and assessment of the Earth’s land cover classes extent and changes (Rogan and Chen, 2004). 

Land cover classification conventionally consists of assigning pixel values to land cover (or land use) 

features that are present at the corresponding Earth’s location (Mather and Koch, 2011). Per-pixel 

class values are determined by the spectral signature (e.g., reflectance in the green, red, or near-

infrared) (Egorov et al., 2015). Once independent variables are created, the classifier allocates labels to 

pixels according to partitioning algorithms based on unsupervised or supervised training approaches 

(Egorov et al., 2015). Unsupervised algorithms, iteratively grouping land features by the similarity of 

attributes until convergence to a satisfactory cluster-set is reached, are applied in case of poor land 

cover type knowledge (Eva et al., 2004). Because the production of these spectral clusters does not 

strictly faithfully reproduce what is on the ground, post-classification processing (e.g., splitting or 

merging) is needed to ameliorate the clustering and, therefore, the classification output (Loveland et al., 

2000). While the automatic grouping is an enticing aspect, the drawback is that users have to spend 

time at post interpreting and refining class labels, a particularly extenuating task when large areas have 

to be classified (Gómez et al., 2016). Therefore, other alternatives (i.e., supervised methods) classify 

using a priori labelling based on reference land cover samples (i.e., training data) (Foody, 2004). As 

such, the classification accuracy is therefore satisfactory only if the training point collection accurately 

accounts for all the land surface information (Foody and Mathur, 2006). Earth observation-based land 

cover mapping generally uses training points gathered on the ground and/or by image interpretation 

(e.g., using very high spatial resolution (VHR) data) (Egorov et al., 2015). However, this process can be 

time demanding or challenging, as ground truth data do not necessarily fully represent the spectral 

heterogeneity of the image data. While the increasing availability of ancillary data has significantly eased 

the training point collection phase in the last decade (Radoux et al., 2014), semi-automatic training 

(e.g., active learning) are alternative machine learning approaches that can achieve great classification 

accuracy with the need of less training instances (Settles, 2009). 
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The process of classification is computed by either parametric or non-parametric classification 

algorithms or classifiers. Examples of parametric classifiers include maximum likelihood or minimum 

distance methods, while non-parametric ones are decision trees, support vector machine, random 

forest, or k-nearest neighbour. Non-parametric classifiers are more frequently used because no 

assumption of normal data distribution is made. In other words, the fact that statistics and distribution 

of land cover types are generally unknown makes non-parametric methods more suitable than 

parametric ones for land cover change mapping assessments (Foody and Mathur, 2006). Regardless of 

the classifier applied, a post-classification validation step is crucial to demonstrate the accuracy of the 

classified output (Foody, 2002). Accuracy metrics typically accepted by the remote sensing community 

embrace the confusion matrix, error of exclusion, error of inclusion, and the overall accuracy 

(Boschetti et al., 2004; Congalton, 1991; Foody, 1992). 

2.5.4.2.1 Examples 

Different national agencies produced regional land cover products. Examples include the European 

Environment Agency, which released single-date condition Corine Land Cover (CLC) data for Europe 

in 1990, 2000, 2006, and 2017, or the Canadian Forest Service project Earth Observation for 

Sustainable Development (EOSD), realising a land cover map for Canada for the year 2000. While 

these two examples are based on Landsat data (i.e., 30 m spatial resolution), large scale land surface 

maps are also produced at coarse spatial resolution by means of composites data derived from 

platforms such as MODIS (e.g., MODIS Collection Land Cover MCD12Q1) (Gómez et al., 2016). A 

time-series of these single-date land cover maps such as the CLC or MCD12Q1 can be used to retrieve 

information on how the Earth’s surface changed over time (i.e., land cover change assessment). At 

global-scale, the Department of Geographical Sciences at the University of Maryland has produced the 

most downloaded long-term land cover change maps, either in terms of vegetation continuous fields 

(Song et al., 2018) or forest cover loss/gain (Curtis et al., 2018; Hansen et al., 2013). 

Past studies have classified many aspects of African land cover and its changes at continental- to local-

scale. For example, Lambin and Ehrlich (1997) mapped land cover changes in sub-Saharan Africa 

between 1982 and 1991 using remotely sensed AVHRR-derived NDVI and surface temperature (Ts). 

They detected changes in the land cover defining an index calculated subtracting NDVI to the surface 

temperature (Ts - NDVI). The idea was that as vegetation cover increases, surface temperature 

decreases, which therefore leads to a negative Ts-NDVI relation. Vice versa, less vegetation cover 

cause surface temperature to increase, i.e., positive Ts-NDVI relation (Lambin and Ehrlich, 1997). 

They showed that most areas underwent continues and overall balanced gains and losses of vegetation 

cover over time, and related these changes to erratic climate variability (i.e., modification in interannual 

climate variability, seasonality, timing of rains, droughts). This study represented one of the first pieces 

of evidence contrasting the ‘marching deserts’ perception (Lambin and Ehrlich, 1997). Others used 

ready-to-use land cover data from the Harmonized Global Land Use database together with MODIS-

derived per cent tree cover data, mean annual rainfall, seasonality, soil map, burned areas, and 
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population density data, to model sub-Saharan Africa tree cover for the period 2000-2070 (Aleman et 

al., 2016). The modelling framework is based on a random forest algorithm, while the future scenario 

projections are computed according to the Representative Concentration Pathways (RCPs) 8.5, 6.0, 

4.5, and 2.6. Overall, the authors estimated a future decrease in tree cover and showed that land-use 

change (e.g., deforestation, urban expansion) significantly outweighed climate as the principal 

controlling factor of the tree cover decline (Aleman et al., 2016). More recently, the lack of consistent 

and recurrent mapping of African croplands was addressed by developing an automated algorithm 

based on ground training data, VHR images, 16-day time-series of MODIS NDVI at 250 m resolution 

(in year 2014), and local knowledge (Xiong et al., 2017). The authors first produced a cropland layer for 

2014 including information on cropland extent and types (i.e., irrigation vs. rainfed, croplands vs. 

cropland fallows, crop intensities, crop dominance type). This information was later exploited to build 

the automated algorithm, which was then applied from 2003 to 2014. Results showed that cropland 

areas averagely increase of 10,000 km2 yr-1 (cropland fallows decreased at the same rate). Algorithm 

outputs were validated against ten existing cropland products, and the overall accuracy resulted to be > 

90% (average), which therefore demonstrates the ability of the automated algorithm to forecast past, 

present and hence future cropland types (Xiong et al., 2017). Evidence of increasing cultivated lands 

was reported also at the local scale, and, importantly, in different rangeland regions. On the one hand, 

this confirms the known concerns on rangeland being increasingly converted to cropland or other 

non-rangeland land-use types (Alkemade et al., 2013). On the other hand, it further highlights the 

potential need for reframing rangeland systems into highly interconnected socio-ecological systems 

(Reid et al., 2014). An analysis in Northern Afar (Ethiopia) rangelands, land use land cover dynamics 

were assessed between 1972 and 2007. Landsat scenes from Multispectral Scanner (MSS), TM 

(Thematic Mapper), and ETM+ (Enhanced Thematic Mapper Plus) were classified (region of interest 

surface = 125 km2), and a from-to change detection calculation revealed a significant reduction in 

woodlands (from 8.35% to 0.28%), and grasslands (from 7.75% to 0.91%) areas, while an increased 

was observed in both bushlands and, specifically, cropland (the coverage in 2007 was three and eight 

times more extended than in 1972, respectively) (Tsegaye et al., 2010). The authors concluded that the 

increase in cropland areas coupled with the reduction in grasslands extent represents a threat to the 

traditional mobility of local pastoral communities. Similar expansion in cultivated areas was observed 

in semi-arid rangelands of Loitokitok, southern Kenya, during 1973-2000, as shown by a land cover 

change assessment performed on Landsat and SPOT images (Campbell et al., 2003). Pricope et al. 

(2013) identified increasing population number and land-use changes as the main causes of vegetation 

browning (i.e., decreasing NDVI) between 1981 and 2012 in the rangeland of the East Africa Horn 

(trends in precipitation could explain only a minimal part of changes in NDVI). More specifically, they 

revealed that the grassland systems occurring along the Indian coast of Kenya and Somalia, and in the 

central Ethiopian plateau were heavily replaced by croplands. Noticeably, the authors did not directly 

compute their own land cover maps, but retrieved land cover changes accessing single-date MODIS 

MOD12Q1 land cover (this analysis was run from 2001 to 2009 only) (Pricope et al., 2013). 

Agricultural expansion was also observed in western Africa. In Burkina Faso, for instance, after 500 
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Landsat and 3,000 MODIS scenes were classified utilising an automated reflectance fusion model, 

Knauer et al. (2017) reported that an expansion in agricultural areas of 91% between 2001 and 2014 

(ca. 116,900 km2). Rainfed agricultural areas represented the major component of this trend, yet also 

other agricultural land types (e.g., plantations, irrigated areas) increased significantly. Increasing 

attention is also recently given to uncultivated features such as woody cover, particularly in southern 

Africa. Higginbottom et al. (2018), for instance, tested the combined use of Landsat data and Phased 

Array type L-band Synthetic Aperture Radar (PALSAR) imageries from both dry and wet seasons in a 

ca. 125,000 km2 area within the Limpopo Province (South Africa). The most insightful results refer to 

the accuracy assessment, as the highest accuracy was observed when both dry and wet seasons were 

used (r2 = 0.77 and RMSE = 9.4 vs. r2 = 0.74 and RMSE = 9.9 when only the dry season was used), 

and to the marginal benefit of radar data, as they improved the woody cover estimation accuracy 

calculated by Landsat of 1% only (Higginbottom et al., 2018). Others used aerial photography to 

estimate tree cover changes from in three 25 km2 areas between 1937 and 2004. This analysis, based on 

a bimodal grass vs. trees classification realised using ca. 250,000 points manually selected, showed 

strong increases in tree cover at all three sites (14% to 58%, 3% to 50%, and 6% to 25% respectively). 

Past land use practices (i.e., fire, herbivore density, stocking rate) were very diverse in these areas, yet 

woody cover still increased significantly. Therefore, the authors suggested global drivers (e.g., CO2) as 

the most likely explanatory factor (Wigley et al., 2010). A similar aerial photography-based analysis 

showed analogous results in an area of 1,020 km2 including commercial ranching, conservation parks 

with elephants, conservation parks with no elephants, and rangelands in western South Africa. The 

study, performed between 1940 and 2010, highlighted that woody cover doubled in all land uses 

regardless of rainfall gradient (thus confirming global CO2 fertilization as possible driver), except 

where elephants were presents (Stevens et al., 2016). 

2.6 Summary 

Rangelands are extremely dynamic systems that exhibit more frequent and profound changes than 

many other environments. Climate variability, climate extremes, livestock and wild animal grazing, 

invasive species, land management, and fire can shape rangeland structure at both small and large 

spatial scales (Kumar et al., 2015). Repetitive, accurate, and extended information about rangeland 

structure (e.g., LAI), function (e.g., primary production), and composition (e.g., woody vs. herbaceous) 

is essential for rangeland users at evaluating and adjusting, for instance, the movement of stock and 

stocking rates, land degradation issues, long-term trends in rangeland health and conditions (Smith et 

al., 2019). 

Through major transformations, remote sensing has significantly contributed to the development of 

global rangeland knowledge. For instance, remote sensing studies have helped to establish that i) 

rangelands are systems mostly at nonequilibrium (Briske et al., 2003); ii) rangelands vegetation 

greenness tightly tracks rainfall patterns (Tucker and Nicholson, 1999); iii) global long-term greening 

trends were boosted by CO2 fertilisation (Zhu et al., 2016); iv) woody plants are increasingly present in 
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global rangelands (Archer et al., 2017); v) broad semi-arid ecosystems work as an important carbon 

sink (Ahlström et al., 2015). These discoveries were possible because rangelands represent the ideal 

environment for testing and developing remote sensing techniques thanks to their overall favourable 

cloud-free atmospheric conditions. As remote sensing technologies improved, these progressively shed 

new light on rangeland ecosystem dynamics and revealed the crucial role that rangelands have in the 

global water, nutrient, and carbon cycling, and ecosystem services provision (Smith et al., 2019). The 

established importance of rangelands within the Earth system pinpoints the need for an updated focus 

on the applications of remote sensing technology to these regions, specifically in the context of global 

environmental change. This is particularly impelling in the Africa continent for two main reasons. First, 

while Africa has a millennial rangeland history, it is characterised by an extremely poor tradition in the 

application of remote sensing-based rangeland monitoring. Second, Africa hosts some of the world’s 

poorest developing countries that rangeland science must prioritise given their high vulnerability to 

global climate change (Niang et al., 2014). This study tackles these aspects by exploiting some of the 

latest satellite time-series products and long-term modelled data to renew the current knowledge of 

African rangeland dynamics. For the first time, changes in vegetation greenness for the rangelands of 

the whole African continent were assessed over the longest satellite time-series data currently available.  
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 Data description and pre-processing Chapter 3

3.1 Introduction 

Three decades of African rangeland vegetation dynamics were investigated using an ensemble of 

independent time-series datasets derived from both optical and microwave satellite remote sensing 

observations and a global dynamic ecosystem model (table 3.1). This chapter describes each dataset 

(section 3.2) and explains the pre-processing and quality checks performed to assess their accuracy and 

suitability for long-term rangeland monitoring (section 3.3). Refer to appendix A for a complete list of 

the sources where these datasets were accessed. 

 
Table 3.1 List of datasets used in this study and main features. A description of each dataset is 
provided in the following sections, except for the climate datasets used only as input variables to force the LPJ-
GUESS model (i.e., temperature, precipitation, and sunshine duration from the Climate Research Unit, version 
TS 3.24.01 (Harris et al., 2014), estimates of monthly nitrogen deposition (Lamarque et al., 2013), and ice-core 
and flask measurement-derived annual mean atmospheric CO2 data (Etheridge et al., 1996)), and the data used 
just to check the overall accuracy of the preprocessing and spatial resolution resampling (i.e., MODIS NDVI 
(Vermote, 2015) and MSWEP precipitation (Beck et al., 2017a)). Note that the LPJ-GUESS model outputs are 
not fixed but vary depending on users’ needs. Therefore, the two parameters list in this table refers to the 
biomass outputs simulated and applied in this thesis. See appendix A for the full list of data sources. (Acronyms 
are in Definitions and Abbreviations and in the text). 

3.2 Data 

3.2.1 Basemaps 

3.2.1.1 Rangeland map 

This thesis investigated long-term vegetation dynamics in the rangelands of Africa. For this reason, 

before any analyses were computed, it was essential to define a specific rangeland framework that did 

not refer, for instance, to less specific (e.g., dryland) or non-rangeland type (e.g., cropland, forest, 

Rangeland map 2010 8 km - Ellis et al. (2010)

Aridity Index 2005 - - FAO (2005)

CGLS land cover map 2015 100 m - Buchhorn et al. (2017)

GIMMS NDVI3g.v1 1981-2015 8 km Bi-monthly Pinzon & Tucker (2014)

VOD 1992-2011 25 km Monthly Liu et al. (2015)

VCFs 1982-2016 5 km Annual Song et al. (2018)

CHIRPSv2.0 precipitation 1981-present 5 km Monthly Funk et al. (2015)

ESA CCIv04.2 soil moisture 1978-2016 25 km Daily Chung et al. (2018)

AGC

WDC

Landsat 5 1984-2012

Landsat 7 1999-present

1982-2015

30 m Daily Loveland & Dwyer (2012)

Dynamic ecosystem 
model (LPJ-GUESS)

Surface reflectance

50 km Smith et al. (2001)Annual

Vegetation Data

Climate data

Basemaps

ReferenceNameData
Temporal 
coverage

Spatial 
resolution

Temporal 
resolution



Chapter 3 

44 

urban area) ecosystems. Working with a thoroughly defined rangeland basemap is an important asset 

not only to properly frame the research questions of this study, but also in support of any future 

rangeland studies addressing effective rangeland monitoring and, therefore, management in Africa. As 

common practice within the rangeland literature, the terminology suggested by the International 

Grassland Congress (IGC) and the International Rangeland Congress (IRC) (Allen et al., 2011) was 

here used as a reference definition to frame rangeland systems. 

A georeferenced spatial map for the rangeland of Africa is currently missing. Few exceptions include a 

basemap provided by the World Resources Institute, yet it covers just Kenya, or the Anomaly hot 

Spots of Agricultural Production (ASAP) Joint Research Centre (JRC) rangeland map, which does 

cover the whole Africa but it restrictively includes only grasslands (defined as areas with more than 

20% of grass and less than 10% of tree/shrub layer) (Meroni et al., 2019). The Society for Range 

Management (SRM) also provides a global rangeland map based on major plant forms in deserts, 

grasslands, savannas, and tundras, yet it is poorly accurate as it indistinctively includes many non-

rangeland land types (i.e., urban areas, cities, croplands, deserts) (Davies et al., 2015) (see figure 2.1). 

Probably, the unique georeferenced layer from which it is possible to retrieve a representative 

rangeland map exploitable for spatial analyses is represented by the anthropogenic biome classification 

suggested by Ellis et al. (2010), which defines 19 different classes based on how humans have 

transformed the Earth’s biosphere (appendix B). This product was retrieved by combining a 

population density and land use global gridded datasets both obtained from the third version of the 

History Database of the Global Environment (HYDE) model, a widely used tool for global population 

and land-use change assessments (Goldewijk and van Drecht, 2006). The algorithm used by Ellis et al. 

(2010) defines rangeland as scarcely populated areas (< 100 persons per km2), featuring no crops, no 

closed forest, and no bare land (Ellis et al., 2010). While this way of defining rangelands closely 

matches the IGC and IRC terminology, the consistency of Ellis et al. (2010) product with IGC and 

IRC terminology was specifically tested using the Copernicus Global Land Service (CGLS) land cover 

map (year 2015, 100 m spatial resolution) (Buchhorn et al., 2017). 

The CGLS land cover product for Africa was created through several multi-step sections including 

data cleaning and compositing, data fusion, spectral and phenological metrics generation, training data 

generation, and supervised classification. The input data included the Project for On-Board Autonomy 

Vegetation (PROBA-V) top of the canopy surface reflectance for four spectral bands (blue, red, near-

infrared, short-wave infrared) at 300 m and 100 m spatial resolution, training data (manual 

classification using Google Maps and Bing images at 10 m spatial resolution), and ancillary information 

(Buchhorn et al., 2017). In this thesis, the eighteen nominal classes (appendix B) were aggregated into 

five classes, i.e., desert, grassland and shrubland, open forest, cropland, and closed forest (figure 3.1a). 

After resampling the land cover map to match the Ellis et al. (2010) product (i.e., from 100 m to 8 km 

spatial resolution, nearest neighbourhood), the two maps were first superimposed, and, second, 

rangeland pixels as defined in Ellis et al. (2010) that occurred in non-rangeland land types of the CGLS 

land cover map (i.e., cropland and closed forest) were excluded. Overall, good agreement was found 
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between the two, as the ca. 9,500,000 km2 of land surface classified as rangeland by Ellis et al. (2010) 

mostly included grassland and shrubland (44%), open forest (26%) and desert areas (15%). The 

remaining 15% resulted to be classified as either cropland (7%) or closed forest (8%), and was thus 

removed from the analysis as these two classes do not represent the typical rangeland land cover type. 

By doing so, the extent of African rangelands changed from ca. 9,500,000 km2 (figure 3.1a) to ca. 

8,300,000 km2 (figure 3.1b), which is the value that was assumed to represent the total African 

rangeland extent. Sample examples from West Africa, Chad, and Mozambique show in more detail 

how the rangeland extent changed by including (figure 3.1c,e,f) and excluding (figure 3.1d,g,h) 

cropland and closed forest. However, because cropland and open forest were masked out at the 

nominal spatial resolution of the Ellis at al. (2010) product (i.e., 8 km), approximately 11% of pixels 

(i.e., 2,707 out of 24,610) classified as cropland and closed forest were later unavoidably re-included in 

the computations as the analyses were performed at the common spatial resolution of 25 km (see 

section 3.3.4). 

 
Figure 3.1 Ellis et al. (2010) rangeland map validation. a, Rangeland extent including cropland and 
closed forest. b, Rangeland extent excluding cropland and closed forest. c-h, Sample examples from West Africa, 
Chad, and Mozambique. After removing the non-rangeland land cover type (i.e., cropland and closed forest) the 
extent of African rangelands changed from ca. 9,500,000 km2 (a) to ca. 8,300,000 km2 (b). This is the value that 
was assumed as the total African rangelands extent. Examples from West Africa, Chad, and Mozambique show 
in more detail how the rangeland extent changed by including (c, e, f) and excluding (d, g, h) cropland and 
closed forest. 
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Only a few other estimations of the extent of African rangelands are available for comparison. 

Hoffman and Vogel (2008), for instance, stated that the rangelands of Africa cover nearly 13,000,000 

km2. Others suggested value as extended as ca. 22,000,000 km2 (Rass, 2006), while the FAO recently 

quantified the sub-Saharan Africa pastoral systems to occupy ca. 3,500,000 km2 (FAO, 2017). In her 

study on a Serengeti-Mara conservation area, Homewood (2004) provided an overview of the 

rangelands of Africa, yet no information on their extent is reported. The issue with these continental-

scale studies is, however, twofold. First, none of them detailed how the extent was calculated. While 

the standard rangeland definition is mentioned, the actual assumptions that were used to derive the 

rangeland extent are unknown. Second, unlike Ellis et al. (2010), they do not provide a georeferenced 

map that can be used in spatial analysis software (e.g., ArcGIS) for a direct comparison or validation. 

Therefore, while the rangeland basemap produced in this study could be further validated using other 

land cover products and at different times between 1982 and 2015, it still represents a consistent tool 

that not only worked as a reference layer for the analyses and results produced in this thesis, but may 

also functions as a new reference map that future rangeland studies can apply, or further validate at 

different spatial scales, ahead of appropriate rangeland monitoring. 

3.2.1.2 Aridity index map 

Aridity regions were needed as the findings of this thesis where not only presented at the broad 

continental scale, but also as per aridity region. The Food and Agriculture Organization (FAO) aridity 

index classification is one of the most applied aridity regions basemap for African ecosystem 

assessments (FAO, 2005). Importantly, this specific product was selected amongst other aridity 

basemaps (e.g., the MA or the Harvest Choice products) because it covers the whole of Africa, 

provides a class also for humid systems, and comes with more accurate feature-polygons. The aridity 

regions suggested for Africa by the FAO were defined based on the aridity index (AI), i.e., the ratio 

between annual mean precipitation and annual mean potential evapotranspiration. In the FAO 

product, these are both derived from the WorldClim Global Climate Data (Hijmans et al., 2005). The 

WorldClim archive is a global 1 km spatial resolution of monthly average data for precipitation, mean, 

minimum and maximum temperature (1950-2000). It is retrieved from a large number of weather 

ground observations and the Shuttle Radar Topography Mission (SRTM) topographical data (Hijmans 

et al., 2005). Five classes are suggested, including hyper-arid (AI < 0.03), arid (0.03 < AI < 0.2), semi-

arid (0.2 < AI < 0.5), dry sub-humid (0.5 < AI < 0.65), and humid (AI > 0.65). This scheme follows 

the traditional classification categories suggested by the United Nations Environment Programme 

(UNEP) World atlas of desertification in 1997 (FAO, 2005). Rangelands mostly occurred within arid 

and semi-arid regions (70%, ca. 6,000,000 km2), yet a significant amount of rangeland areas was also 

found in humid systems (ca. 1,500,000 km2) (figure 3.2). 
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Figure 3.2 Aridity regions and per-aridity region rangeland extent. a, Spatial extent of aridity regions 
as suggested by the FAO (2005). b, Rangeland extent for each aridity region class. Aridity regions were defined 
by the FAO based on the aridity index. The rangeland extent is not showed to simplify the visualization of the 
map (a). The rangeland basemap resampled at 25 km was used to calculate the rangeland extent in each aridity 
region class (b). 

3.2.2 Vegetation data 

3.2.2.1 Global Inventory Modeling and Mapping Studies (GIMMS) Normalised 

Difference Vegetation Index (NDVI), version 3g.v1 

Satellite-derived vegetation indexes (VIs) allow effective monitoring of ecosystem dynamics over long 

time and at large spatial scales (Jiang et al., 2013). Paraphrasing, this is the core research question of 

this thesis, i.e., investigating long-term changes in vegetation greenness in the rangelands of the whole 

of Africa (research questions 1 to 3). The VI archive that can best address this question is the AVHRR 

GIMMS NDVI3g. This is because it is global, it is largely pre-processed, and uncertainties were 

progressively identified and addressed via different released versions (i.e., NDVIg, NDVI3g.v0, and 

NDVI3g.v1). More importantly, this product spans the longest NDVI time-series currently available 

(i.e., 1981-2015), and more than 30 years of vegetation greenness can be thus analysed. This is an 

important aspect given that 30 years is the threshold that is required for monitoring needs in support 

of climate-related research. Other NDVI datasets do exist, including, for instance, the MODIS NDVI 

derived from the Terra and Aqua satellites, the Satellite Pour l'Observation de la Terre Vegetation 

(SPOT-V) NDVI derived from the SPOT 4 and 5 satellites, or the Pathfinder AVHRR Land (PAL) 

NDVI derived from the NOAA satellites (Vrieling et al., 2014). The key issue with MODIS or SPOT-

V data is that none of the two can span the time-series covered by the GIMMS, as MODIS NDVI is 

available from 2000 (Terra) or 2002 (Aqua) onwards, while the SPOT-V NDVI from 1998 onwards. 

Meanwhile, the PAL NDVI is available from 1981, yet it was later reformatted into the GIMMS NDVI 

to overcome its known errors (e.g., spatial registration, radiometric calibrations, solar zenith angle 

effects due to sensor drift) (Young and Harris, 2005). Nowadays, the GIMMS NDVI3g is, by far, the 

most commonly used archive for long-term vegetation greenness trend analysis (Beck et al., 2011). The 

latest version (NDVI3g.v1, released July 2016) was used in this study. 
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While maintaining the principal features of the previous version (NDVI3g.v0), the GIMMS 

NDVI3g.v1 comes with three main updates. First, errors in the cross-calibration with SeaWIFS data 

were addressed to minimise the overestimation of NDVI values (particularly high in sparsely vegetated 

regions) (Burrell et al., 2018). Second, it covers two extra years spanning the period from July 1981 to 

December 2015 and, third, the quality flags, three instead of seven, are embedded separately to simplify 

the use of the dataset (Jorge Pinzon, personal communication). Specifically, ‘flag0’ refers to NDVI 

without apparent issues (i.e., good values), ‘flag1’ to NDVI retrieved from spline interpolation and 

‘flag2’ to NDVI retrieved from seasonal profile (Pinzon and Tucker, paper in preparation). The 

missing values are un-flagged. 

The NDVI3g.v1 features a bi-monthly maximum-value composite (MVC) temporal resolution (one 

value for day 1-15 and one value for day 16-end of the month per pixel) and an 8 km spatial resolution 

(Pinzon et al., 2007). The NDVI values were retrieved from the AVHRR/2 sensor, which measured 

from July 1981 to November 2000 onboard of NOAA-7, 9, 11 and 14 satellites, and the AVHRR/3 

sensor, in operation from November 2000 onward onboard of NOAA-16, 17, 18, 19, MetOp-A and 

MetOp-B satellites (Pinzon and Tucker, 2014). Because of the changes in satellite and sensor, the data 

were corrected to reduce signal artefacts. For instance, false solar zenith angle effects, particularly 

evident in the AVHRR/2 record because of satellite orbital drift in the NOAA-7 to NOAA-14 

satellites, were corrected using the adaptive empirical decomposition technique developed by Pinzon et 

al. (2005). Further, the improved technology introduced with the latest AVHRR-3 sensor (launched in 

1998 onboard of NOAA-15) caused some inter-calibration issues with the previous AVHRR-2, which 

were overcome using NDVI values derived from the NASA’s high-quality SeaWiFS-data between 1997 

and 2010 (Pinzon and Tucker, 2014). Finally, specific calibration coefficients accounting for sensor 

degradation were applied as suggested by Los (1998) on AVHRR/2 NDVI, and Wu et al. (2010) on 

AVHRR/3 NDVI. There is no atmospheric correction applied to the dataset, save the 1982-1984 and 

1991-1994 intervals, where a volcanic stratospheric aerosol correction was employed on AVHRR/2 

observation to account for El Chichon and Mt Pinatubo eruptions (Tucker et al., 2005). This is 

because channel 1 (red) and channel two (NIR) of both sensors are a-priori calibrated for water vapour 

absorption and aerosol as suggested by Vermote and Kaufman (1995). However, there are still pixels 

where measurements were not possible mainly because of cloud cover, and the quality flags 

accompanying the dataset have been created to account for these areas (section 3.3.1). Recent 

evaluations showed that uncertainties for the GIMMS NDVI record account to some ± 0.005 NDVI 

unit, which is considered a robust value within empirical analyses (Pinzon and Tucker, 2014). As 

mentioned above, this value was further reduced in the newer 3g.v1 version (Burrell et al., 2018). 

Because of its relatively recent release, the GIMMS NDVI3g.v1 has been only used to simulate the 

onset of spring bloom in the northern hemisphere (Liu et al., 2017), for human-driven vegetation 

analyses in Mongolia (Zhou et al., 2018) and to study the relationship between changes in rainfall 

distribution and woody cover in the Sahel (Brandt et al., 2019), while the previous version has found 

application in more than 2,000 peer-reviewed papers. 
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The R package ‘gimms’ (available online) (Detsch, 2016) was used to convert the data from NetCDF 

to raster and select the quality flags. Only years presenting full data coverage were included in this 

study (i.e., from 1982 to 2015). 

3.2.2.2 Vegetation Optical Depth (VOD) retrievals 

Vegetation greenness as indicated by NDVI was not only investigated in terms of monotonic long-

term changes, but also decomposed as per changes in its woody and herbaceous component (research 

question 3). VOD retrievals were selected to address part of this research question for two reasons. 

First, they were proved to work as an effective proxy for woody vegetation (Brandt et al., 2017). 

Second, they are derived from microwave satellite observations, which thus allowed to retrieve and 

evaluate the findings of this thesis also employing a unique non-optical-based vegetation data stream. 

VOD retrievals are a recently produced dataset for vegetation dynamic assessments. The main 

difference with traditional optical remotely sensed vegetation indexes is that VOD data are derived 

from passive microwave observations. Satellite-based passive microwave measurements (i.e., brightness 

temperature) are constituted by three elements, namely the upward radiation from the soil layer (then 

attenuated by the overlaying vegetation cover), the downward radiation from the vegetation (then 

reflected upward by the soil layer), and the upward radiation from the vegetation (Mo et al., 1982). 

These three elements are function of the vegetation transmissivity (Γ) that is defined as 

Γ = exp (-δ / cosµ) 

where δ is the VOD and µ is the incidence angle of the observation (Liu et al., 2011a). In other words, 

VOD is described by a negative exponential function of the transmissivity of vegetation and represents 

a measure of how much of the passive microwave radiation emitted by the soils and the vegetation is 

attenuated by the vegetation itself (Liu et al., 2011a). For instance, the VOD, dimensionless, equals 0 

when the transmissivity is 1, meaning that no microwave energy is attenuated from soil or vegetation. 

This is thus the case of bare soils. Vice versa, the transmissivity tends towards zero when most 

microwave emissions are attenuated by vegetation (VOD ~ 1.3), which occurs over densely vegetated 

regions.  In other words, VOD is proportional to the dielectric property of the vegetation, i.e., to the 

water content of both the green (e.g., leaves) and non-green (e.g., woody) part of the vegetation 

(Brandt et al., 2017). 

The VOD dataset used in this study was created merging passive microwave observations from three 

sensors, i.e., the Special Sensor Microwave Imager (SSM/I) from the Defense Meteorological Satellite 

Program, the Advanced Microwave Scanning Radiometer Earth Observing System (AMSR-E) onboard 

the Aqua satellite, and the WindSat radiometer (Liu et al., 2015), using the VU University of 

Amsterdam and National Aeronautics and Space Administration (NASA) Land Parameter Retrieval 

radiative transfer Model (LPRM) (Meesters et al., 2005; Owe et al., 2008). The LPRM is able to 

successfully extract VOD (and soil moisture) despite the different wavelengths and view angles of the 

three sensors, yet a degree of dependence of VOD values from different sensor characteristics still 
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exists. To produce as robust signals as possible, specific attention was given to two aspects. First, 

daytime observations were not considered (approximately from 8.00 am to 7.00 pm local time) in order 

to exclude strong vertical temperature gradients. Second, ahead of the need to rescale the 

measurements of the three sensors to a common shape, the AMSR-E was selected as a reference 

sensor because of its higher resolution (both temporal and spatial), and lowest measuring frequency 

(Liu et al., 2011a). Finally, the merging technique to a single long-term product is based on the 

cumulative distribution function (CDF), an approach that allows long-term trends and inter-annual 

dynamics of the unmerged signals to remain unaltered (Liu et al., 2011b, 2009). Recent studies have 

tested the consistency of the VOD during 1992-2011 at both global and local scales, and no errors 

were shown to occur at the time of sensor shifts (Tian et al., 2016). The overall robustness of the VOD 

products was also boosted by the fairly long overlapping period existing between the AMSR-E, SSM/I 

and WindSat instruments. The limitations of the current VOD dataset refer to the assumption taken in 

the VU-NASA model. These include simplifications to a constant scattering albedo, soil surface 

temperature equal to canopy surface temperature, and unchanging surface roughness (Owe et al., 

2001). 

Generally, microwave-derived VOD observations have important advantages compared to optical-

based data, including the possibility to be used day and night, the ability to penetrate clouds, and the 

little perturbation related to atmospheric conditions. Importantly, microwave measurements are not 

limited to the top of the canopy but are sensitive to the entire aboveground vegetation layer. However, 

they have a shortertime-series when compared to other optical vegetation indexes (e.g., GIMMS 

NDVI), and the spatial resolution is generally coarse (10 to 25 km) because of the relatively low energy 

of the emissions. 

The VOD record has recently found several applications in global-to-regional assessments of dryland 

(Andela et al., 2013; Tian et al., 2017; Wei et al., 2019) and forests vegetation (van Marle et al., 2016; 

Zhou et al., 2014), to investigate woody vegetation dynamics (Brandt et al., 2019, 2017) and to evaluate 

carbon biomass changes (Brandt et al., 2018b; Liu et al., 2015; Tong et al., 2018). It has been used also 

as part of drought monitoring and forecasting systems for Africa (Sheffield et al., 2014). 

VOD raster for Africa is at monthly temporal resolution and 25 km spatial resolution. The time-series 

spans from 1992 to 2011. 

3.2.2.3 Vegetation Continuous Fields (VCFs) 

While NDVI was used as an indicator of vegetation greenness and VOD as a specific proxy for woody 

vegetation, the VFCs data not only provided an alternative optical-based data stream for tree cover, 

but also for short vegetation and bare ground. The VCFs data thus yielded a full characterisation of 

changes in vegetation greenness in terms of both the woody the short component of the vegetation 

(research question 3). In turn, this allowed to effectively address the research question aimed at 

unfolding long-term changes in the vegetation composition across the rangelands of Africa. This study 
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used the newly released VCFs product by Song et al. (2018). Other VFCs datasets are available (e.g., 

MODIS VCFs or Landsat VCFs), yet these were not considered as any of them can cover the full 

time-series considered in this thesis (i.e., 1982-2015). 

VCFs describe the vegetation fractional composition of the land surface as derived from satellite 

observations (DeFries et al., 1995). Similar to previous VCF products (e.g., MODIS or Landsat VCFs) 

(Hansen et al., 2011, 2003), the VCFs used here include global annual data of tree cover (TC), short 

vegetation (SV), and bare ground (BG) (Song et al., 2018). Specifically, every pixel reports the 

percentage of tree cover, short vegetation, and bare ground (that is each pixel sums up to a value of 

100) at the peak of the local growing season (Hansen et al., 2014). Tree cover data refer to vegetation 

taller than 5 meters, and it is calculated considering the portion of land covered by the vertical 

projection of the tree canopy (Song et al., 2018). Tree cover is not synonymous with forest cover, but 

it can be used to classify an area as forested or non-forested (e.g., depending on the size of the area and 

the amount of surface covered by trees taller than 5 meters). Short vegetation data include crops, 

herbaceous vegetation, shrubs, and mosses, while bare ground data represents non-vegetated areas. 

Song et al. (2018) derived VCFs products by compiling the fourth version of the Long Term Data 

Record (LTDR) with AVHRR observations. The LTDR is a global coarse resolution data record 

consisting of daily surface reflectance products (Villaescusa-Nadal et al., 2019). Daily surface 

reflectance values were converted into annual VCF data by means of an improved two-steps version of 

the MODIS VCF approach (Hansen et al., 2003). First, monthly composites were initially created by 

aggregating daily LTDR data using the maximum NDVI of a given month to minimize cloud and 

atmospheric contamination, and off-nadir viewing effects (Holben, 1986). Second, monthly 

composites were then statistically transformed into yearly phenological metrics, a technique that allows 

a spatial and temporal consistent pixel-by-pixel representation of the vegetation phenology (Hansen et 

al., 2013). Like in the creation of GIMMS NDVI data, the VCFs were empirically normalised to 

account for the known discrepancies related to the NOAA satellite shifts (e.g., orbital drift, different 

sensor designs, sensor degradation) (Latifovic et al., 2012; Pinzon and Tucker, 2014). This 

normalisation uses MODIS data as reference information to remove systematic artefacts belonging to 

the two spectral end-members, i.e., forest (dark object) and desert (bright object), and assuming that 

biases across all other land cover types are included within these two extremes (Gutman, 1999). To 

validate the data, Song et al. (2018) used the Landsat-derived VCFs (30 m spatial resolution) for all the 

three VCFs, and also the United States Geological Survey (USGS) tree cover reference database for the 

tree cover product. The latter is a global validation data created with VHR imageries from QuickBird, 

WorldView, IKONOS, and GeoEye (Pengra et al., 2015). This is a common approach in long-term 

land cover change assessments, as generally, no ground data are available at consistent temporal 

intervals, across different land cover types, and capable to cover sufficiently extended portions of land 

surfaces (Song et al., 2018; Strahler et al., 2006). For all four combinations (i.e., AVHRR TC vs. USGS 

TC, AVHRR TC vs. Landsat TC, AVHRR SV vs. Landsat SV, AVHRR BG vs. Landsat BG), the 

authors calculated an accuracy higher than 84%, and an r2 greater than 0.73 (Song et al., 2018). 



Chapter 3 

52 

Permanent surface water bodies were masked out using the Landsat-based permanent water product 

(Hansen et al., 2013). 

VCFs composites are at yearly temporal resolution and 5 km spatial resolution. The time-series ranges 

from 1982 to 2015. No data are available for 1994 and 2000 due to the lack of data in the LTDR. 

3.2.3 Climate data 

3.2.3.1 Climate Hazards Group InfraRed Precipitation with Station (CHIRPS), version 

v2.0 

Precipitation data were needed to address the research question aimed at defining to what extent recent 

climate variability controlled African rangeland dynamics (research question 2). As explained in the 

following sections, different climate parameters were applied to address this question. However, the 

first investigated refers to water availability, here defined as precipitation and soil moisture. This is 

because water availability is the main driver of vegetation greenness in most African rangelands (ca. 

70% of rangelands occur in African arid and semi-arid regions, i.e., systems largely depending on water 

availability (Fensholt et al., 2012)). Many precipitation datasets nowadays exist. For instance, Beck et al. 

(2017b) have recently evaluated 22 global precipitation datasets using ground observations from 76,086 

gauges and hydrological models for 9,053 catchments. While the authors suggest that the decision on 

which dataset may vary depending on the region of interest and users need, they concluded that the 

second version of the CHIRPS record (CHIRPSv2.0) and the second version of the Multi-Source 

Weighted-Ensemble Precipitation (MSWEPv2.0) are, overall, the best choices for long-term annual 

mean analyses (Beck et al., 2017b). Therefore, this thesis made use of both products. On the one hand, 

the CHIRPSv2.0 was used as the core precipitation dataset for the long-term time-series analysis. This 

is because CHIRPS data were specifically developed to deliver reliable, complete, and up to date 

information in support of trend analysis (e.g., this study) or seasonal drought monitoring, and because 

they have been extensively applied and validated across Africa (Funk et al., 2015b). On the other hand, 

given that all dataset (except VOD and soil moisture) were resampled at the common spatial resolution 

of 25 km, the MSWEP product, which comes at a nominal spatial resolution of 25 km, was used as a 

proxy to validate the resolution resampling pre-processing phase (see section 3.3.4). 

The CHIRPSv2.0 is the latest 1981-present quasi-global rainfall dataset developed by the USGS and 

the Climate Hazard Group (CHG) at the University of California Santa Barbara (UCSB). The 

CHIRPSv2.0 dataset is provided at 5 km spatial resolution and a daily, pentad, dekad or monthly 

temporal resolution. The CHIRPS record is the result of a multi-step methodology based on a series of 

existing datasets (figure 3.3). The first input is the Climate Hazard Precipitation Climatology 

(CHPclim), which represents a historical precipitation climatology created from physiographic rainfall 

indicators such as elevation, latitude and longitude, a collection of long-term mean precipitation 

obtained from two global in-situ station networks (i.e., the FAO and the Global Historical Climate 

Network (GHCN)) and other remotely sensed products of precipitation estimates, brightness and land 
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surface temperature (Funk et al., 2015a). Secondly, two NOAA’s thermal infrared (TIR) products, 

namely the Global Gridded Satellite (GriSat) of the National Climatic Data Center (NCDC) and the 

Climate Prediction Center (CPC) archive, are converted to infrared precipitation estimate (IRP) by 

measuring the cold cloud duration (CCD), which refers to the amount of time that clouds are close to 

the critical threshold temperature (i.e., the limit after which clouds are likely to produce rainfall) (Funk 

et al., 2014). The IRP estimation is based on a simple regression model of the CCD, calibrated using 

NASA’s TRMM Multi-satellite Precipitation Analysis (TMPA 3B42.v7) (Funk et al., 2015b). The third 

step consists in the multiplication of the IRP estimates with the CHPclim, which means combining the 

temporal component, i.e., the IRP, with the spatial element, i.e., the CHPclim, to obtain an unbiased 

gridded rainfall estimate named the Climate Hazards Group IR Precipitation (CHIRP) (Funk et al., 

2014). Finally, the CHIRP dataset is blended with ground station data to make the CHIRPS product 

using a per-pixel inverse distance weighted average algorithm based on the five closets station to each 

CHIRP gridded location (Funk et al., 2014). 

 
Figure 3.3 Overview of the CHIRPSv2.0 multi-step architecture. See text for details. Image edited 
from Funk et al., (2015b). (Acronyms are in Definitions and Abbreviations and in the text). 

Funk et al., (2015b) performed several step-by-step and a posteriori quality checks on the CHIRPS 

archive. To produce a robust time-series data, the CHG station climatology database is used to identify 

the 52,743 high-quality reference locations (i.e., the global anchor stations), which primarily correspond 

with national meteorological networks and, lastly, to a series of less reliable public data streams (Funk 

et al., 2015b). For instance, the Global Summary of the Day (GSOD) or the Global 

Telecommunication Systems (GTS) stations treat any missing values as zeros, thus reporting the 

presence of false dry conditions. For this reason, any station-day showing no precipitation is masked 

out if the CHIRP value for that day is greater than the long-term daily average (false zeroes screening) 

(Funk et al., 2015b). Further, the GDOS data sometimes exhibited an identical value for multiple days, 

which are thus adjusted or omitted. Other quality checks implemented on the CHIRPS record exclude 

those ground stations showing a per-pixel bad z-score across the entire time-series (z-score > 4), or 

those stations featuring either extremely large absolute observations or values greater than five times 

the CHIRP (Funk et al., 2015b). Further, any new station added to the CHG database is checked to 

ensure that its information is statistically consistent with three neighbour quality stations. This check is 

done by calculating differences, mean standard errors, and correlation coefficients between the three 
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wettest months of the new and existing neighbour stations. This algorithm, which also accounts for the 

climatology and morphological features of an area, produce a sort of ‘badness’ index indicating 

whether or not a station compares well with neighbouring stations 

(http://chg.geog.ucsb.edu/data/chirps/statcomp/index.html, accessed date: 11/03/2017). Nearby 

stations sharing similar elevation and climatology but featuring very diverse rainfall totals are likely to 

be biased and, therefore, are removed from the data stream used for the CHIRPS archive. The last 

quality control consists of a manual crosscheck between the final monthly CHIRPS value and the 

actual value form the corresponding station. This procedure is also made available via the Early 

Warning eXplorer (EWX) online tool (http://ewx.chg.ucsb.edu:8080/EWX/index.html, accessed 

date: 14/03/2017), where users can verify the level of agreement or disagreement between the station 

and the CHIRPS rainfall monthly value. 

The performances of CHIRPS data have been successfully compared with other rainfall products and 

evaluated in many studies throughout the world (Beck et al., 2017b; McNally et al., 2017). For instance, 

mean absolute error (MAE) analysis, which allows to simultaneously evaluate systematic error (bias) 

and random error (both inversely related to correlation) between paired observations of the same 

variable, was evaluated by Funk et al. (2015b) by calculating the difference between the wet-season 

mean of a given dataset and the Global Precipitation Climatology Centre (GPCC) product (chosen by 

the authors as a baseline). For Africa, the CHIRPS archive showed smaller MAE compared to many 

other datasets including (CPC Unified, 79 mm vs. 114 mm) or not including (CHIRP, 79 mm vs. 90 

mm, and TMPA 3B42.v7, 79 mm vs. 139 mm) gauge station observations, and to reanalysis products 

(Coupled Forecast System (CFS), 79 mm vs. 162 mm, and European Centre for Medium Range 

Weather Forecasts (ECMWF), 79 mm vs. 122 mm) (to date, the only unknown uncertainty 

information is about the algorithm applied to blend the CHIRP with gauge station data) (Funk et al., 

2015b). Other studies have used and shown the suitability of CHIRPS data for continental Africa 

(Blunden and Arndt, 2017; Dunning et al., 2016; Chris Funk et al., 2015b), Ethiopia (FEWS NET, 

2015), East Africa (Dinku et al., 2018; Kimani et al., 2017; McNally et al., 2016; Pricope et al., 2013; 

Shukla et al., 2014), western Sahel (Schucknecht et al., 2016), Burkina Faso (Dembélé and Zwart, 

2016), Mozambique (Toté et al., 2015), Kenya (Le and Pricope, 2017), Mali, Niger, Chad, Ethiopia, 

Uganda, and Sudan (Funk et al.; the full list of USGS reports is available at 

http://chg.geog.ucsb.edu/publications/index.html#_Reports, accessed date: 06/03/2017), China (Bai 

et al., 2018), Cyprus (Katsanos et al., 2016), northern Brazil (Paredes-Trejo et al., 2017), and beyond. 

CHIRPS data were accessed at monthly temporal resolution and nominal spatial resolution (i.e., 5 km) 

for 1982-2015. 

3.2.3.2 European Space Agency (ESA) Climate Change Initiative (CCI) soil moisture, 

version v04.2 

In 2010, soil moisture became one of the 50 Essential Climate Variables (ECVs) that directly support 

the scientific work of the International Panel on Climate Change (IPCC) and the United Nations 
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Framework Convention on Climate Change (UNFCCC) (GCOS, 2010). Together with precipitation, 

soil moisture data were needed to better define water availability and its role in driving changes in 

vegetation greenness (research question 2). Soil moisture was included in the analysis because 

precipitation can only approximate the amount of water available to plants. In fact, the actual soil 

moisture depends not only on precipitation, but also on interception, evaporation, lateral and vertical 

runoff, and soil characteristic (e.g., depth, texture, water holding capacity) (Zeng et al., 2013). A long-

termtime-series analysis of both precipitation and soil moisture thus yields a more comprehensive 

assessment of water availability effects on rangeland vegetation dynamics. The most common soil 

moisture datasets include, for instance, the NASA Soil Moisture Active Passive (SMAP) mission, 

launched on January 2015, the ESA Soil Moisture and Ocean Salinity (SMOS) satellite, launched on 

November 2009, or the Japan Aerospace Exploration Agency (JAXA) Advanced Microwave Scanning 

Radiometer 2 (AMSR2), launched in May 2012 (Ma et al., 2019). Because no single satellite missions 

can provide long enough coverage of soil moisture data for climate monitoring purposes (i.e., 30 

years), the European Space Agency (ESA) filled this gap by establishing the Climate Change Initiative 

(CCI) soil moisture project (Dorigo et al., 2017). Within this framework, the ESA CCI has produced 

consecutive and improved versions of long-term multi-satellite soil moisture products. Nowadays, 

these are the only available data streams that can cover the time-series considered in this study. This 

thesis used the merged product, v04.2 version (released January 2018), spanning from 1978 to 2016. 

Remotely sensed soil moisture measurements are derived from the microwave domain, where the 

strong difference between water and dry-soil (dielectric) properties makes the microwave energy 

emission or reflection to be nearly linearly dependent on the water-ground soil composition (Ulaby et 

al., 1982). Although a standard definition about the surface thickness observed by microwave energy is 

still lacking, common practice assumes that soil moisture observations refer to the first ca. 5 cm of 

ground (Ulaby et al., 1982). This relatively low value may represent a shortcoming for those (non-

grassy) plants with roots extending at further depth (Seghieri et al., 2009). However, more confidence 

on deeper soil moisture content was given by a study showing a significant correlation between 

remotely sensed soil moisture data of the upper 5 cm and ground-based observations within the first 

10 cm (Dorigo et al., 2015). Microwave-derived soil moisture observations are insensitive to clouds and 

atmospheric conditions. 

ESA CCI soil moisture data are available in three different types. The active product is derived from 

the Active Microwave Instrument Wind Scatterometer (AMI-WS) and the Advanced Scatterometer 

(ASCAT). The passive product is obtained from observation of seven different radiometers, including 

the Scanning Multi-channel Microwave Radiometer (SMMR), SSM/I, the TRMM Microwave Imager 

(TMI), AMSR-E, WindSat, AMSR2, and SMOS. The combined product that merges active and passive 

products (Chung et al., 2018a). The merging scheme of the v04.2 is different from all other versions of 

the ESA CCI soil moisture data. While, previously, active and passive observations were firstly merged 

in one single active and one single passive products and later converted together in the final dataset 

(Chung et al., 2018b), in the v04.2 all active and passive datasets are directly weighted-average blended 
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into the combined product in one single step (figure 3.4) (Gruber et al., 2019). Throughout this 

process, data are resampled to a common spatial and temporal resolution (e.g., spatial resolution ranges 

from 25 km in the ASCAT to 150 km in the SMMR), rescaled to a common climatology metric, and 

error characterized. The latter step is computed through a triple collocation analysis approach (TCA) 

or a polynomial regression between TCA and VOD for active or passive data, and via a classic error 

propagation algorithm for the combined product (Chung et al., 2018b; Dorigo et al., 2017; Gruber et 

al., 2016). The VOD-based polynomial regression is another feature newly introduced in the v04.2 that 

allowed the estimation of uncertainties also in those areas where TCA error retrievals were not possible 

or reliable (Gruber et al., 2019). 

 
Figure 3.4 Overview of the ESA CCIv04.2 soil moisture dataset production. See text for details. 
Imaged edited from Dorigo et al. (2017) and Chung et al. (2018b). (Acronyms are in Definitions and 
Abbreviations and in the text). 

The combined dataset was built to bring together the complementary advantages of the active 

observations, better performing on medium to densely vegetated areas, and passive ones, which are 

more precise over sparse vegetation and better discriminate between dry and wet soils (Dorigo et al., 

2010). Therefore, this study used the combined product to take advantage of the better performances 

it has over both the active and passive single products, as also proved by previous studies (Dorigo et 

al., 2017; Liu et al., 2011b). However, despite recent progress in mitigating artefacts, there are still 

regions where microwave measurements are either impossible (snow or frozen soils) or limited because 

of high vegetation water (e.g., rainforests), urban areas and human-related radio frequency interference, 

surface water, complex topography (Dorigo et al., 2017). Therefore, like for the GIMMS NDVI, 

ancillary data such as quality flags or uncertainty estimations are provided to account for locations 

where such limitations occur (see section 3.3.3). 

The ESA CCI soil moisture product has been progressively improved since the release of the first 

version in 2012. However, uncertainties in the v04.2 version do exist and largely relate to the 

harmonization of multi-satellite soil moisture observations (Chung et al., 2018a). Generally, 
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uncertainties are lower than the signal, but in a limited number of pixels, they can be higher because of 

the way they were estimated (Wouter Dorigo, personal communication). TCA, which estimates the 

uncertainties of the individual input products, and error propagation, used to propagate them to the 

merged products (Chung et al., 2018a), may not converge to a robust estimate in case only a few 

observations were available, or when signals of the different dataset were very different (Wouter 

Dorigo, personal communication). For this reason, the soil moisture signal may still be relatively 

accurate even if it is lower than the uncertainty (Wouter Dorigo, personal communication). 

Nonetheless, continuing with the usage of previous versions (Albergel et al., 2013; Dorigo et al., 2017, 

2015; Fang et al., 2016), various studies have successfully tested the performances of the v04.2 version 

against other satellite-derived soil moisture data and ground observations (Al-Yaari et al., 2019). For 

instance, Ma et al. (2019) recently compared ESA CCI, SMAP, SMOS Inra-Cesbio (SMOS-IC), SMOS 

Level 3 (SMOS-L3), and AMSR2 with in-situ soil moisture observations from 21 global networks 

occurring in various ecosystems (e.g., grasslands, croplands, shrublands, forests, mixed forests) and 

climates (polar, arid, temperate, cold, mixed). Overall, they showed that ESA CCI outperformed all 

other products with a smaller root mean square error (RMSE) (0.041 m3 m-3 vs. 0.047 m3 m-3, 0.048 m3 

m-3, 0.060 m3 m-3, and 0.143 m3 m-3) and a smaller bias (-0.005 m3 m-3 vs. -0.022 m3 m-3, -0.073 m3 m-3, 

-0.042 m3 m-3, and -0.092 m3 m-3) (Ma et al., 2019). While satellite-derived soil moisture data have 

given a significant scientific contribution towards many application areas (e.g., hydrology, climate 

variability, precipitation, crop modelling, land surface energy, carbon cycle, amongst other) (Dorigo 

and de Jeu, 2016), the v04.2 of the ESA CCI has been specifically applied to detect anthropogenic 

changes in irrigation patterns (Zhang et al., 2018; Zohaib et al., 2019), landslide hazard assessments 

(Zhuo et al., 2019), within maize crop loss assessments related to extreme rains (Li et al., 2019), or to 

investigate climate change effects on grassland communities (Huang et al., 2019). 

Soil moisture data were accessed at the nominal temporal (daily) and spatial (25 km) resolution for 

1982-2015. 

3.2.4 Lund Potsdam Jena General Ecosystem Simulator (LPJ-GUESS) dynamic 

ecosystem model 

Water availability represents an essential controlling factor of vegetation dynamics in the African 

rangelands. However, to fully define to what extent recent climate was responsible for changes in 

vegetation greenness, other factors should be included. These refer, for instance, to temperature, 

precipitation, sunshine duration, nitrogen deposition, and atmospheric CO2. Therefore, to thoroughly 

address research question 2, this thesis investigated all these variables. However, time-series data of 

these variables were not used per se, but as input variables to force the LPJ-GUESS DGVM. The 

interests in using a DGVM consisted of dealing with a non-satellite-derived result and, therefore, to be 

able to discuss the findings of this thesis using also a completely independent modelled data stream. 
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3.2.4.1 Overview 

Earth’s biosphere represents a key component of the planet because of its continuous biogeochemical 

interactions (i.e., water, carbon, nitrogen, phosphorus, and sulphur cycles) with atmosphere, 

hydrosphere, and lithosphere (Prentice et al., 2000). Specifically, terrestrial ecosystems play a pivotal 

role in the global carbon balance by regulating the amount of CO2 that is exchanged with the 

atmosphere via photosynthesis (CO2 uptake) and, less substantially, plant respiration or wildfire 

emissions (CO2 release) (Ahlström et al., 2012b; Sitch et al., 2003). For instance, the amount of CO2 

that was sequestered by global lands between 1960 and 2017 accounted for approximately 36% of 

anthropogenic emissions in an average year (Le Quéré et al., 2018), mitigating considerably the 

concentration of greenhouse gases and, therefore, climate change (Ahlström et al., 2015). However, 

how terrestrial ecosystem sink properties will change in a high-CO2 and warmer planet is still largely 

uncertain (Ballantyne et al., 2012; Smith et al., 2014). This has boosted the development of dynamic 

global vegetation models to better understand terrestrial ecosystems response to climate changes and, 

therefore, future land sequestration uptakes (Hickler et al., 2012). 

LPJ-GUESS is a dynamic vegetation-terrestrial ecosystem model that simulates how the structure and 

function of ecosystems may vary in response to changes in environmental conditions (Smith et al., 

2001). LPJ-GUESS is a modular framework, in which every block is assigned the computation of a 

well-known ecosystem sub-process. Fast physiological processes such as photosynthesis, respiration, 

leaf and root phenology are calculated daily, while slow processes such as resource competition, 

population dynamics, fire disturbances, and tissue turnover are modelled annually (Lindeskog et al., 

2013). Climate parameters such precipitation, temperature and solar radiation, atmospheric CO2 

concentration, and soil type represent the typical input data to the model, while the simulated outputs 

may include carbon biomass parameters, LAI, NPP, net ecosystem carbon balance, evapotranspiration, 

nitrogen pools, and vegetation composition in terms of either main species or plant functional types 

(PFTs). Importantly, the LPJ-GUESS does not treat these modules as a single entity, but considers the 

connections, in terms of coupling and feedback, existing amongst each other (Sitch et al., 2003) (figure 

3.5). Each output is obtained following a different approach. For instance, primary production and 

plant growth follow the approach of the previous LPJ-GDVM (Sitch et al., 2003). Canopy fluxes of 

carbon dioxide and water vapour are retrieved from a coupled photosynthesis and stomatal 

conductance scheme based on the BIOME3 model (Haxeltine and Prentice, 1996). Carbon biomass 

parameters are derived from leaves, fine roots, sapwood, following prescribed allometric relationships. 

Recruitment and mortality are represented as stochastic processes influenced by current resource 

status, demography and the life history characteristics of each PFT (Hickler et al., 2004). Wildfires are 

modelled prognostically based on temperature, fuel (litter) load and moisture (Thonicke et al., 2001). 

Litter arising from phenological turnover, mortality, and disturbances enters the soil decomposition 

cycle, and its decomposition rate depends on soil temperature and moisture (Sitch et al., 2003). Soil 

hydrology follows Gerten et al., (2004). Finally, while all these output variables represent a definite 

natural property, PFTs follow a simplified representation of the real species richness of a biome 
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(Cramer et al., 2001). Excluding some cases (e.g., monocultures), retrieving the physiological and plant 

allocation features across a whole biome is, in fact, impossible, while a representation via PFTs, i.e., 

group of plants having similar growth form, phenology, physiology, allometry, bioclimatic affinity, and 

life history, produces a feasible yet still acceptable replica of the vegetation (Bonan et al., 2002). 

 
Figure 3.5 Overview of the LPJ-GUESS conceptual modular framework. Dashed lines refer to 
feedback between ecosystem sub-processes, while black lines show the coupling existing between the model 
output and fast/slow processes. Image edited from the model schematic resources that are freely available on the 
LPJ-GUESS web portal at http://web.nateko.lu.se/lpj-guess/index.html (Lund University) (accessed date: 
20/11/2019). (Acronyms are in Definitions and Abbreviations and/or in the text). 

Three settings must be put in place before forcing the model. First, simulations can either target a 

given region or be grid-based. The grid-based approach models each pixel independently, which 

oversimplifies the model output as an area that may be affected by natural processes (e.g., runoff) 

occurring nearby. Second, users can choose between two vegetation modes, depending on the needed 

level of abstraction and computational efficiency. The cohort and individual modes simulate plant 

growth within several sub-pixel patches that are as much as extended as the area of influence of one 

large tree on its neighbour individuals (approximately 0.1 ha). The difference between the two is that 

while the individual mode allows distinguishing the differences existing between individuals of the 

same patch (e.g., stem diameter, plant high), in the cohort mode each average individual represents an 

age class (cohort) of a PFTs in a patch, assuming that individuals of the same age have similar 

structures (Hickler et al., 2012). The cohort mode is thus less specific but allows a significantly higher 

computational efficiency. The number of per-pixel patch replicates (typically 100 for the cohort mode) 

is intended to account for the heterogeneity due to stochastic plant establishment, mortality and 

disturbances (Smith et al., 2014). Unlike for grid cells, there are lateral impacts between the patches of 

a pixel, as they share a common soil and affect each other’s absorption of light (Guy Schurgers, 

personal communication). Third, the simulations have to be preceded by the spin-up, an initialisation 

step that brings the model outputs to be gradually closer to a steady-state (i.e., stable) with climate and 

atmospheric CO2 conditions at the start of the subsequent scenario phase. 
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Although it cannot be assumed that the biomass parameters simulated in this study are fully 

representative of what is on the ground, LPJ-GUESS is a state-of-the-art DGVM that has exhibited 

comparable or outperforming skill compared to other models (e.g., LPJ-DGVM) at reproducing spatial 

and temporal changes in vegetation patterns, productivity and terrestrial-atmosphere carbon exchanges 

(Alessandri et al., 2017; Hickler et al., 2012; Piao et al., 2013; Wramneby et al., 2010; Zhang et al., 

2014). In addition, other studies have found reasonable agreement between model outputs and both 

ground observations (e.g., ecosystem flux measurements) and remotely sensed proxies of NPP, LAI, 

woody cover, and biomass (Ahlström et al., 2012a; Brandt et al., 2018b, 2017; Smith et al., 2008). A 

more comprehensive list of publications can be accessed at http://iis4.nateko.lu.se/lpj-guess/LPJ-

GUESS_bibliography.pdf (accessed date: 25/11/2019) (Forrest et al., 2018). 

3.2.4.2 Total aboveground carbon (AGC) and woody biomass carbon (WDC) 

Per-pixel composition of vegetation fractional coverage was computed using twelve plant functional 

types (PFTs), ten woody and two grassy. More specifically, LPJ-GUESS simulates the biogeography, 

i.e., which PFT grows where, and within each PFT it simulates the most important biogeochemical and 

hydrological processes (photosynthesis, water transport, nitrogen uptake). Because PFTs differ in these 

processes depending on environmental conditions (e.g., they have different temperature optima in 

photosynthesis, differences in root access to water in deeper layers, different tolerances to drought), 

there will be a competition in the growth of these PFTs, leading to a mixture of PFTs with the ones 

that are best adjusted to the conditions thriving best (and thereby growing tallest, absorbing most light, 

or taking up most water). In other words, each PFT is specific for a given biome or region. For 

instance, an LPJ-GUESS set-up for analysis in Europe could exclude tropical PFTs given that no 

tropical regions exist at European latitudes. Likewise, LPJ-GUESS simulations in Africa (e.g., this 

study) could exclude the boreal needleleaved summergreen tree PFT. However, this is not strictly 

necessary because the model, given that no such climatic conditions exist in Africa, will not be able to 

simulate a boreal PFT (Guy Schurgers, personal communication). Therefore, in this thesis, the LPJ-

GUESS was run in a standard global set-up (table 3.2). 

In the current study, the PFTs composition was simulated as per biomass carbon represented by 

leaves, roots, sapwood, and heartwood carbon pools, i.e., the four pools where the living biomass is 

distributed. Leaf area and water availability (determined by roots) determine photosynthesis. Part of the 

photosynthesized carbohydrates is used by the plants themselves for autotrophic respiration, and the 

remainder is allocated over the four carbon pools mentioned above following, again, per-biome 

allocation rules. Two parameters were simulated for this thesis. Total AGC, calculated as the sum of 

leaves, sapwood, and heartwood, was produced to assess any potential relationships with changes in 

vegetation greenness as a whole, i.e., no reference to the vegetation composition. WDC was calculated 

adding sapwood and heartwood only. WDC thus represents the woody carbon content and, therefore, 

relates to the woody component of the vegetation (Brandt et al., 2017). By doing so, it was possible to 

connect research questions 2 and 3, i.e., defining the role of climate at driving changes in woody and 
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herbaceous vegetation. In addition, it must be mentioned that these four carbon pools are broken 

down with a certain lifetime, and end up as litter and soil carbon in the soil (from which it is respired 

again to CO2). Also other disturbance processes (e.g., generic disturbances, fires) can destroy existing 

pools. Because these disturbance processes happen by chance, stochastic variation is incorporated by 

using multiple replicate patches (20 replicate for each pixel in this study), each with a different 

stochastic disturbance history. 

BNE Shade-tolerant boreal needleleaved evergreen tree 

BINE Shade-intolerant boreal needleleaved evergreen tree 

BNS Boreal needleleaved summergreen tree 

TeNE Temperate needleleaved evergreen tree 

TeBS Shade-tolerant temperate broadleaved tree 

IBS Shade-intolerant broadleaved summergreen tree 

TeBE Temperate broadleaved evergreen tree 

TrBE Shade-tolerant tropical broadleaved evergreen tree 

TrIBE Shade-intolerant tropical broadleaved evergreen tree 

TrBR Tropical broadleaved raingreen tree 

C3G Cool (C3) grass 

C4G Warm (C4) grass 

Table 3.2 List of LPJ-GUESS plant functional types (PFTs). PFTs are as in Smith et al. (2014) plus 
TeNE, which was introduced after 2014. LPJ-GUESS model was run in a standard global set-up, i.e., including 
all PFTs. This means that, for instance, the BNS PFT was not simulated because no such boreal climatic 
conditions (indicated to the model by the input climate data) exist across Africa. The per-region optimal 
parameters (30) of each PFT are collated and editable in a text file feeding the model (Guy Schurgers, personal 
communication). 

The initialisation phase consisted is the spin-up. In this study, it started on the 1st of January 1901 

because the Climate Research Unit (CRU) climate data record, which was used as one of the input 

datasets of the model, ranges from 1901 onwards. At the beginning of the spin-up, the model assumes 

a landscape with no vegetation. Therefore, before running the actual simulations, users should run the 

model until it gets gradually closer to the subsequent scenario phase, i.e., the vegetation composition 

on the 1st of January 1901. However, because this information is impossible to retrieve, the spin-up is 

needed. In this study, the spin-up consisted of running the first 30 years (i.e., the sufficient time needed 

to capture the potential full-range variations of a variable) of the CRU for 500 years (i.e., ca. 17 

consequent times). It is assumed that a spin-up of 500-1,000 years is enough for the model to 

statistically retrieve the vegetation composition at the beginning of the subsequent scenario phase. 

Once this stage is reached (i.e., the model is at a steady-state with the climate in January 1901), the 

actual estimation of AGC and WDC could begin (only the time-series covering 1982-2015 was then 

used). 

The LPJ-GUESS was forced with environmental conditions that included monthly climate data of 

temperature, precipitation and sunshine duration from the CRU, version TS 3.24.01 (Harris et al., 
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2014), estimates of monthly nitrogen deposition (Lamarque et al., 2013), and ice-core and flask 

measurement derived annual mean atmospheric CO2 data (Etheridge et al., 1996). Because this study 

targets the vegetation dynamics of rangeland, i.e., regions dominated by natural vegetation, LPJ-

GUESS simulations did not take into account any human influences such as land-use or land-use 

change, as done in previous studies (Tong et al., 2018). Gridded AGC and WDC simulations are at 50 

km spatial resolution and annual temporal resolution for 1982-2015. The LPJ-GUESS model (version 

3.0) was run in cohort mode. 

3.2.5 Landsat surface reflectance (SR) scenes in Google Earth Engine 

The characterisation of changes in vegetation greenness as defined by changes in the woody and 

herbaceous components was not only performed at coarse spatial resolution (i.e., using NDVI, VOD, 

and VCFs), but also at high spatial resolution (research question 3). Similar to the approach used to 

address the other research questions (e.g., using both optical and microwave data, using both satellite 

and modelled data), high spatial resolution data were used to evaluate and discuss long-term changes in 

vegetation composition using both coarse and high spatial resolution data. To this end, the land cover 

of several Landsat SR scenes was mapped ahead of a 30 m spatial resolution land cover change 

assessment performed in some selected rangeland regions. 

The Landsat mission has provided satellite information of the globe biosphere for over 40 years, 

including raw digital number (DN) images, top of atmosphere (TOA), TOA brightness temperature 

(BT) and SR collections, or derived dataset such as normalised difference vegetation index, enhanced 

vegetation index, burn area index, normalised difference water index, amongst others. This has been 

possible thanks to a series of temporally overlapping and consecutive Landsat satellites that were 

launched between July 1972 (Landsat 1) and February 2013 (Landsat 8) (Roy et al., 2014). Landsat 

collection thus represents a unique long-term record of the changing Earth’s land surface at high 

spatial and spectral accuracy (Loveland and Dwyer, 2012). 

The Landsat archive is available from the United State Geological Service (USGS) EarthExplorer, an 

online interface that allows users to search, explore, and download a multitude of remote sensing 

inventories via an interactive query system (e.g., date range, region of interest, cloud cover, among 

others) (Woodcock et al., 2008). However, the Landsat collection used here was accessed via a recent 

cloud-based platform developed and launched by Google. Google Earth Engine (GEE) is a free online 

platform that allows effective planetary-scale geospatial analysis in support of a broad range of high-

impact issues, including forest and land coverage, food security, land use land cover change, 

environmental conservation, water management, disease outbreak, among others (Gorelick et al., 

2017). Using a simple Google Earth-style interface, i.e., the interactive development environment 

(IDE), GEE makes trillions of long-term quality-trusted satellite images easily accessible to everyone 

(Yu and Gong, 2012). In addition to cloud-storing a plethora of satellite information, GEE provides 

direct access to high-performance parallel computational resources where users can directly analyse 
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data into a clear end product (Donchyts et al., 2016). As never before, GEE pushes the edge of the 

envelope in remote sensing, enables data-driven science, and enhances the understanding of global 

challenges involving big data. 

GEE is becoming an inescapable tool within the remote sensing community. In this thesis, it was 

therefore decided to test and exploit the potential of GEE in application to the land cover change 

analysis computed for some selected rangelands. A traditional land cover mapping procedure would 

include a number of independent steps such as, for instance, retrieving and downloading cloud-free SR 

images (e.g., via the USGS Earth Explorer), uploading the data in a remote sensing software (e.g., 

ENVI) for pre-processing operations (e.g., selecting region of interests), classification, accuracy testing. 

While going through these processes easily and operationally is known to be technically difficult, 

important storage capability is also needed for data retention (Mateo-García et al., 2019). Instead, GEE 

provided all the needed resources (e.g., datasets, parallel computation constructions, processing and 

visualization tools, tutorials, examples, references) within the interactive IDE interface (Gorelick et al., 

2017). Importantly, unlike other remote sensing software, it made direct access to very high spatial 

resolution (VHR) images (up to ca. 5 m), which were essential for the collection of accurate training 

data. In other words, in each selected rangeland, the time-series land cover mapping was seamlessly 

performed within the Earth Engine IDE. Each script (JavaScript) covered all the processing steps, i.e., 

from the selection of the region of interest to the accuracy assessment. There was no need to pre-

process or download any Landsat SR scenes, and only the classified maps used for the post-

classification analyses were downloaded. Figure 3.6 shows the components of the IDE, including the 

scripts, the application programming interface (API) documentation, and asset tabs, the JavaScript 

API, the inspector, console, and tasks manager tabs, and the map display. 

In addition, GEE significantly facilitated two further operations. First, the calculation of Landsat-

derived NDVI, which was used to assess whether greening and browning trends observed at coarse 

spatial resolution were reproducible at 30 m spatial resolution (see section 6.2.3). Second, the 

download of MODIS NDVI data, which were used to crosscheck the consistency of the resampling 

and pre-processing of the GIMMS NDVI archive (see section 3.3.4). The reduction in the processing 

time for both operations was unprecedented. Landsat NDVI data, for instance, were calculated and 

downloaded simultaneously with the land cover maps. Likewise, using an Intel® CoreTM i7-6700 CPU 

(3.40 GHz) machine, the 2000-2015 MODIS NDVI time-series at 25 km spatial resolution for Africa 

was fully prepared, computed, and downloaded in ca. 48 minutes (one JavaScript only). 
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Figure 3.6 The Google Earth Engine (GEE) interactive development environment (IDE). a, 
Scripts, API documentation, and asset tabs. b, JavaScript API code editor. c, Inspector, console, and tasks 
manager tabs. d, Map display. The API documentation encloses information that allows users to understand the 
functionality of each available tool (e.g., classification algorithms, image collections, cloud cover masks, filter 
date). The script tab stores the user’s scripts, while the asset tab enables users to upload their own datasets or 
files. For instance, this was used to upload and visualise the GeoTiff rangeland map produced in this study (a). 
The API code editor is the JavaScript programming interface where the coding is compiled. For each selected 
rangeland, the time-series land cover mapping was performed by means of one script only (b). The inspector tab 
allows users to interactively query the map. For instance, this was exploited to retrieve the per-band per-pixel SR 
values ahead of the land cover map validation. The console tab prints any non-spatial results of the analysis (e.g., 
confusion matrix, overall accuracy). The task tab manages the data download into the user’s Google Drive (c). 
The map display visualises data and the processing results. This example from an area in Angola shows a land 
cover map for the year 2001 (support vector machine) superimposed a cloud-free and SLC-off free area of a 
Landsat 7 SR scene (50% transparency), and the VHR image in the background. The layer list on the right allows 
to select, deselect, and use the transparency tool on each of the computed outputs (d). (Refer to section 6.2.2 for 
all detailed information about the land cover change analysis). 

The land cover mapping computed in this thesis is based on a series of Landsat 5 and Landsat 7 SR 

scenes. SR is a measure of the fraction solar radiation that is reflected from the surface towards the 

sensor, and it is retrieved by correcting top of atmosphere reflectance data for the absorbing and 

scattering effects caused by atmospheric gases and haze (Asrar, 1989). SR data from the Landsat 5 

(TM) and the Landsat 7 (ETM+) available in GEE have been atmospherically corrected using the 

Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS), a data processing 

architecture that can be summarised as follow. Digital numbers are firstly imported as hierarchical data 

format and later calibrated to at-sensor radiance (W m-2 sr-1 m-1) (Masek et al., 2006). The calibration of 

ETM+ uses the coefficients from the Landsat 7 Science User Handbook (Markham et al., 2004), while 

the TM is calibrated using an onboard lamp, and later adjusted to account for the random decay of the 

lamp state (Masek et al., 2006). Calibrated images are then converted to TOA reflectance by applying 

corrections for solar irradiance, solar zenith, TM/ETM+ bandpass, and Sun-Earth distance (Masek et 

al., 2006). Finally, TOA reflectance is atmospherically corrected using the Second Simulation of the 

Satellite Signal in the Solar Spectrum (6S). The 6S is a radiative transfer model that simulates the 
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artefacts caused by the presence of the atmosphere along the sun-surface-sensor path (Vermote et al., 

1997). It inverts TOA reflectance into 30 m gridded SR using, as input information, aerosol optical 

thickness (retrieved with the dark dense vegetation technique) (Kaufman et al., 1997), atmospheric 

pressure, ozone concentration, and water vapour column (obtained from NASA’s Data Active Archive 

Center (DAAC), NOAA’s Tiros Operational Vertical Sounder (TOVS), and NOAA’s National Centers 

for Environmental Prediction (NCEP)) (Masek et al., 2006). 

GEE applications are increasingly common within Earth observation studies. Examples include trees 

clearing assessments in Australia (Johansen et al., 2015),time-series analysis of population and urban 

mapping (Liu et al., 2018; Patela et al., 2015), cropland mapping (Dong et al., 2016; Xiong et al., 2017), 

forest cover change (Hansen et al., 2013), global surface water mapping (Pekel et al., 2016), broad land 

cover change studies (Huang et al., 2017; Shelestov et al., 2017; Xie et al., 2019), among others. 

GEE is a free platform. After registering with a Google account, the Earth Engine IDE is available at 

https://code.earthengine.google.com. 

3.3 Pre-processing and data quality assessment 

Data quality assessment and pre-processing operations were computed at the nominal resolution of 

each dataset (except for VOD and VCFs data), while the data processing was accomplished at the 

common spatial resolution of 25 km. 

3.3.1 GIMMS NDVI3g.v1 

After removing NDVI values that do not represent vegetated areas (NDVI ≤ 0), monthly means 

NDVI were calculated by averaging the two maximum-value composites of each month. Instead of 

averaging, some authors aggregate bi-monthly values using the MVC approach explaining that it 

further reduces residual cloud cover effects (Bao et al., 2015; Ibrahim et al., 2015; Zhu and 

Southworth, 2013). However, the disadvantage of this approach is that the resulting monthly mean 

would actually represent just fifteen days of the month (i.e., either the first or the second bi-monthly 

value, depending on which one is the maximum), whilst averaging yields a more uniform and 

representative mean of a given month (Zhu et al., 2016). Importantly, there was no real need to further 

reduce the cloud cover as only good-valued pixels (i.e., flag0) were used. Yet, months with only one 

value do occur when cloud cover changes cause one of the bi-monthly values to be flagged as poor 

quality (i.e., in this scenario the average corresponded to the MVC). 

Annual mean NDVI composites were later retrieved by averaging January to December monthly mean 

NDVI data. The decision on how many quality flags to include was made at this stage because the 

results presented in this study are based on annual mean values. The preferred option consisted of 

handling only real observations (i.e., good-quality pixels (flag0)), on condition that these would allow a 

substantial yearly coverage, both spatial and temporal, of the African rangelands. Therefore, it was first 
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evaluated whether there was a significant difference in the pixel number between annual mean NDVIs 

calculated with one, two, or all three flags. Flagged 0 pixels averagely accounted for some 99.86% of 

the total rangeland extent during 1982-2015 (118,201 out of 118,370 pixels, average), while pixels 

flagged 0 and 1 summed up to 99.95% (118,306 vs. 118,370 pixels, average). The remaining 0.05% of 

pixels included either values in flag2 or missing data (e.g., water bodies). Hence, it was possible to use 

only real observations because the number of good quality pixels covered nearly all rangelands in each 

year (i.e., 99.86%), with no significant increase by adding interpolated and spline-retrieved values. 

Second, despite rangelands occur also in some cloudy areas (e.g., humid regions), most pixels showed a 

good quality value in every month, which allowed calculating an annual mean NDVI with 12 values. 

On average, this best-case scenario occurred in approximately 91% (107,753 out of 118,370 pixels, 

average) of rangeland areas (appendix C). For the remaining 9%, a sensitivity analysis is conducted to 

determine the minimum number of months needed to obtain an acceptable annual mean. Using all 

pixels with a full 12-months of good quality data, randomly selected months were progressively 

removed. The difference between the mean determined with the full and reduced number of months 

was then calculated, and the acceptable number of months was defined as that needed to achieve an 

average difference of ≤ 5%. Annual mean NDVI values were calculated with 12 to a minimum of 10 

months, that is annual mean NDVIs calculated with 9 or fewer pixels showed a difference greater than 

5% compared to the 12-months annual mean (figure 3.7). However, some years showed a difference 

smaller than 5% also removing more than 2 pixels (e.g., 2005) (figure 3.7a, turquoise line), yet it was 

not necessary to consider these because averaging up to 10 good quality months allowed to cover the 

satisfactory value of ca. 98% of rangelands. In each year, the random approach was changed to ensure 

that the order in which pixels were removed varied to prevent the introduction of seasonal biases (e.g., 

this would happen to start to remove pixels always from the growing season). The same sensitivity 

analysis was applied to calculate the 34-years mean NDVI, where a difference of ≤ 5% was given by 

averaging 34 to 24 years. 

The high coverage in good quality values is due to the coarse temporal resolution of the dataset. As 

explained in land cover change analysis (see section 6.2.2.3), cloud cover is a problem particularly in 

humid regions, where the availability of cloud-free images in specific days can be very limited. 

Aggregating to the annual mean composite further reduced cloud-related issues, as the chances of 

having good observations are higher compared, for instance, to seasonal-based investigations. It is 

worth noting that most of the studies using the GIMMS record neither state which quality flags are 

employed for the analyses nor justify their decision, and generally all pixels are likely to be included 

indistinctively (Julien and Sobrino, 2009; Atzberger et al., 2014; Militino et al., 2017). Few exceptions 

explicitly consider only good values in order to handle just real measurements (Fensholt and Proud, 

2012; Ju and Masek, 2016), or run the analysis both including and excluding non-good valued pixels to 

assess how the results may change (Forkel et al., 2013). 
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Figure 3.7 Sensitivity analysis. a, Per-year error propagation graph. b, Effect of the sensitivity analysis 
on annual composites. The sensitivity analysis aimed to understand the minimum number of good quality pixels 
that were needed to obtain a representative annual mean composite (i.e., difference with the full 12-months good 
quality mean ≤ 5%). The more pixels were removed, the bigger the difference. Obviously, removing no pixels 
corresponds to the full 12-months good quality mean, i.e., no error. The difference was always ≤ 5% when two 
pixels were removed, meaning that averaging ten good quality pixels per year always gave an acceptable annual 
mean composite (a).  Therefore, pixels where the total number of good quality values (Total F0) was smaller than 
ten were not considered, and the mean was calculated only for pixels with at least twelve, eleven or ten good 
quality pixels (F0) per year (b). Some years showed differences smaller than ≤ 5% also averaging less than ten 
pixels (e.g., 2005, turquoise line (a)), yet these were still not considered as averaging up to ten good quality 
months per year allowed to cover most of the African rangelands (ca. 98%) (see appendix C). 

Finally, NDVI was filtered to account for spurious signals due to soil-vegetation spectral mixing, which 

overestimates vegetation index over both dark-background and, to a lesser extent, bright-background 

soils typical of rangeland areas (Elvidge and Lyon, 1985; Huete, 1988). Previous studies masked out 

annual mean NDVI values smaller than 0.1 (Bi et al., 2013), 0.15 (Eastman et al., 2013) or 0.2 (Zhu and 

Southworth, 2013), which were all tested on annual mean composites. Eventually, the threshold at 0.1 

was applied because the 0.15 and 0.2 would mask out too many rangeland pixels, particularly across 

arid and semi-arid regions. The threshold at 0.1 allowed to cover ca. 95% of rangeland pixels, while 

only 82% and 69% were shown by the thresholds at 0.15 and 0.2 respectively (figure 3.8). 

3.3.2 VOD and VCFs 

While the VCFs data were only filtered for odd values (e.g., -999), two specific assumptions were made 

on VOD data. First, this study uses VOD as a proxy for woody vegetation. Because VOD is sensitive 

to the total water content of vegetation (Liu et al., 2011a), the effect of the grass layer was minimised 

by using the VOD annual minimum only (Brandt et al., 2017) (hereafter VOD refers to annual 

minimum VOD). This is a feasible approach given that the woody part of vegetation shows minimal 

seasonal variation compared to the large seasonal variations related to the changes in the leafy and 

grassy element (Shi et al., 2008). In other words, annual minimum VOD does not change significantly 

within a year, while most fluctuations are related to changes in leaf and grass quantity (Brandt et al., 

2016b). Areas characterised by the presence of perennial herbaceous vegetation may overestimate the 

estimate of woody cover, yet woody plants are generally predominant in these areas, thus concealing 

the influence of perennial grasses (Brandt et al., 2017). Annual minimum VOD has been shown to  
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Figure 3.8 Threshold on annual mean NDVI composites. a, Percentage of pixels coverage during 
1982-2015 for annual mean NDVI values greater or equal to 0.1, 0.15, and 0.2. b, Sample example of the spatial 
distribution change from 2015. Considering only pixels with annual mean NDVI greater or equal to 0.15 or 0.2 
dropped the rangeland extent down to ca. 82% (97,239 pixels) and 69% (84,385 pixels) respectively. A threshold 
of 0.1 allowed to averagely represent ca. 95% (112,522 pixels) of the total rangeland extent (118,370 pixels; green 
line) (a). A sample example from 2015 shows how the spatial extent of rangeland represented by good quality 
NDVI pixels (black areas) shrinks by ranging from the threshold at 0.1 (ca. 95% of available pixels, 115,745 vs. 
118,370), to 0.15 (ca. 83%, 98,951 vs. 118,370) and 0.2 (ca. 71%, i.e., 84,385 vs. 118.370), with particular 
consequences on arid and semi-arid regions (e.g., Sahel) (b). 

accurately represent woody cover after comparisons with ground-data woody cover map across regions 

of Africa (Brandt et al., 2016b). Second, while previous studies limited the range of VOD to 0.6 - 1.2 

because their focus was on densely vegetated areas (van Marle et al., 2016), this study does not restrict 

VOD values in order to include also young trees and shrubs, which represent an increasingly important 

part of the rangeland vegetation community (Brandt et al., 2017). However, large soil moisture 

variations can affect VOD accuracy. This is particularly the case of densely vegetated regions, in which 

VOD approaches a value of ca. 1.2 (e.g., rainforest). Therefore, to avoid the accuracy to drop, VOD 

values exceeding 1.2 are generally excluded in vegetation studies (Brandt et al., 2017). In the current 

study, there was no need to filter VOD values greater than 1.2 because only annual minimum VOD 

was used, and because closed forests were excluded from the analysis as they are non-rangeland type 

ecosystems. 

VOD and VCFs come with no quality flags, implying that no such accuracy assessments were possible 

ahead of the processing of these data. As an alternative approach, the accuracy and consistency of 
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VOD and VCFs across the rangelands of Africa were tested using per-year scatterplots, as done in 

previous studies (Fensholt et al., 2012; Tian et al., 2016). Although a degree of correspondence is 

expected as both products provide information on vegetation, two key differences make their direct 

comparison relevant. First, VOD and VCFs belong to two distinct regions of the electromagnetic 

spectrum, the former being microwave- and the second optical-based. Second, while VOD reflects a 

specific biophysical feature of vegetation (i.e., the water content), the VCFs represent more a land 

cover-type information as an expression of per-pixel percentage in TC and SV (bare ground data were 

not tested here as they refer to an unvegetated property). For the same two reasons, and to provide a 

more comprehensive assessment of all vegetation datasets, VOD and VCFs were also plotted against 

the GIMMS NDVI (figure 3.9). VOD resulted to be better correlated with TC (average r2 = 0.49 

during 1992-2011) than SV (average r2 = 0.37 during 1992-2011), showing a good agreement between 

the two woody vegetation data as well as confirming that annual minimum VOD is more associated to 

the woody element of vegetation than to the grassy one. A strong correlation was found between 

NDVI and VOD (average r2 = 0.67 during 1992-2011), further suggesting that the NDVI signal might 

be particularly affected by the presence of woody plants (Tian et al., 2016). The same conclusion can 

be drawn from the comparison between NDVI and TC and between NDVI and SV, as the former 

shows a higher correlation (average r2 = 0.71 during 1982-2015) compared to the latter (average r2 = 

0.57 during 1982-2015). The correlations of TC with VOD (r2 = 0.49) and NDVI (r2 = 0.71) are 

respectively both higher compared to the correlations of SV with VOD (r2 = 0.37) and NDVI (r2 = 

0.57). While this result further suggests that NDVI values may be mainly affected by the woody 

component of the vegetation, it also shows the existence of a good overall agreement between the 

information provided by the different vegetation data, as SV has always lower r2 values compared to 

the correlations involving TC. VCFs data are better correlated with NDVI than VOD likely because 

VFCs and NDVI are derived from the same sensors (i.e., AVHRR). The full list of the coefficients of 

determination is available in appendix D, while figure 3.9 shows some sample examples of the 

scatterplots. The relationship between VCFs and VOD is best approximated by a linear correlation 

(figure 3.9a). Third-degree polynomial regression was found to represent the line of best fit for the 

correlation between VCFs and NDVI, which also further shows how the TC dominates high values in 

NDVI (> 0.7), while intermediate NDVI values (approximately 0.4) are mostly associated by high 

value in SV. In other words, high NDVI values seem to capture higher TC rather than SV values, i.e., 

TC exponentially increases (figure 3.9c) while SV at high values curves down (figure 3.9d). Lastly, the 

VOD-NDVI scatterplots show how NDVI, unlike VOD, is prone to saturation issues at high values 

(figure 3.9e). Therefore, in addition to other benefits of the microwave energy (e.g., insensitivity to 

cloud cover), VOD does not saturate at high biomass levels (Tian et al., 2016).  
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Figure 3.9 Vegetation data accuracy assessment: scatterplots. a, VOD vs. TC. b, VOD vs. SV. c, TC 
vs. GIMMS NDVI3g.v1. d, SV vs. GIMMS NDVI3g.v1. e, VOD vs. GIMMS NDVI3g.v1. Sample examples of 
vegetation data scatterplots. For consistency in representing the figure, the left and right graphs report the earliest 
(1992 for VOD and 1982 for NDVI, TC, and SV) and most recent (2011 for VOD and 2015 for NDVI, TC, and 
SV) data available (i.e., the end members) to cover the full length of the time-series, while the two middle graphs 
show the same years (i.e., 1998 and 2004) (see appendix D for the full list of r2). The green line is the line of best 
fit. These scatterplots were computed on raster data resampled at the common spatial resolution of 25 km. 
NDVI starts at 0.1 as NDVI < 0.1 were removed to account for spurious signals due to soil-vegetation spectral 
mixing. 

3.3.3 CHIRPSv2.0 and ESA CCIv04.2 

The CHIRPS dataset provides rainfall values in millimetres per month. Due to the different a-priori 

quality controls and the inclusion of ground gauge data (see section 3.2.3.1), the CHIRPS dataset 
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comes with no missing data. However, the number of gauge stations used in the CHIRPS has 

significantly decreased over time in Africa, southwest Asia, and South America, with no clear 

explanation about why such decline has occurred (Funk et al., 2015a; Maidment et al., 2014). For 

example, the number of available stations in Africa changed from 2,606 in January 1982 to 534 in 

January 2015 (figure 3.10). 

 

Figure 3.10 Changes in the number of stations used in the CHIRPSv2.0 dataset. a, Sample examples 
of the spatiotemporal decline of ground stations during 1982-2015. b, Decline in the station numbers for the 
whole of Africa. The number of stations declined from 2,606 in 1982, 2,484 in 1992, 1,181 in 2002, 666 in 2012, 
to 534 in 2015 (a). A sharp decrease occurred in 2000 after many stations stopped to work in South Africa (a,b). 

As figure 3.10 shows, not many of these stations occur within rangeland areas. Therefore, as a further 

measure of quality check, the performance of the CHIRPS data was manually validated against ground 

rainfall data from the GHCN, which were accessed via the Royal Netherlands Meteorological Institute 

(KNMI) Climate Explorer free portal (https://climexp.knmi.nl, accessed date: 13/04/2018). The 

stations were selected based on three criteria: first, they had to be located within rangelands and, 

second, in different regions of Africa in order to test different seasonalities. Third, data had to be 

available during the entire time-series (i.e., 1982-2015). Among the limited number of ground stations 

that satisfied these three conditions, the chosen locations included a two-wet-season area in eastern 

Africa (Garissa, Kenya, 0°27’25’’S 39°39’30’’E), and one‐wet‐season areas in eastern (Kadugli, Sudan, 

11°1’0’’N 29°43’0’’E), southern (Quelimane, Mozambique, 17°52’35’’S 36°53’14’’E), and western 

(Segou, Mali, 13°27’N 6°16’’W) Africa. By doing so, the whole continent, and both one- and two-wet 

season regions were represented. The accuracy assessment consisted of plotting rainfall data of a 

ground station against the rainfall value of the 5 x 5 km CHIRPS-pixel containing that station. This 

operation was computed on monthly rainfall values for 1982, 1992, 2002, 2007, 2012, and 2015, and on 

annual mean values during 1982-2015 (figure 3.11). RMSE was calculated on annual mean values only, 

as these were retrieved averaging the corresponding monthly rainfall values. CHIRPS data 

outperformed GHCN ground data, as values were consistent with ground data when a gauge station 

was fully operational, yet it provided significant records also during those periods when a gauge station 
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failed or wrongly recorded weather information. For instance, the station in Quelimane showed no 

observations in each month of 2002 (figure 3.11a), causing the 2002 annual mean value for that station 

to be wrongly reported at zero mm per year (figure 3.11b). On the other hand, a good level of 

agreement between the two sets of monthly data was observed in Kadugli in 1982, 1992, 2002, 2007 

and 2015 (figure 3.11a). This produced annual mean values to be significantly similar, except for 2012 

when the GHCN station failed the measure during part of the rainy season (May, June, and July). The 

calculation of RMSE reproduced this evidence, as the CHIRPS RMSE was smaller than the GHCN 

RMSE in all four locations, i.e., 3.94 mm vs. 7.76 mm (Garissa), 4.39 mm vs. 15.68 mm (Kadugli), 

26.95 mm vs. 47.77 mm (Quelimane), and 8.66 mm vs. 12.69 mm (Segou) (figure 3.11b). 

 
Figure 3.11 GHCN ground station data vs. CHIRPSv2.0 data. a, Monthly mean comparison. b, 
Annual mean comparison. Four stations were tested against the CHIRPS data: Garissa, Kenya (two wet seasons, 
March-May and October-December), Kadugli, Sudan (one long rain, May-October), Quelimane, Mozambique 
(one long rain, December-April), and Segou, Mali (one short rain, June-September). A good match was observed 
between gauge station and CHIRPS data when both observations were available (i.e., smaller difference between 
RMSEs). Importantly, CHIRPS rainfall provided data also for those months during which the GHCN station 
failed the observation (higher difference in RMSEs). Each GHCN station is identified by specific coordinates 
and a World Meteorological Organization (WMO) code: Garissa, 0°27′25″S 39°39′30″E - WMO63723, Kadugli, 
11°1′0″N 29°43′0″E - WMO62810, Quelimane, 17°52′35″S 36°53′14″E - WMO67283, Segou, 13°27′N 6°16′W - 
WMO61272. 
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Because only four stations were tested, rainfall data were further validated against soil moisture data. 

Precipitation and soil moisture are derived from different sources and measure different variables. 

However, because the analyses of this thesis were computed on an annual mean basis, it is licit to 

except a degree of agreement between these two water availability-related quantities. This accuracy 

assessment was performed comparing annual mean soil moisture composites with two types of annual 

mean rainfall composites. One-month lag precipitation composites were calculated averaging 

December to the following year November monthly data. These composites were created because 

rainfall effects on vegetation are not immediate, and generally, the water of the previous month is likely 

to influence plants more than the water availability of the current month (Papagiannopoulou et al., 

2017; Svoray and Karnieli, 2011). No lag composites were created averaging same-year January to 

December monthly data. These composite were produced to assess whether significant differences 

between these two types of composites existed across the rangelands of African. The z-score value 

(i.e., z-score = (value – mean) / standard deviation) was calculated in each year, within each aridity 

region (hyper-arid were not tested given the extremely small extent of rangeland occurring in these 

regions), and plotted during 1982-2015. This analysis aimed to check whether the z-scores have similar 

per-year behaviour over time, as well as to assess the overall correlation, as defined by the Pearson’s r 

correlation coefficient, existing between precipitation (both one-month and no lag) and soil moisture 

(figure 3.12). 

 
Figure 3.12 Climate data accuracy assessment. The z-score was calculated for each year and plotted as 
per aridity region. An overall good agreement was found between rainfall (CHIRPSv2.0) and soil moisture (ESA 
CCIv04.2) annual mean composites during 1982-2015. No significant difference with soil moisture was calculated 
after removing the one-month lag in the annual mean rainfall composites. 

A strong correlation was obtained in arid (r = 0.67, p < 0.001), semi-arid (r = 0.76, p < 0.001) and dry 

sub-humid (r = 0.62, p < 0.001) regions when comparing one-month lag rainfall with soil moisture 

composites. The comparison between no lag rainfall and soil moisture resulted to be similar, with 

correlation coefficients slightly lower in arid (r = 0.63, p < 0.001) and dry sub-humid (r = 0.58, p < 
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0.001) rangelands, and higher in semi-arid (r = 0.78, p < 0.001) rangelands. Humid areas showed 

weaker correlation compared to the other rangelands (r = 0.39, p = 0.021 and r = 0.41, p = 0.016), 

which is possibly due to the short period of availability of good quality soil moisture values across 

these regions (Dorigo et al., 2017; McNally et al., 2015). In fact, in humid areas, rainfall and soil 

moisture annual mean composites have a difference in the pixel number of approximately 634 pixels 

each year (average), while in arid, semi-arid and dry sub-humid this difference decreases to 161, 360, 

and 220 respectively. The presence of no significant difference between the one-month and no lag 

precipitation annual mean composites is due to the annual-based temporal scale used in this study, and 

seasonal-based analyses are likely to be more affected by the presence or absence of one- (or more) 

month lag. While this comparison confirmed that the decrease in the station number seemed not to 

have significantly affected CHIRPS quality estimates, it also showed the existence of a strong (arid, 

semi-arid and dry sub-humid) to good (humid) 1982-2015 consistency between CHIRPS rainfall and 

ESA CCI soil moisture data across the rangeland of Africa. For further analyses, this study used the 

one-month lag precipitation composites. 

Soil moisture annual mean composites were created starting from the nominal temporal resolution, i.e., 

daily data (volumetric unit, m3 m-3). Given the relatively low data availability of the 1980s, an acceptable 

full coverage of soil moisture monthly values was obtained by averaging all available daily values in 

each month, as in previous studies (McNally et al., 2015). The monthly-to-annual step was calculated 

applying the same sensitivity analysis conducted to calculate annual mean NDVI composites (see figure 

3.7). This is because the ESA CCI soil moisture product comes with a series of additional information 

(e.g., ancillary data including per-pixel TCA or error propagation uncertainties, day or night flag, sensor 

name and orbiting direction, date and time of measurements), and 63 data flags defining the quality of 

each pixel observation (Chung et al., 2018a). The more relevant are flag0, which refers to pixels where 

no inconsistency was found (i.e., good quality values), flag1, for soil covered with snow or frozen, 

flag2, for densely vegetated areas, flag8, 16 and 32 denoting different levels of non-meaningful values 

such as outlier or extremes values (the full list of all available flags is available in appendix E). The 

sensitivity analysis was needed because only good quality values (i.e., flag0) were used and, as in the 

GIMMS NDVI, these did not occupy the exact same position across thetime-series and did not occur 

in all the 12 months. Annual mean soil moisture composites were created by averaging a maximum of 

12 to a minimum 9 months of good quality data, meaning that these pixels showed a difference with 

the full 12-months good quality mean smaller or equal to 5%. 

Specific consideration was given to the scarcity of good observations of the 1980s. At that time, only 

two passive sensors were available (SMMR from 1978 to 1987 and SSM/I from 1987 onward), and the 

surface covered by good quality values may be small in some years (Dorigo et al., 2017; McNally et al., 

2015). For this reason, some studies excluded the initial part of the time-series and compute the 

analysis since also active sensors began to be available (i.e., 1991-1992) (McNally et al., 2016). In this 

study, issues related to the 1980s low data availability mostly emerged after applying the sensitivity 

analysis. Before the sensitivity analysis was applied, flagged 0 pixels covered most (averagely 94% in 
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each year and about 96% if considering only years later than 1991) of the total rangeland extent. This 

satisfactory condition was achieved because monthly mean composites were created using all available 

daily values, and because the majority of missing data affected non-rangeland areas (e.g., the Congo 

Rainforest and humid western Africa). After applying the sensitivity analysis, the percentage of 

rangeland areas covered by good quality soil moisture pixels decreased to approximately 89% (average), 

with lowest values of 53% and 55% in 1989 and 1990 (figure 3.13). While highlighting the expected 

data availability issues of some years, this aspect proved the efficiency of the sensitivity analysis, as it 

excluded those areas featuring a little number of good observations that were precisely affected by the 

lack of data in the 1980s. Unsurprisingly, after active sensors started to be fully-operational (1992), the 

percentage of represented rangelands stabilises at approximately 95%. A failure of the European 

Remote Sensing 2 (ERS-2) satellite onboard storage caused a further, yet smaller, data gap during 2003-

2006 (Gruber et al., 2019), yet the difference in the pixel number before and after the sensitivity 

analysis was less pronounced because other satellites, and therefore other observations, were available 

(Dorigo et al., 2017). 

 
Figure 3.13 Percentage of rangeland areas represented by good quality ESA CCIv04.2 soil moisture 
pixels before (BFA) and after (ASA) the sensitivity analysis. Annual mean soil moisture composites 
represented ca. 94% and 89% of the total rangeland extent (green line) before (BSA) and after (ASA) applying 
the sensitivity analysis. The two data gaps highlighted in the time-series related to the limited number of orbiting 
satellites (1980s) and to the ERS-2 on-board storage failure (2003-2006). The sensitivity analysis accurately 
detected both these data gaps as it removed those pixels where the annual mean would not have been reliable 
(i.e., difference with the full 12-months good quality mean ≥ 5%) due to the scarcity of data. 

Although a low percentage of rangelands was represented by soil moisture data during 1986-1991, this 

study used only good quality pixels (i.e., flag0) for three reasons. First, because an average of 89% is 

still significantly representative of the total rangeland extent. Second, to analyse only actual 

observations. Third, because a good overall agreement was observed with annual mean rainfall 

composites (see figure 3.12), albeit this was weaker across humid rangelands as these were the regions 

most affected by 1980s data scarcity (the lack of good pixels in the early-2000 was evenly distributed 

across all aridity regions) (figure 3.14). 
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Figure 3.14 Rangeland spatial extent as represented by soil moisture annual mean composites. An 
example from 1989 shows that no soil moisture good quality annual mean composite could be created in humid 
regions because of the lack of good quality daily observations. For this reason, humid regions likely showed 
weaker agreement with rainfall data. The 2003-2006 data gap (example from 2005) did not significantly 
compromise annual mean soil moisture composites because the number of missing data was smaller. An example 
from 2015 shows how annual mean soil moisture composites were able to represent nearly the entire rangeland 
extent. 

3.3.4 Spatial resolution resampling 

All data used in this study are in World Geodetic Survey (WGS) 1984 projection, except VCFs. 

Therefore, VCF data were reprojected to WGS 1984 to match the geographic coordinate system of 

other datasets. The spatial resolution resampling was accomplished using the aggregate and resample 

functions from the R package ‘raster’ (Hijmans et al., 2017). Given the different data spatial 

resolutions, the analyses were performed at the common pixel size of 25 km. This was considered the 

best compromise between the coarse resolution of the LPJ-GUESS simulations (50 km), and the 

higher resolution of the VCFs and CHIRPS data (5 km), and because two products (VOD and soil 

moisture) were nominally gridded at 25 km. All resampling processes were computed by snapping the 

resampled raster to a reference one to ensure that the new resized pixels were perfectly aligned and 

occupy the same position across the time-series. A VOD raster file was chosen as the reference layer 

because VOD did not go through the resampling process. 

The Ellis et al. (2010) rangeland map was first aggregated to 24 (aggregate factor = 3) and later 

resampled at 25 km using the resample function as defined by the bilinear algorithm (the nearest 

neighbourhood algorithm produced similar results as all rangeland pixels have a value equal to one, and 

due to the small difference when upscaling from 24 km to 25 km). Given the presence of missing value 

(i.e., the non-rangeland areas), only 3 x 3 grid block containing at least seven pixels were averaged into 

a new resized pixel. This is because averaging 7 pixels minimised the difference between the spatial 

rangeland extent at 8 km and 25 km (about 290,000 km2, 3.1%). Importantly, if the 7-pixels threshold 

was not applied, the rangeland extent at 25 km would have increased to 15,660,000 km2, causing an 

overestimation of rangeland areas of nearly 70% (+6,440,000 km2) (table 3.3). As explained in section 

3.2.1.1, the new 25 km rangeland extent finally decreased from 9,510,000 km2 to ca. 8,300,000 km2 

because the cropland and closed forest land cover classes were removed. 
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Number of pixels 
averaged in a 3 x 3 

grid block 

Rangeland area (km2) 
Difference      Resampled Nominal 

     (25 km resolution) (8 km resolution) km2 % 
     All (9 pixels) 7,280,000 9,220,000 -1,940,000 -21.0 
 

3 
 8 8,540,000 9,220,000 -680,000 -7.4 

 
      

3 7 9,510,000 9,220,000 290,000 3.1  
 

      
6 10,420,000 9,220,000 1,200,000 13.0 

 
      

5 11,250,000 9,220,000 2,030,000 22.0 
     4 12,090,000 9,220,000 2,870,000 31.1 
     3 13,060,000 9,220,000 3,840,000 41.6 
 

3 
 2 14,110,000 9,220,000 4,890,000 53.0 

 
      

3 1 (no threshold) 15,660,000 9,220,000 6,440,000 69.8  
 

      

      
      

Table 3.3 Post-resampling rangeland area check. Changing spatial resolution implies a variation in 
the surfaces. The best compromise was achieved by averaging at least 7 pixels in a 3 x 3 grid block (yellow row). 
This threshold minimised the difference between the rangeland extent at 8 km and the new 25 km extent 
(approximately 290,000 km2). Resampling all pixels (red row) would have caused the 25 km rangeland extent to 
increase of about +70% compared to the nominal 8 km extent. 

The LPJ-GUESS data were downscaled from 50 km to 25 km using the resample function (bilinear 

algorithm), as in previous studies (Tong et al., 2018). If the difference between the nominal and the 25 

km resolution could be expressed with an integer factor, the resolution resampling was performed 

using the aggregate function as defined by the mean value of the cells. This applied to upscale the 

CHIRPS rainfall and the VCFs data from 5 km to 25 km (aggregate factor = 5). The 8 km GIMMS 

NDVI resolution was changed following the approach used for the rangeland map, i.e., first aggregated 

to 24 and then resampled at 25 km (bilinear algorithm). Because annual mean NDVI composites 

featured missing values, the 7-pixel threshold used for the rangeland map was applied to resample the 

NDVI assuming that also in this case it maintained the difference between the 8 km and 25 km extents 

at the minimum. During 1982-2015, the rangeland extent as represented by NDVI at 25 km averagely 

diverged of ca. 340,000 km2 from the nominal 8 km one (appendix F). The fact that also soil moisture 

annual mean composites are characterised by the presence of missing values explains why it was 

convenient not to resample this product. In other words, rangeland areas represented by soil moisture 

were not altered because they did not undergo any resampling process. 

The quality of the resolution resampling for the African rangelands was tested on the 25 km NDVI 

and the 25 km no lag precipitation annual mean composites. GIMMS NDVI was plotted against the 

well-calibrated and atmospherically corrected MODIS NDVI, which was calculated from the 

MOD09Q1 version 6 surface SR product (Vermote, 2015), resampled at 25 km spatial resolution, and 

downloaded within the GEE IDE. Other pivotal studies have used MODIS NDVI to assess the 

quality of the GIMMS NDVI record (Fensholt et al., 2012). The CHIRPS precipitation was compared 

to the MSWEPv2.0 precipitation data. The MSWEP product was chosen given its shown good 

performances over the African continent and because it is already provided at a nominal spatial 

resolution of 25 km (i.e., no uncertainties introduced by resampling) (Beck et al., 2017a, 2017b). The 
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full list of the coefficients of determination is reported in appendix D, while figure 3.15 shows some 

sample examples of the scatterplots computed. 

 
Figure 3.15 Quality assessment of the spatial resolution resampling. a, GIMMS NDVI3g.v1 vs. 
MODIS NDVI. b, CHIRPSv2.0 precipitation vs. MSWEPv2.0 precipitation. Examples of some per-year 
scatterplots showing a strong statistically significant (p < 0.001) coefficient of determination (r2) existing between 
the resampled data (GIMMS and CHIRPS) and two different datasets used for comparison (MODIS and 
MSWEP). Dashed line represents the 1:1 line and the yellow line is the line of best fit. The full list of r2 is 
available in appendix D. 

Both comparisons revealed the existence of a strong agreement between the two groups of datasets. 

GIMMS and MODIS NDVI showed an average significant r2 = 0.93 during the overlapping period 

(2000-2015), while CHIRPS and MSWEP showed an average significant r2 = 0.94 during 1982-2015. 

These results not only highlighted the data robustness despite the resolution change, but also the 

success of the different checks undertaken to ensure the good quality of the data applied throughout 

the following chapters. 
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 The dynamics of vegetation greenness in Chapter 4

African rangelands 

4.1 Introduction 

Vegetation is a key component of terrestrial ecosystems. Plants regulate water and carbon cycles 

exchanging water vapour (e.g., transpiration) and carbon dioxide (e.g., photosynthesis) in the land-

atmosphere interface, directly influence the surface energy budget (e.g., albedo, surface temperature), 

affect winds circulation, store a large portion of terrestrial carbon, and mitigate anthropogenic carbon 

dioxide emissions (Bonan, 2008; Le Quéré et al., 2018; Pan et al., 2011; Teuling et al., 2017). These 

roles pinpoint the importance of characterising recent, current, and future status of the vegetation 

(Papagiannopoulou et al., 2017). Many studies have used remote sensing products to assess long-term 

changes in vegetation properties, and good agreement nowadays exists on the evidence of a greening 

Earth. Despite some differences in the spatial and temporal scale considered, these studies agreed on 

the overall greening by investigating different aspects of the vegetation such as, for instance, the 

phenology of vegetation activity (i.e., longer growing season) (Buitenwerf et al., 2015; Forkel et al., 

2015; Keenan et al., 2014), terrestrial biomass (i.e., increase aboveground biomass carbon or reversal in 

carbon losses) (Liu et al., 2015; Tong et al., 2018; Zhu et al., 2016), net primary production (i.e., 

increase in NPP) (Nemani et al., 2003), leaf area index (i.e., positive long-term trends in LAI) (Piao et 

al., 2015; Wang et al., 2018), normalised difference vegetation index (i.e., positive long-term monotonic 

trends in NDVI) (Bhatt et al., 2013, Chen et al., 2014; Fensholt et al., 2012; Ju and Masek, 2016; Tian 

et al., 2015), among others (see section 2.5.4). Many studies reporting long-term vegetation greening 

exist also in the specific context of African ecosystems, where greening is mostly associated to 

extended woody plant encroachment processes (Brandt et al., 2015; Kaptué et al., 2015; Venter et al., 

2018). However, none of these studies has specifically targeted rangeland areas. 

Rangelands are domestic or wildlife grazing lands generally including grasslands, woodlands, 

shrublands, and some extent of deserts (Allen et al., 2011). Rangelands cover approximately 28% (ca. 

8,300,000 km2) of Africa, where they provide basic resources (e.g., forage, water, and shade) for the 

livestock rearing activities of more than 270,000,000 people, both pastoralists and agro-pastoralists 

(FAO, 2017). Other ecosystem services supplied by rangelands include the provision of wood, manure 

and fibre, heritage and recreation, wildlife habitat conservation, water resources, and carbon 

sequestration (Lal, 2004a; Sala et al., 2017). Despite their socio-environmental roles, there is a 

surprising scarcity of rangeland-specific studies. This is because previous investigations have mostly 

targeted specific ecosystems such as tropical forests, savannas, coastal areas, or drylands (the latter are 

an overlapping yet not identical land type as they include, unlike rangelands, hyper-arid deserts and do 

not include humid regions). In doing so, these studies have ignored that rangelands of Africa do not 

occur in a single aridity region or biome, but range from arid and semi-arid to humid systems, or from 
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deserts to grasslands to woodland areas. In addition, the study of rangelands was likely not facilitated 

by the negative perception in which they are often perceived, i.e., rangeland as a residual category for 

areas that are not defined as something more profitable (e.g., woodland, agriculture, urban) (Sayre et 

al., 2013). 

Space-based information has played a pivotal role in the study of natural ecosystem functioning and 

monitoring. This is principally due to the dramatic improvement in the technology, sensors, methods, 

and computer processing power that was achieved since the launch of the first Landsat mission in 

1972. In addition, many remote sensing products are nowadays free and released in near-real-time, 

implying that easy access to frequent and repetitive local-to-global scales information of our planet 

exists (Dash and Ogutu, 2016; Karl et al., 2017). Unsurprisingly, the number of studies that apply 

satellite data to investigate the Earth’s surface has grown proportionally to the history of remote 

sensing itself, producing an unprecedented number of publications on terrestrial, oceanic, and 

atmospheric sensing. 

On the contrary, remote sensing applications to rangeland ecosystems are limited. Examples are 

reported for the Kalahari Duneveld bioregion in South Africa, where a study based on Landsat data, 

field observations and interviews, revealed a significant discrepancy between rangeland condition 

assessed from satellite (i.e., non-degraded) and rangeland condition as evaluated by both farmers and 

field measured (i.e., degraded) during 1972-2007 (Kong et al., 2015). Local ecological knowledge 

(LEK) was used to characterise drivers of shrublands and croplands expansion as indicated by a land 

use land cover change analysis in a rangeland site in Ethiopia (the main causes were the severe 

droughts of the 1970s and 1980s, increase in dry years, abandonment and increased sedentarization of 

pastoralists) (Tsegaye et al., 2010). In rangelands of Ethiopia, Kenya, and Somalia, browning trends due 

to a reduction in the growing season precipitation concomitant with increasing population pressures 

emerged after an analysis of remotely sensed data of NDVI, precipitation, and human population 

density during 1981-2012 (Pricope et al., 2013). Begue et al. (2014) applied phenology seasonal metrics 

to quantify differences in the start-of-season between rangelands and croplands in different bioclimatic 

zones of Mali (results show that croplands begin to grow ca. 4 to 8 days earlier than rangelands). 

Similarly, green-up dates, senescence, and length of the growing season were evaluated over 2000-2010 

in western African rangelands of Burkina Faso, Mauritania, and Mali (Butt et al., 2011). In different 

rangelands of South Africa, woody encroachment processes were highlighted by a land cover change 

analysis based on Landsat data between 1990 and 2013 (Skowno et al., 2017) and SPOT images 

between 1994 and 2008 (Munyati et al., 2011), or by means of LiDAR-derived aboveground biomass 

measurements (Mograbi et al., 2015). 

Although the above studies provide an important contribution to the understanding of African 

rangeland vegetation, they have some shortcomings. First, while evaluating different aspects of the 

vegetation (e.g., degraded vs. non-degraded, start- and end-of-season, pasture biomass estimations, 

changes in fire regimes, etc.), none has yet provided an assessment that highlights where long-term 

vegetation greening and vegetation browning in the rangelands of Africa occurred. Therefore, this type 
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of information can be only gathered from broad long-term ecosystem assessments. Second, the length 

of the time-series analysed rarely reaches the 30 years, which is the minimum threshold required for 

monitoring needs in support of climate-related research (GCOS - 200, 2016; IPCC, 2018). Besides, 

previous rangeland investigations cover different ranges in time-period, making a comparison between 

the results difficult and inconsistent. Third, they consider only a small geographical extent, which 

means that the available information on African rangelands is highly spatially fragmented and 

unrepresentative of the range of aridity regions (i.e., from arid to humid) in which they occur. Lastly, 

the way rangelands are defined is rarely highlighted, creating confusion on whether an analysis focuses 

on drylands, savannas, or rangeland per se (arguably, this may relate to the confusion that still exists on 

the definition of rangelands (Briske, 2017)). 

This chapter aims to reveal the extent and location of African rangelands that underwent long-term 

increase or decrease in vegetation greenness during 1982-2015. This research question is addressed as 

follows. The anthropogenic global biome classification map created by Ellis et al. (2010) was first 

edited and later validated with the CGLS land cover map (Buchhorn et al., 2017). This yielded a 

faithful representation of the rangeland of Africa (Allen et al., 2011). In this way, a detailed rangeland 

framework that extends throughout the whole African continent was created and applied for the first 

time. Long-term vegetation dynamics of the African rangelands were then investigated using the 

GIMMS NDVI3g archive, which represents the longest remotely-sensed time-series NDVI dataset 

currently available. This product was applied between 1982 and 2015. By doing so, it was possible to 

produce the first 30+ years continental-scale assessment of vegetation greening and browning trends 

for the rangelands of Africa. 

4.2 Method 

This research aimed to describe how and why the vegetation of African rangelands has changed over 

the last three decades. Due to the long time-series (1982-2015) and the large spatial extent considered 

in this study (the African continent), the annual mean was preferred over season-based metrics to 

avoid biases caused by the seasonal complexity that exists throughout Africa. Annual mean analyses are 

the common approach for macro- to global-scale assessments, yet the presence of some asymmetric 

reactions to rainfall or seasonal rainfall pattern changes cannot be excluded (Fensholt et al., 2009; 

Mueller et al., 2014; Sankaran et al., 2005). 

The findings of this chapter are based on the analysis of the GIMMS NDVI3g.v1 dataset. Changes in 

vegetation greenness (i.e., NDVI) during 1982-2015 were assessed utilising two methods. First, 

rangeland areas with strong inter-annual variations in annual mean NDVI values (i.e., anomaly analysis) 

were calculated for each year and plotted during 1982-2015. Second, a standard liner regression-based 

approach was applied to assess monotonic changes in NDVI. Using these techniques, changes in 

vegetation greenness over 34 years were assessed from two different spatiotemporal perspectives, i.e., 
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the first being based on a year-by-year calculation, and the second embracing the whole time-series at 

once. 

4.2.1 NDVI anomaly analysis 

The first approach consisted of calculating the per-pixel difference between the annual mean NDVI 

for a given year and the mean NDVI for the entire time-series. As suggested in other studies (Helldén 

and Tottrup, 2008; Saleska et al., 2007; Williams and Funk, 2011), this operation was computed by 

applying the z-score formula (dimensionless) 

z-score = (NDVIY – NDVI1982-2015) / SD1982-2015 

where NDVIY is the annual mean NDVI in a given year, while NDVI1982-2015 and SD1982-2015 represent 

the 34-year NDVI mean and standard deviation. Years showing a mean NDVI that significantly 

shifted from the 34-year mean NDVI were defined as those where the z-score was greater than +1 or 

smaller than -1. These were the NDVI anomaly pixels (z-score > +1 and z-score < -1), while the 

remaining pixels (+1 > z-score > -1, i.e., z-score falling within ±1 standard deviation) represented 

annual mean NDVI values pretty similar to the 34-year mean NDVI, and were defined as no anomaly. 

Positive anomalies thus suggested that the annual mean NDVI in a given year was more than one 

standard deviation higher than NDVI1982-2015, vice versa negative anomalies refer to an annual mean 

NDVI more than one standard deviation lower than NDVI1982-2015. Rather than showing just the 

temporal z-score changes between 1982 and 2015, the anomalies were expressed as per spatial extent 

(million square kilometres) multiplying the number of pixels experiencing positive/negative anomaly 

by the 25 km spatial resolution, as done in previous studies (Rouault and Richard, 2005). In this way, it 

was possible to produce a per-year spatiotemporal evaluation of how the rangeland surfaces 

experiencing positive anomaly (i.e., greening) and negative anomaly (i.e., browning) changed during 

1982-2015. This representation was performed for the whole African continent, as well as per aridity 

regions. In addition, also the trend (slope of the regression, n = 34, Pearson test) in rangeland areas 

experiencing positive and negative anomaly was calculated to provide information on their overall rate 

of change between 1982 and 2015. 

4.2.2 Trends in vegetation greenness  

The second approach did not allow for a year-to-year evaluation of changes in NDVI, yet it is still the 

most common method to define the overall time-series trend in vegetation greenness, or in any other 

biophysical variable. The purpose of this analysis was to show whether in each pixel there was an 

overall monotonic increase or decrease in vegetation greenness over time. Per-pixel linear trends in 

vegetation greenness were obtained by calculating the slope of the regression of annual mean 

composites during 1982-2015 (n = 34). The parametric Pearson test was used to calculate the 

significance of the trends at the 95% level (p < 0.05). No difference was calculated after testing the 

significance of NDVI trends applying the non-parametric Spearman’s rank test. Statistically significant 
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pixels as defined by the Pearson test (figure 4.1a) were similar to statistically significant pixels as 

defined by the Spearman test (figure 4.1b) both in the value range, spanning from -0.004 NDVI unit 

yr-1 and 0.006 NDVI unit yr-1, and in the pixel count (6,689 vs. 6,690 respectively). The difference 

between the two tests did not affect the actual slope value, rather the position where trends in NDVI 

were significant. In other words, when both tests showed a statistically significant relationship (i.e., in 

ca. 87% of the total pixel count), the slope values were precisely the same. Instead, in 917 pixels (i.e., 

ca. 13% of the total pixel count) trends were either significant as defined by the Pearson or the 

Spearman test. In these pixels, differences in the slope value were mostly constrained between ca. 

±0.002 NDVI unit yr-1 (figure 4.1c). Therefore, the results presented here are assumed not to change 

significantly by applying the Pearson or the Spearman test. 

 
Figure 4.1 Comparison of statistically significant (p < 0.05) GIMMS NDVI3g.v1 trends during 
1982-2015. a, Significant pixels as defined by the Pearson test. b, Significant pixels as defined by the Spearman 
test. c, Difference between the two test outputs. The two tests showed very significant results, and trends in the 
GIMMS NDVI did not change significantly by applying the Pearson (a) or the Spearman rank test (b). 
Differences affected 917 pixels out of 6,690 only (ca. 13% of the total rangeland extent), in which slope values 
diverged of a magnitude of ca. ±0.002 NDVI unit yr-1 (c). 

4.3 Results 

4.3.1 NDVI anomaly analysis 

Per-pixel anomalies in NDVI inform that the annual mean NDVI in a given year was significantly 

higher or smaller than the 34-year time-series mean NDVI. Rangelands affected by negative NDVI 

anomaly decreased of ca. 918,000 km2 (-27,000 km2 yr-1, p < 0.05), while the extent of rangeland 

surface affected by positive NDVI anomaly increased of ca. 1,870,000 km2 (55,000 km2 yr-1, p < 0.001) 

during 1982-2015. In other words, rangeland areas with higher-than-average NDVI progressively 

increased in extent over time, while areas with lower-than-average NDVI shrunk (hereafter, anomaly 

refers to anomaly in NDVI). However, strong interannual fluctuations did occur between 1982 and 

2015, with rangelands characterised by negative anomalies prevailing from the early 1980s to mid-

1990s, and positive anomalies developing from the mid-1990s onwards. On average, ca. 2,400,000 km2 

(29%) of the African rangelands were affected by anomaly each year. Peak extents in negative 

anomalies were reached in 1983 (ca. 3,100,000 km2, 37%) and 1984 (ca. 3,600,000 km2, 43%), while 

positive anomalies extents peaked in 2006 (ca. 2,600,000 km2, 31%) and 2011 (ca. 3,400,000 km2, 40%) 
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(figure 4.2a). Similar patterns were observed also across the different aridity regions. Overall, 

rangelands featuring negative anomaly decreased in semi-arid and dry sub-humid regions (ca. -15,000 

km2 yr-1 and -6,000 km2 yr-1 respectively, p < 0.05) or showed no overall variations across hyper-arid 

and arid rangelands, while rangelands characterised by positive anomaly increased in all aridity regions 

during 1982-2015 (highest rates in arid, 20,000 km2 yr-1, and semi-arid, 26,000 km2 yr-1, p < 0.001). 

Humid rangelands showed no significant change in neither negative nor positive anomaly. Interannual 

fluctuations are clearly visible also on a per-aridity region basis. Rangelands affected by negative 

anomaly dominated the early part of the time-series, with peaks in 1987 and 1993 (hyper-arid), 1983, 

1984, 1991, and 1992 (arid), 1983, 1984, 1985, and 1992 (semi-arid), 1983, 1984, and 1985 (dry sub-

humid), 1983, 1984, 1989, and 1991 (humid). Recent cases only occurred in 2003 and 2005, and are 

highlighted in all aridity regions (but hyper-arid ones). Rangelands affected by positive anomaly started 

to replace negative ones from 1996-1998, with maximum extents reached in 2006 and 2011 also in 

each aridity region (figure 4.2b-f). 

Figure 4.3 reports the year-by-year spatial distribution of African rangelands affected by positive and 

negative anomalies. At first glance, negative anomaly dominated large amounts of rangelands until 

1993 (except for 1989 that showed comparable low values in both positive and negative values). After 

1993, negative anomalies were only covering specific regions at specific times, such as southern Africa 

(2003 and 2005), the Sahel (2004, 2005, and 2009), East Africa (2009-2001), and a land belt ranging 

from Angola to Mozambique (2010-2015), while most of the rangelands steadily featured extended 

positive anomalies (specifically across the Sahel and southern Africa). The large extents of rangelands 

affected by negative anomalies in the early 1980s (ca. 2,900,000 km2, of which ca. 1,200,000 km2 in 

semi-arid and 750,000 km2 in humid areas (1983-1985 average)) mostly covered a land belt spanning 

from the western Sahelian, Sudano-Sahelian, Sudanian, and Guinean zones to eastern Africa. Not 

surprisingly, these were the areas principally affected by the devastating continental-scale drought that 

hit Africa between 1983 and 1985 (also known as the ‘Sahel drought’) (Anyamba et al., 2014; 

Nicholson, 2013; Zeng, 2003). Signs of other continental droughts are shown in 1991 and 1992 

(particularly evident in East and southern Africa), and likely related to a cooling period due to the June 

1991 December 1992 Mount Pinatubo eruption, as shown by other studies (de Jong et al., 2012). After 

1991/1992, persistent wetter conditions reverted the dominance from rangelands experiencing 

negative to rangelands experiencing positive anomaly (Anyamba et al., 2014; Masih et al., 2014). These 

firstly peaked between 1997 and 1999, were mostly gathered in East Africa (ca. 1,900,000 km2, of 

which ca. 1,300,000 km2 between arid and semi-arid areas (1997-1999 average)), and likely relate to the 

consequences of one of the strongest El Niño event ever recorded. The existence of teleconnections 

between El Niño southern oscillation (both the actual event and the developing/decaying phases) and 

African rainfall is well established, with El Niño being associated to wetter climate in eastern and dry 

conditions in southern Africa, and, vice versa, La Niña to dry periods in eastern and rains in southern 

Africa (Nicholson, 2013; Nicholson and Kim, 1997; Van Heerden et al., 1988). Thus, consequences of 

the strong 2011 La Niña event seem evident in eastern Africa, which was affected by a dramatic 

drought building-up on a 2009 dry period, and southern Africa, characterised by the presence of the 
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most extended value in rangelands affected by positive anomaly (ca. 3,400,000 km2, half of which in 

semi-arid regions) (Funk, 2011). The post-1980s drought recovery lasted until 2003, when a hot-spot 

 

Figure 4.2 Interannual and overall changes in the rangeland extent affected by positive and 
negative NDVI anomaly during 1982-2015. a, All African rangelands. b, Hyper-arid rangelands. c, Arid 
rangelands. d, Semi-arid rangelands. e, Dry sub-humid rangelands. f, Humid rangelands. Overall, rangeland areas 
characterised by positive NDVI anomaly increased during 1982-2015 (slope = 0.055, p < 0.001), while 
rangelands experiencing negative NDVI anomaly decreased (slope -0.027, p < 0.05). This is shown not only at 
continental-scale (a), but also throughout the different aridity regions (b-f). Rangeland areas were mostly 
dominated by negative anomalies in the early part of the time-series (early 1980s to mid-1990s), while positive 
anomalies prevailed from the mid-1990s onwards (a-f). The most important climate extremes resulted to be 
aligned with the largest extent in positive/negative anomalies (see text) (a). The y-axes (surface in million km2) 
use different scale limits to better represent the interannual changes in anomaly extents. 

of negative anomaly occupied large areas in southern African rangelands (ca. 1,400,000 km2, entirely in 

arid and semi-arid areas). Also in this case, the cause should be related to an El Niño event that 

promoted extended drought conditions between 2001 and 2004 over this region (yet no positive 

anomaly developed in eastern Africa) (Kadomura, 2005; Masih et al., 2014; Rouault and Richard, 2005). 

Other examples of extended rangelands characterised by positive anomalies are shown in 2007. These 



Chapter 4 

86 

predominantly occurred in eastern Africa rangelands (ca. 2,100,000 km2), where previous studies 

revealed the presence of an extreme wet period in the region (McNally et al., 2016). It seemed not 

possible to unambiguously associate any climate event to the large extent of negative anomalies in 

2005, and to the extent of positive anomalies of 2006, which, interestingly, occupy the same region 

(i.e., southern Africa). 

 
Figure 4.3 Spatiotemporal development of rangeland areas characterised by positive and negative 
anomalies. This collection of maps reports the year-by-year location where rangeland areas affected by positive 
and negative anomaly occurred. This representation allowed to relate the evolution of rangelands experiencing 
anomalous values in NDVI to the most important climate extremes that hit the African continent between 1982 
and 2015 (e.g., the early 1980s Sahel drought, the 1998 El Niño, the 2011 La Niña). 
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While these examples refer to specific well-known large-scale climate extremes, many other factors 

contribute to the shaping of African vegetation. These may include long-term changes in inter- or 

intra-annual rainfall regimes, rising temperatures, anthropogenic drivers (e.g., deforestation), ecological 

processes (e.g., wildfire, woody encroachment), amongst others. However, the vegetation response to 

these drivers is generally not as abrupt as in the case of climate extremes, and it may vary at different 

times, locations, and intensity of the disturbance. Therefore, the attribution of a specific negative or 

positive anomaly area to one of these drivers is not necessarily feasible, specifically at continental-scale. 

4.3.2 Trends in vegetation greenness 

Per-pixel linear trends (n = 34, Pearson test) in vegetation greenness changed significantly (p < 0.05) 

between 1982 and 2015 in approximately half of African rangelands (ca. 4,200,000 km2, 50% of the 

total rangeland extent). Out of these, positive trends covered ca. 3,500,000 km2 across Guinea, Ivory 

Coast, Senegal, Mauritania, Burkina Faso, Chad, South Sudan, Somalia, northwest Maghreb, Namibia, 

Botswana, and South Africa. Negative trends were observed in Angola, Mozambique, and Madagascar, 

yet their extent was significantly smaller (ca. 700,000 km2) compared to the greening areas (figure 4.4a). 

Positive trends in vegetation greenness prevailed also when considering insignificant p-values (ca. 

5,900,000 km2 positive vs. ca. 2,300,000 negative km2) (figure 4.4b). 

 
Figure 4.4 Changes in vegetation greenness (GIMMS3g.v1 NDVI, NDVI unit yr-1) for 1982-2015. 
a, Statistically significant trends only (p < 0.05). b, Statistically and insignificant trends. Temporal trends were 
indicated by the slope of the regression (n = 34, Pearson test). Vegetation greenness overall increased (5,533 
pixels) between 1982 and 2015, with two main batches of browning (1,156 pixels) in Angola and Mozambique 
(a). Positive trends in vegetation greenness prevailed also considering the pixels where the changes over time 
were insignificant (9,435 pixels positive change vs. 3,687 pixels negative changes) (b). 



Chapter 4 

88 

4.4 Discussion 

This chapter aims to highlight the spatial location where vegetation greening and vegetation browning 

took place in the African rangeland over 34 years (i.e., 1982-2015). This is achieved by means of an 

anomaly analysis and a temporal trend analysis. 

Both analyses suggested that an overall increase in vegetation greenness took place in the rangeland of 

Africa between 1982 and 2015. In fact, the extent of rangeland surface that experienced above-average 

NDVI increased in size over time, while rangeland surfaces characterised by below-average NDVI 

reduced. This implies that, overall, greening of the vegetation occurred in progressively larger 

rangeland surfaces. Vice versa, the size of vegetation browning progressively reduced. The analysis of 

linear trends confirmed this result, as positive changes in vegetation greenness (i.e., greening) overcame 

the negative changes (i.e., browning). Interestingly, there exists a good agreement between the spatial 

distribution of these positive/negative linear trends and the locations where rangeland affected by 

positive/negative anomalies were found in each year. The linear trend analysis over the 34 years 

showed that greening took place in a belt running from West Africa, part of the Sahel, Chad, South 

Sudan, Somalia, and northwest Africa, and across southern Africa, while browning was mostly 

observed in part of Angolan, Mozambican, and Malagasy rangelands. These corresponded to the 

regions in which rangelands experiencing positive and negative anomaly most frequently occurred in 

each year. A part of the early 1980s, where negative anomaly dominated most of the continental 

rangelands due to the Sahel drought, from mid-1900s onwards positive anomalies were indeed steadily 

present in different areas of western Sahelian, Sudano-Sahelian, Sudanian and Guinean zones, eastern, 

northwestern, and southern Africa (except for some years). Similarly, rangelands of Angola, 

Mozambique, and Madagascar showed persistent negative anomalies, particularly in the last decade of 

the time-series. 

The overall greening of the African rangelands supports the evidence of a recently greening Earth, as 

widely reported from many global investigations (Cook and Pau, 2013; Nemani et al., 2003; Zhang et 

al., 2017; Zhu et al., 2016). Only a recent study has warned that, while most vegetated global lands did 

undergo overall greening, a slowdown of the mean NDVI increase is happening, thus implying the 

potential development of an increase in browning trends in a warmer future (Pan et al., 2018). Previous 

macro-scale vegetation assessments also confirmed what was observed in different regions of the 

African continent. In the Sahel, for instance, results from Anyamba and Tucker (2005) perfectly match 

the findings of this chapter. The authors performed similar anomaly and trend analyses on GIMMS 

NDVI data, yet considered only annual growing seasons (i.e., July, August, September, and October) 

between 1982 and 2003. They showed extended negative anomalies in seasonal NDVI at the beginning 

of the time-series (peaking in 1983 and 1984) followed by a steadily increasing presence of positive 

NDVI anomaly (peaking in 1994 and 1999), as well as overall positive trends in NDVI during 1982-

2003. Similarly, another linear regression analysis performed on seasonal July-October GIMMS NDVI 

showed, for 1981-2011, widespread positive trends in NDVI across Guinea, Ivory Coast, Senegal, 
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Mauritania, Burkina Faso, and Chad (Dardel et al., 2014). Increasing overall trends in GIMMS NDVI 

across Sahelian countries were also reported in non-seasonal-based analysis, as indicated for 1982-2003 

in Herrmann et al. (2005), or 1982-1999 in Olsson et al. (2005). Greening trends were also reported in 

many regions of southern Africa. For instance, positive linear trends GIMMS NDVI (maximum, small 

and large integral) during 1982-2011 took place over many areas in Namaqualand, western South 

Africa (Davis et al., 2017). Broader-scale studies showed greening trends occurring in Namibia, 

Zimbabwe, Botswana, and South Africa between 2000 and 2013 (MODIS NDVI, annual maximum) 

(Saha et al., 2015), during 2001-2010 (SPOT-V NDVI, annual maximum) (Hoscilo et al., 2015), or 

1982-2006 (Harris et al., 2014) (GIMMS NDVI, persistence trends). While investigating the drivers 

woody plant encroachment during 1986-2016, Venter et al. (2018) also reported the existence of 

extended greening regions across Namibia, Botswana, Zimbabwe, Zambia, and South Africa (as well as 

in Chad and South Sudan, i.e., two other areas where this chapter revealed a sharp increase in 

vegetation greenness). Likewise, browning as indicated by long-term decreasing trends in NDVI was 

observed in Angola and Mozambique by Saha et al. (2015) (MODIS, 2000-2003), and Angola, 

Mozambique, and Madagascar by Xiao and Moody (2005) (PAL NDVI, 1982-1998). In addition, other 

studies calculated long-term declines in different biophysical variables that still imply a reduction in the 

vegetation greenness (i.e., browning), including, for instance, net primary production (Zhao and 

Running, 2010) or aboveground woody carbon (McNicol et al., 2018). 

Vegetation greening as indicated by NDVI is known to be correlated with vegetation productivity 

(Abel et al., 2019; Jong et al., 2011), a key indicator of measuring land degradation (Fensholt et al., 

2012). Changes in NDVI are thus often used as a proxy to assess environmental conditions of a given 

area and, generally, greening is linked to an increase in vegetation productivity (i.e., better conditions) 

while browning indicates a reduction in productivity (i.e., degradation) (Wessels et al., 2007). However, 

the conclusion that the observed greening regions did improve between 1982 and 2015 should be 

drawn carefully. In fact, remotely sensed measures of greening do not always suggest healthier lands, as 

it may also result from a loss in biodiversity (e.g., monoculture plantations) or increasing concentration 

of invasive or unwanted species (Herrmann and Tappan, 2013; Sandhage-Hofmann et al., 2015). 

Similarly, browning rangeland may result from many disturbances (e.g., climate variability, wildfire, 

anthropogenic) that act at different spatiotemporal scales, and associating a reduction in vegetation 

productivity directly to land degradation could be inappropriate (Engler and von Wehrden, 2018). 

Therefore, it is likely that the browning rangelands underwent some form of land degradation, yet 

negative anomalies and decreasing trends in vegetation greenness do not represent an unequivocal 

proof of land impoverishment. For instance, deforestation or rural-urban migrations (i.e., farmland 

abandonment) may foster the creation of new rangeland-type spaces (see section 6.4.2). 

4.4.1 Conclusions 

While confirming earlier studies on greening and browning trends throughout Africa, i.e., greening of 

the vegetation largely occurring in the Sahel and southern Africa and browning of the vegetation 
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occurring along a fringe extending from Angola, to Mozambique and Madagascar, the results presented 

here are the first 30+ years assessment of changes in vegetation greenness for the rangelands of the 

whole of African continent. Trends in NDVI were assessed not only in terms of monotonic greening 

or monotonic browning during 1982-2015, but also at interannual time scale via an NDVI anomaly 

analysis. Overall, these two approached produced comparable results, meaning that rangelands steadily 

affected by positive/negative anomalies corresponded to those rangelands experiencing long-term 

greening/browning trends. However, while an overall good agreement was found between the most 

important climate extremes and the occurrence of rangeland surfaces affected by positive/negative 

anomalies throughout all aridity regions, this chapter did not investigate the underlying long-term 

drivers of vegetation greenness. Many factors (e.g., change in rainfall patterns, rising atmospheric CO2 

concentration, fire, land-use change) might have contributed to these changes, and further 

investigation is therefore needed to identify them. This chapter thus represents the starting point for 

the following chapters 5 and 6 (and future rangeland studies overall), where drivers and potential 

implications of the observed vegetation greening and browning trends are investigated in more detail. 
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 The role of climate on long-term changes in Chapter 5

vegetation greenness 

5.1 Introduction 

There is a wealth of research on the impacts of climate change and anthropogenic transformations on 

Earth’s biosphere (Tong et al., 2018), yet the way ecosystems and their biodiversity respond to these 

disturbances is still not well understood (Zhu et al., 2016). In this regard, priority should be given to 

those regions that directly support the livelihood of millions of people (Seddon et al., 2016). In Africa, 

rangelands are an important yet understudied example of such regions, as they mostly occur in 

countries defined as particularly poor and vulnerable to a changing climate (Niang et al., 2014). 

The rangelands of Africa directly support millions of people via the direct provision of an ensemble of 

ecosystem services, principally embracing the production of meat and dairy products (Sala et al., 2017). 

Importantly, the dependency on African rangeland resources is expected to grow due to the estimated 

increase of the African population to hit 2.5 billion people by 2050 (UN DESA, 2017). This principally 

implies that livestock products will be increasingly transported to urban (i.e., non-rangeland) areas and 

will accelerate rangelands conversion to croplands to meet the food demand (Alkemade et al., 2013; 

van Ittersum et al., 2016). However, in addition to increasing social demands, the future of rangelands 

will also depend on the impacts of rising temperature and changes in distribution or intensity of 

climate extremes (Kharin et al., 2007; Niang et al., 2014; Polley et al., 2017). For instance, despite large 

disagreements on the response of African ecosystems to different climate change scenarios (Midgley 

and Bond, 2015), previous studies have reported that drought may become more severe and frequent 

in southern and western Africa (Gizaw and Gan, 2017), while in eastern Africa this appears to be 

happening already (Nicholson, 2016). Similarly, other investigations have linked shifts in rainfall 

patterns (Brandt et al., 2019; Zhang et al., 2019) and rising levels of atmospheric CO2 (Stevens et al., 

2016; Wigley et al., 2010) to woody encroachment in African savannas. The persistence of such 

conditions, i.e., drier/warmer climate and shift in the vegetation composition, represents a major risk 

for the near-future food security of vulnerable rangeland communities (Thornton et al., 2009). 

One way to better understand how future climate change will likely influence the rangelands of Africa 

consists of evaluating historical data to assess how the vegetation has responded to climate in the past. 

Despite the increasing availability of long-term satellite data, the understanding of the relationship 

between long-term climate and rangeland dynamics across Africa is still elusive. This is because while 

African vegetation is broadly known to be sensitive to climate variability (mostly in arid and semi-arid 

environments) (Anyamba et al., 2014; Herrmann et al., 2005; Papagiannopoulou et al., 2017) or recent 

CO2 fertilization (tropical regions) (Nemani et al., 2003; Zhu et al., 2016), many non-climatic factors 

are also reported to influence its dynamics at different spatiotemporal scales. These include land-use 
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change and fragmentation (Galvin et al., 2008; Hobbs et al., 2008; Song et al., 2018), land management 

(Kiage, 2013; Stevens et al., 2016), land grabbing (Friis and Reenberg, 2010; Sulieman, 2015; Ykhanbai 

et al., 2014), population growth (Pricope et al., 2013), change in fire, grazing and herbivore patterns 

(Andela et al., 2017; Archibald and Hempson, 2016a; Roberts et al., 2018), conflicts (Bromley, 2010; 

Gorsevski et al., 2012), urban expansion and infrastructures (Alkemade et al., 2013; Dobson et al., 

2010). While these non-climatic factors are responsible for different forms of alteration of rangeland 

ecosystem structure and, therefore, functioning (e.g., soil-atmosphere exchanges of water, nutrient, and 

carbon, ecological interaction among species, livestock-wildlife interactions, energy fluxes), nowadays, 

the spatial location and extent where, in Africa, climate is the predominant or subordinate driver of 

long-term rangeland vegetation dynamics are still unknown. 

Separating unambiguously the contribution of biophysical from human drivers of changes in the 

vegetation cover at once is challenging, if not impossible, particularly at continental scale (Kiage, 2013). 

Therefore, this chapter aims to produce a starting point for future rangeland studies by shading new 

light specifically on the relationship between climatic conditions and vegetation dynamics during the 

last three decades. This chapter aims to explain to what extent the positive and negative changes in 

vegetation greenness observed in the previous chapter were either mostly driven or mostly unaffected 

by long-term climate. By doing so, this part of the research establishes the role of recent climate 

variability in controlling African rangeland vegetation dynamics. Initially, water availability (i.e., 

precipitation and soil moisture) was investigated. On the one hand, this is because precipitation is 

known to be the key controlling factor of vegetation greenness, particularly in arid and semi-arid 

regions where most (ca. 70%) African rangelands occur (i.e., systems mostly at nonequilibrium) (Ellis 

and Swift, 1988). On the other hand, precipitation represents only part of the water that plant can use, 

as other edaphic and morphological factors (e.g., evaporation, runoff, soil texture, depth and water 

holding capacity) strongly alter the actual amount of water available to vegetation (Zeng et al., 2013). 

For this reason, soil moisture data were included in the analysis to fully represent water availability. 

However, changes in vegetation greenness cannot be defined as climatic- or non-climatic-driven if only 

precipitation and soil moisture are investigated, as rangeland vegetation dynamics are also controlled by 

other factors such as temperature, sunshine duration, nitrogen deposition, and atmospheric CO2. The 

effects of these variables on changes in vegetation greenness were thus evaluated by means of two 

carbon parameters simulated with a climate-forced DGVM (i.e., the LPJ-GUESS). By doing so, this 

chapter defined climatic- and non-climatic-driven changes in vegetation greenness in African 

rangelands based on long-term records of precipitation, soil moisture, temperature, sunshine duration, 

nitrogen deposition, and atmospheric CO2. 

Ultimately, once climate is defined as the main or irrelevant controlling factor of vegetation changes in 

a given rangeland region, future studies will be able to focus on other non-climatic drivers of greening 

and browning trends. In addition, the application of the LPJ-GUESS model yielded an important 

evaluation of the ability of DGVMs at predicting future vegetation changes. 
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5.2 Method 

A two-step process allowed to understand the role of climate on vegetation greenness changes. First, 

changes in water availability, here indicated by precipitation (CHIRPSv2.0) and soil moisture (ESA 

CCIv04.2), and its relationship with the GIMMS NDVI3g.v1 was investigated. This step of the analysis 

revealed those rangeland areas where the vegetation was mostly controlled or unaffected by water 

availability. Building on these areas, the climate-forced LPJ-GUESS parameters of aboveground 

carbon (AGC) and woody biomass carbon (WDC) were then applied to establish whether or not 

changes in vegetation greenness were controlled by other climatic factors other than precipitation and 

soil moisture. 

5.2.1 Trends in precipitation and soil moisture, and relationship with NDVI 

Per-pixel changes in precipitation and soil moisture were evaluated by calculating the slope of the 

regression of one-month lag annual mean precipitation and annual mean soil moisture composites 

during 1982-2015 (n = 34, Pearson test). Results are shown for all pixels, as well as only for statistically 

significant relationships (p < 0.05). Positive slope values are representative of increasing wet conditions 

(precipitation) or wetter soils (soil moisture) over time, while negative slope values refer to a decline in 

rainfall or drier soils respectively (as shown for trends in NDVI in Chapter 4, the Spearman’s rank test 

did not produce a significant difference). Yet these linear trends simply revealed how precipitation and 

soil moisture changed between 1982 and 2015, and therefore, to investigate the long-term relationship 

between water availability and changes in vegetation greenness, the Pearson’s correlation coefficient r 

(n = 34, Pearson test) was calculated (Helldén and Tottrup, 2008; Pricope et al., 2013). Later, to assess 

whether an increase or decrease in vegetation greenness was attributable to changes in precipitation or 

soil moisture, areas showing both significant trends in NDVI and significant relationship between 

NDVI and water availability were extracted, as done in similar studies (Andela et al., 2013). These 

pixels represent rangelands where NDVI, precipitation, and soil moisture increased or decreased 

together during 1982-2015, while the remaining pixels indicate rangelands where this relationship was 

missing. While it must be acknowledged that intermediate conditions can still exist at different 

spatiotemporal scales (for instance, changes in fire regimes may play a role across those rangeland 

defined as water-constrained, as well as precipitation can be responsible for vegetation changes in 

some non-water constrained ones), this change attribution approach yielded the identification of those 

regions where water availability was, overall, either the main or subordinate driver of vegetation 

greenness changes. 

It is worth mentioning that the results discussed in this study are based only on statistically significant 

values (p < 0.05). However, some relationships between NDVI and rainfall or soil moisture may be 

insignificant not only because of some unavoidable uncertainties inherent in the GIMMS, CHIRPS or 

ESA CCI products, but also because they are analysed at an annual temporal scale. In other words, 
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relationships may potentially show significant correlations if analysed at shorter (i.e., seasonal) time 

scales. 

5.2.2 Trends in aboveground carbon and woody biomass carbon 

The identification of water- and non-water constrained rangelands represented the region of interests 

for the analyses that involved the LPJ-GUESS simulations. In other words, after precipitation and soil 

moisture were assessed, it was checked whether other climate variables (temperature, precipitation, 

sunshine duration, nitrogen composition, and CO2 concentration) were able to explain the observed 

changes in vegetation greenness. To do this, standardized anomalies (z-score = (value – mean) / 

standard deviation) for AGC and WDC were calculated in each of those NDVI pixels classified as 

water- and non-water-constrained (precipitation and soil moisture were considered also in this 

analysis). To represent the time-series, all per-pixel standardized anomalies for each greening (western 

Sahel, Chad, southern Africa, West Africa, and South Sudan) and browning regions (Angola and 

Mozambique) were averaged in every year. Rather the reporting the z-score time-series, the clarity of 

the results was maximised by showing the slope of the regression of these standardized anomalies. This 

analysis allowed to assess whether the observed greening or browning trends were reproducible using 

the climate-forced biomass carbon parameters. An increase in vegetation greenness should show an 

increase in carbon biomass, given that the greening trends are generally proportional to the standing 

biomass (Jong et al., 2011; Los, 2013). Vice versa, a decrease in vegetation greenness should be 

associated with a decrease in AGC and WDC, as carbon biomass reduces as vegetation browns. 

Therefore, changes in vegetation were defined as climatic-driven if vegetation greenness and carbon 

estimations all increased during 1982-2015, meaning that the climate variables used to force the LPJ-

GUESS were able to reproduce the changes in NDVI. A discordance in the vegetation greenness and 

carbon parameter trends informed of changes in vegetation that could not be described as of climatic 

origin, as the climate-forcing of the model could not capture the changes in NDVI. 

Finally, it is worth noting that the climate data used as input for the LPJ-GUESS simulations were 

unrelated to the CHIRPS and the ESA CCI records. While this is advantageous as it allowed to 

evaluate the results of this chapter by means of completely distinct products, a further accuracy 

assessment was still carried out to check the degree of correspondence between the two precipitation 

products, i.e., the CHIRPS data (used with the ESA CCI to identify water and non-water constrained 

rangelands) and the precipitation from the CRU data (used in the LPJ-GUESS model). This accuracy 

assessment, which was realised utilising per-year scatterplots calculated during 1982-2015, highlighted 

the existence of a strong agreement, and therefore consistency, between the two precipitation datasets. 

In fact, the CHIRPS and CRU showed an average statistically significant (p < 0.001) r2 = 0.89 during 

1982-2015 in the rangelands of Africa. The full list of the coefficients of determination and some 

sample examples of the scatterplots are reported in appendix G. 
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5.3 Results 

5.3.1 Trends in precipitation and soil moisture, and relationship with NDVI 

Significant (p < 0.05) changes in annual mean precipitation occurred in just ca. 1,800,000 km2 of 

African rangelands (21% of the total rangeland extent). Approximately 1,600,000 km2 of these changes 

were positive (positive slope indicating increasing wet conditions during 1982-2015) and mostly 

occurred in western Sahel. Only small areas showed a significant decline in rainfall and accounted for 

the remaining 200,000 km2 (figure 5.1a). Positive trends in precipitation prevailed considering also 

insignificant p-values (ca. 6,250,000 km2 positive vs. ca. 2,050,000 km2 negative) (figure 5.1b).  

The time-series analysis of annual mean soil moisture revealed similar trends as precipitation. 

Significant (p < 0.05) changes were observed in ca. 1,400,000 km2 of rangelands (17% of the total 

rangeland extent) (figure 5.1c), most of which (ca. 1,100,000 km2) showed wetter soil conditions over 

time (mainly western Sahel and southern Chad). Drying soils (ca. 300,000 km2) were distributed 

unevenly across the continent. Including the insignificant trends, ca. 4,600,000 km2 of rangeland 

showed positive and ca. 3,700,000 km2 negative changes in soil moisture (figure 5.1d). Therefore, while 

statistically significant changes in precipitation and soil moisture were similar, insignificant changes 

showed larger differences. This is particularly evident in southern and eastern Africa, both showing, 

overall, positive trends in precipitation and negative trends in soil moisture. 
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Figure 5.1 Trends in precipitation (CHIRPSv2.0) and soil moisture (ESA CCIv04.2) for 1982–2015. 
a,b Statistically and statistically plus insignificant trends in precipitation (mm yr-2). c,d Statistically and statistically 
plus insignificant trends in soil moisture (m3 m-3 yr-1). Trends over time were indicated by the slope of the 
regression (n = 34, Pearson test). Significant changes in precipitation and soil moisture were both mostly positive 
(2,604 vs. 325 pixels (a) and 1,759 vs. 482 pixels (c)) and occupied similar rangeland areas along the Sahel. 
Positive trends in precipitation and soil moisture prevailed also considering insignificant p-values (9,986 vs. 3,285 
pixels (b) and 7,357 vs. 5,916 pixels (d)), yet differences were observed in southern and eastern Africa. 

After assessing the linear trends in precipitation and soil moisture, the relationship between these two 

variables and vegetation greenness was then evaluated by calculating the Pearson’s correlation 

coefficient (r, p < 0.05) during 1982-2015. The relationship between annual mean NDVI and annual 

mean precipitation (figure 5.2a) and between annual mean NDVI and annual mean soil moisture 

(figure 5.2b) produced the same results. Correlation coefficients were similar in terms of both the 

strength (r = 0.5696 and r = 0.5511, respectively (average of all pixels)) and type of the relationship 

(predominantly positive, ca. 5,350,000 km2 and ca. 4,500,000 km2 vs. ca. 10,000 km2 and ca. 40,000 

km2). In addition, similarity emerged also in the spatial distribution of these significant relationships, as 

both maps showed the correlation coefficients covering rangelands of western Sahel, southern Chad, 

southern Africa, eastern Africa, and northwestern Maghreb. In other words, these results revealed 

those African rangelands where changes in NDVI and water availability are concordant, i.e., NDVI 
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would increase/decrease as precipitation or soil moisture increase/decrease, and discordant, i.e., NDVI 

would increase/decrease as precipitation or soil moisture decrease/increase. At the same time, they do 

not, however, inform about the direction of change, meaning that is it unknown whether, in each pixel, 

NDVI, precipitation, and soil moisture increased, decreased, or did not changed over time. 

 
Figure 5.2 Relationship between vegetation greenness and water availability. a, GIMMS3g.v1 
NDVI vs. CHIRPSv2.0 precipitation. b, GIMMS3g.v1 NDVI vs. ESA CCIv04.2 soil moisture. Long-term 
relationships were defined by the Pearson’s correlation coefficient r (p < 0.05) calculated on annual mean 
composite during 1982-2015. The NDVI-precipitation (a) and NDVI-soil moisture (b) relationships resulted to 
be significantly similar in terms of strength, type, and spatial distribution over the three decades analysed. (Total 
pixel count: 8,546 positive vs. 15 negative (a); 7,133 positive vs. 65 negative (b)). 

Therefore, to establish whether an increase or decrease in NDVI was attributable to an increase or 

decrease in precipitation or soil moisture, pixels showing significant changes in vegetation greenness 

(see figure 4.4a), were masked with those pixels showing a significant relationship between NDVI and 

water availability (see figure 5.2a,b). These pixels represent rangelands where NDVI, precipitation, and 

soil moisture increased or decreased together during 1982-2015 (hereafter water-constrained 

rangelands) (figure 5.3a,b), while the remaining pixels indicate rangelands where this relationship was 

missing (hereafter non-water constrained rangelands) (figure 5.3c,d). These rangelands represented the 

targeted region of interests for further analyses of this and the following chapter. 
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Figure 5.3 Role of water availability on changes in vegetation greenness. a, Concordant significant 
trends in both NDVI and precipitation. b, Concordant significant trends in both NDVI and soil moisture. c, 
Significant changes in NDVI unrelated to precipitation. d, Significant changes in NDVI unrelated to soil 
moisture. In western Sahel (WS), Chad (CH) and southern Africa (SA), NDVI increased (i.e., greening) together 
with both rainfall (a) and soil moisture during 1982-2015 (b), while water-constrained browning was unevenly 
scattered throughout the continent. (Total pixel count: 3,762 greening vs. 407 browning (a); 2,887 greening vs. 
496 browning (b)). In non-water-constrained rangelands, precipitation (c) and soil moisture (d) were neither 
largely responsible for the greening observed in West Africa (WA) and South Sudan (SS), nor of the browning 
observed in Angola (AN) and Mozambique (MZ). (Total pixel count: 1,851 greening vs. 749 browning (c); 2,646 
greening vs. 660 browning (d)). 

Water-constrained rangelands covered an area of approximately 2,400,000 km2, while non-water 

constrained rangelands extended for ca. 1,800,000 km2. More specifically, water-constrained greening 

covered ca. 2,200,000 km2 across the arid and semi-arid Sahel (Mauritania, Senegal, Mali, and southern 

Chad), southern Africa (Namibia and Botswana), and across the Morocco-Algeria border, while water-

constrained browning accounted for small and fragmented areas across the southern hemisphere (ca. 
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200,000 km2). Non-water-constrained greening occupied ca. 1,400,000 km2 across West Africa (Ghana, 

Sierra Leone, Guinea, and Ivory Coast) and South Sudan, while areas of non-water-constrained 

browning (ca. 400,000 km2) were concentrated in two bulk regions of Angola and Mozambique. It is 

worth highlighting that ca. 1,800,000 km2 of African rangelands (ca. 22% of the total rangeland extent) 

demonstrated long-term trends in vegetation greenness that were not controlled by changes in 

precipitation or soil moisture. 

Unsurprisingly, water-constrained rangelands were mainly (72%) located in arid and semi-arid 

environments (i.e., systems mostly at nonequilibrium) and only marginally across dry sub-humid and 

humid areas (28%), while non-water-constrained rangelands, i.e., systems mostly at equilibrium, 

prevailed in dry sub-humid and humid regions (61% vs. 39% in arid and semi-arid regions) (table 5.1). 

` 
Water-constrained Non-water-constrained 

NDVI-P 
(figure 5.3a) 

NDVI-SM 
(figure 5.3b)   

NDVI-P 
(figure 5.3c) 

NDVI-SM 
(figure 5.3d)   

Hyper-arid < 50,000 < 50,000 
72% 

< 50,000 < 50,000 
39% Arid 800,000 600,000 300,000 500,000 

Semi-arid 1,300,000 1,000,000 300,000 400,000 
Dry sub-humid 300,000 300,000 

28% 
300,000 400,000 

61% 
Humid 200,000 200,000 700,000 800,000 
Total (km2) ca. 2,600,000 ca. 2,100,000   ca. 1,600,000 ca. 2,100,000   

Table 5.1 Water-constrained and non-water constrained rangelands surface distribution as per 
aridity region. Most (approximately 72%) of water-constrained rangelands occurred in arid and semi-arid 
regions (28% in humid ones). Vice versa, non-water-constrained rangelands were more abundant in humid 
regions (61% vs. 39%). The sums of the two NDVI-P elements and the sum of the two NDVI-SM elements are 
both 4,200,000 km2, i.e., the extent of rangeland surface where statistically significant changes in vegetation 
greenness were observed (see figure 4.4). Surfaces and percentages refer only to the rangelands where statistically 
significant trends were found (bottom row). Aridity regions are defined based on the aridity index (AI), i.e., the 
ratio between annual mean precipitation and annual mean potential evapotranspiration (FAO, 2005). The five 
classes are defined as hyper-arid (AI < 0.03), arid (0.03 < AI < 0.2), semi-arid (0.2 < AI < 0.5), dry sub-humid 
(0.5 < AI < 0.65), and humid (AI > 0.65). (P: precipitation; SM: soil moisture). 

5.3.2 Trends in aboveground carbon and woody biomass carbon 

The LPJ-GUESS forced with climate data including temperature, precipitation, sunshine duration, 

nitrogen composition, and CO2, was applied to assess whether climate variables other than 

precipitation and soil moisture could explain the observed changes in vegetation greenness. Trends in 

AGC and WDC (figure 5.4), represented as per the slope of the regression of standardized anomalies, 

were calculated in each of the water- and non-water-constrained NDVI pixels of figure 5.3. 

Water-constrained rangelands of western Sahel, Chad and southern Africa were all characterised by an 

overall increase in vegetation greenness (figure 5.4a). Western Sahel and Chad showed similar patterns 

in all indicators during 1982-2015. Increasing NDVI (5.9%) could be associated with an overall 

increase in AGC (2.7% and 3.0%), WDC (1.1% and 2.3%), precipitation (4.5% and 3.1%), and soil  
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Figure 5.4 Changes in aboveground carbon (AGC) and woody biomass carbon (WDC). a, Water-
constrained rangelands. b, Non-water-constrained rangelands. Each bar plot shows the slope of the regression of 
NDVI, AGC, WDC, P, and SM calculated only considering the water-constrained (a) and non-water-constrained 
(b) GIMMS NDVI3g.v1 pixels of western Sahel, Chad, and southern Africa (figure 5.3a,b), and West Africa, 
South Sudan, Angola, and Mozambique (figure 5.3c,d). Black lines indicate standard errors (no significant mask 
was applied). Trends in AGC and WDC parameters were mostly in accordance with trends in NDVI (and 
precipitation and soil moisture) across western Sahel, Chad and southern Africa, suggesting climate as the main 
controlling factor of changes in vegetation greenness (climatic-driven rangelands) (a). Changes in AGC and 
WDC appeared not to agree with changes in NDVI, precipitation, soil moisture in West African, South Sudan, 
Angola, and Mozambique, suggesting climate as the subordinate factor of changes in vegetation greenness (non-
climatic-driven rangelands) (b). Colours are as in figure 5.3, i.e., turquoise indicates vegetation greening, red 
indicates vegetation browning. 

moisture (2.7% and 1.2%). In southern Africa, while the increase in NDVI (5.0%) was roughly 

comparable to positive changes in AGC (2.2%) and precipitation (2.1%), WDC (0.8%) and soil 

moisture (< 0.1%) increased but at a change-rate lower compared to other data (figure 5.4a). These 

discrepancies may reflect dynamics in shrub vegetation, which are likely part of the NDVI and AGC 

signals (including all plant components), yet not captured by the WDC parameter (including sapwood 

and heartwood only). Overall, the climate-forced AGC and WDC simulations changed accordingly to 

NDVI, precipitation, and soil moisture (excluding southern Africa), suggesting that long-term climate 

was the main responsible for the changes in vegetation greenness observed in these regions, 

particularly in western Sahel and Chad (hereafter climatic-driven rangelands). 

Non-water-constrained rangelands of West Africa and South Sudan showed an increase in vegetation 

greenness during 1982-2015, while in Angola and Mozambique it decreased (figure 5.4b). Trends in 

NDVI were similar in the two non-climatic greening sites (6.5% and 7.1% respectively). Interestingly, 

the LPJ-GUESS simulation revealed that AGC and WDC experienced very little change in West Africa 

(+0.9% and +0.6%) and decreased significantly in South Sudan (6.9% and 7.2%). These results show 

that the model was unable to reproduce the greening trend observed from the NDVI satellite data. 

Further, since the simulation of vegetation growth in LPJ-GUESS is forced with climate data, it will be 

likely unable to reproduce any vegetation greening or browning that is not driven by changes in climate 

variables. These results thus allowed to redefine these non-water-constrained rangelands as non-

climatic-driven rangelands, also largely excluding CO2 fertilization as a possible driver (hereafter non-
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climatic-driven rangelands). Similar results were observed across the non-water-constrained browning 

of Angola and Mozambique (figure 5.4b). While NDVI showed negative trends in both regions during 

1982-2015 (5.7% and 6.4%), changes in the AGC and WDC resulted to be strongly positive for Angola 

(6.6% and 6.5%) and slightly negative in Mozambique (1.7% and 1.6%). Therefore, the climate 

variables used to drive the LPJ-GUESS biomass carbon simulations could not reproduce the 

vegetation browning that was not driven by climate variables, suggesting alternative explanations such 

as deforestation as the main driver. 

5.4 Discussion 

This chapter examined precipitation and soil moisture satellite data with the scope of identifying those 

rangelands of Africa where water availability was the principal controlling factor of changes in 

vegetation greenness during 1982-2015. Once water and non-water-constrained rangelands were 

identified, parameters representing aboveground and woody biomass carbon simulated with the 

climate-forced LPJ-GUESS dynamic ecosystem model were analysed to assess whether the changes in 

vegetation greenness were controlled by other climatic factors (i.e., temperature, sunshine duration, 

nitrogen deposition, and atmospheric CO2) than precipitation and soil moisture. 

5.4.1 Climatic-driven rangelands 

Three main hot spots of climatic-driven rangelands were observed in western Sahel, Chad and 

southern Africa, all of which were characterised by an increase in vegetation greenness. In the first two 

regions, both belonging to the Sahel belt, the connection between increasing rainfall and vegetation 

greening is well-established, as shown by many studies (Anyamba and Tucker, 2005; Fensholt et al., 

2009; Helldén and Tottrup, 2008; Herrmann and Hutchinson, 2005; Hickler et al., 2005; Huber et al., 

2011; Nicholson, 2005; Olsson et al., 2005). Helldén and Tottrup (2008) results, for instance, perfectly 

reproduced the relationships between long-term NDVI and precipitation calculated in this chapter. 

Despite the shorter time-series (i.e., 1982-2003 vs. 1982-2015), the authors showed highly comparable 

per-pixel Pearson’s correlation coefficient in terms of both value (i.e r ≥ 0.6 vs. r = 0.5696) and spatial 

distribution (i.e., northwestern Maghreb, western Sahel, southern Chad, South Sudan, eastern Africa, 

and southern Africa). Importantly, they reported overall positive trends in NDVI, and concluded that 

rainfall is an important, yet not the only, explanatory factor of these trends. Likewise, Huber et al. 

(2011) investigated trends in NDVI, precipitation, and soil moisture, and the relationships existing 

between them in the Sahel (1982-2007). Similar to the findings presented here, they reported greening 

of the vegetation, predominant positive changes in water availability, and comparable Pearson’s 

correlation coefficient between NDVI and precipitation/soil moisture (i.e r ≥ 0.5 both vs. r = 0.6115 

(precipitation) and r = 0.6001 (soil moisture)). Increasing air temperature and soil moisture were also 

reported to produce positive changes in vegetation greenness in many global drylands, including the 

Sahel (Fensholt et al., 2012; Wei et al., 2019). Therefore, as expected, the analysis of climate satellite 

data of precipitation and soil moisture confirmed this greening to be controlled by water supply. 
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Importantly, the investigation of the two carbon biomass parameters revealed the existence of 

comparable trends, in both direction and magnitude, to the other data, which thus allowed to redefine 

these vegetation greenness changes as being controlled by climate (i.e., climatic greening). Similar 

results were observed in rangelands of southern Africa, yet less agreement was observed amongst the 

different indicators (changes in vegetation greenness, precipitation, and aboveground carbon were 

analogous but not comparable to changes in soil moisture and woody biomass carbon). Disagreement 

also exists between previous studies investigating southern African ecosystems (mostly framed in the 

ecological context of woody plant encroachment), yet these may not necessarily refer to the same 

region. Air temperature, for instance, is rarely listed as a potential driver of vegetation greenness, while 

only a few studies mention soil moisture as a possible explanation (Mourik et al., 2007; Wei et al., 

2019). Ambiguous results exist in regards to precipitation, as some authors informed of greening 

trends but unchanging trends in precipitation (Buitenwerf et al., 2015; Stevens et al., 2016), reported 

that rainfall favours the expansion of some species yet until 500 to 650 mm of rainfall per year 

(Sankaran et al., 2005; Skowno et al., 2017), or explained that vegetation shifts are directly linked to 

both above-average rainfall years and frequent rainfall events (Kraaij and Ward, 2006). In addition, 

many studies broadly associated variations in the vegetation status to increasing atmospheric CO2 

(Buitenwerf et al., 2012; Donohue et al., 2013; Stevens et al., 2016; Wigley et al., 2010). The analysis 

computed in these rangelands suggests that mostly rainfall may have affected the increase in vegetation 

greenness. This was confirmed by trends in aboveground carbon, which increased with a similar 

intensity to precipitation (and NDVI). The weak trends in woody biomass carbon may rather provide 

some insights into the composition of the vegetation (e.g., shrubs replacing trees may still be part of 

the aboveground carbon and not of the woody biomass carbon). Therefore, the dynamic of southern 

Africa rangelands seemed to be affected not only by climatic (principally rainfall) factors, but also by 

non-climatic disturbances such as fire regimes, herbivore density, and livestock pressure (Archibald 

and Hempson, 2016b; Devine et al., 2017; Roques et al., 2001) (not investigated in this study). 

Analysing also the effects of these components together with climatic (and anthropogenic) 

disturbances may foster a better understanding of the vegetation dynamics in drylands of southern 

Africa, and beyond. However, interactions and feedback processes occurring amongst these factors are 

believed to determine the vegetation dynamics more at local than regional to global scales. Woody 

plant encroachment, for instance, is a widespread phenomenon across global drylands, and while mean 

annual precipitation or CO2 are believed to set the overall conditions for woody plant growth, local 

disturbances and soil properties may either boost or hamper its expansion at each given location 

(Archer et al., 2017; Pausas and Dantas, 2017). 

Finally, the fact that the great majority of climatic-controlled rangelands occurred within arid and semi-

arid regions matches with the theory of the nonequilibrium ecology, which indeed describes the 

vegetation of arid and semi-arid regions as mostly controlled by abiotic factors (Briske et al., 2017; 

Gillson and Hoffman, 2007; Walker, 1993). 
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5.4.2 Non-climatic-driven rangelands 

Non-climatic-driven rangelands were observed in West Africa, South Sudan, Angola, and 

Mozambique. Importantly, the analysis of the aboveground carbon and woody biomass carbon 

parameters revealed that also other climate variables were unable to correctly simulate the changes in 

vegetation greenness observed in these regions. For example, LPJ-GUESS was unable to reproduce 

the greening observed in the South-Sudan region principally because it is forced with climate variables 

that did not change significantly during 1982-2015. Similarly, the model failed to reproduce the 

vegetation browning observed in Angola likely because the precipitation slightly increased, and hence 

the model simulated an increase in vegetation greening contrary to browning as observed from satellite 

data. Therefore, the changes in vegetation greenness observed in these four regions were defined as 

non-climatic, that is non-climatic greening in West Africa and South Sudan, and non-climatic browning 

in Angola and Mozambique. 

While climatic conditions may still have contributed, to some extent, at reshaping the vegetation of 

non-climatic-driven rangelands (e.g., shift in rainfall patterns), other hypotheses must be invoked to 

explain the trends in vegetation greenness observed in these areas. The latitudinal similarity of the two 

non-climatic greening sites of West and eastern Africa likely exclude socio-economic reasons, yet long-

lasting conflicts in regions such as South Sudan might have enhanced the green-up because of low 

pressure (e.g., reduced land clearance for agriculture or settlement and grazing pressure) due to land 

abandonment (Gorsevski et al., 2012; Hugo, 1996). In addition, the assessment of other important 

rangeland disturbances such as fire and herbivore may yield a better understanding of the observed 

trends (Venter et al., 2017). While investigating the role of herbivores is challenging due to the lack of 

long-term continental-scale datasets, changes in fire regimes are more likely related to anthropogenic 

land-use change rather than representing themselves an important driver of vegetation greening 

(Andela and Van Der Werf, 2014). Also, other studies revealed negative trends in active fire and 

burned area fraction in these areas of the northern African hemisphere (Andela et al., 2017), suggesting 

that indeed the lack of burning could be one of the factors encouraging the woody vegetation 

establishment and, hence, the greening. Instead, the non-climatic browning observed in Angola and 

Mozambique can be explained by deforestation, i.e., a decrease in woody cover and an increase in short 

vegetation, as suggested by previous analyses (Achard et al., 2014; Cherlet et al., 2018; Hansen et al., 

2013; McNicol et al., 2018). Unsurprisingly, these non-climatic rangelands mostly occurred throughout 

dry sub-humid and humid rangelands. These are known to be systems mostly at equilibrium, meaning 

that changes in vegetation are predominantly controlled by biotic variables (Briske et al., 2017; Vetter, 

2005). 

The inability of the LPJ-GUESS model at reproducing vegetation changes in the non-climatic-driven 

areas may have important implications in regard to the analysis of future African rangeland conditions. 

In fact, simulations of vegetation fractional coverage in many biogeochemical models (e.g., LPJ-

GUESS) are parameterised with climate variables, which implies that these models may be unable to 
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reproduce future changes in vegetation greenness that are not driven by climate variables. Although 

recent efforts to capture land-use change in DGVMs must be acknowledged (Arneth et al., 2017; 

Nyawira et al., 2016; Tagesson et al., 2020), these findings warn that capturing the complete trajectory 

of current and future changes in biosphere-atmosphere interactions may not be always feasible or 

reliable. 

5.4.3 Conclusions 

This chapter unveils those African rangelands where long-term climate was the predominant and 

subordinate controlling factor of the changes in vegetation greenness. This represents an important 

starting point as it would help future rangeland studies to narrow the attention on other non-climatic 

drivers of vegetation changes. However, it must be said that the change attribution approach applied in 

this study cannot entirely exclude the existence of intermediate conditions, which means that climatic 

factors may still partially affect vegetation in non-climatic-driven rangelands, as well as non-climatic 

drivers may contribute to vegetation changes in climatic-driven rangelands. 

While these results shed new light on the African rangelands that experienced long-term greening and 

browning (chapter 4) as well as on the role of climate at controlling such trends (this chapter), they still 

do not provide any information in regard of the dynamics of the composition of the vegetation in 

these rangelands. This is however decisive given that the provision of ecosystem services strongly 

depends on the composition of the vegetation. African livestock keepers, for instance, rely on healthy 

grasses as the main asset to feed their herds of cattle, sheep, and goats. Therefore, understanding 

whether the observed increase in vegetation greenness, being this climatic- or non-climatic-driven, is 

attributable to an increase in the grass layer or unpalatable woody plants may have important 

implications on future rangeland food security. The following chapter aims to disentangle the observed 

greening and browning in terms of the herbaceous and woody vegetation components. In other words, 

it provides an in-depth overview of how vegetation composition, and therefore their ability to supply 

ecological services, has changed across the African continent in the last three decades. 
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 The dynamic of vegetation composition in Chapter 6

the climatic- and non-climatic-driven rangelands 

6.1 Introduction 

Ecosystem services are defined as the benefits that communities obtain from nature (Daily, 1997). The 

Millennium Ecosystem Assessment (MA) suggested four types of ecosystem services, that is 

provisioning (e.g., food, water, wood, medicinal), regulating (e.g., climate regulation, crop pollination), 

cultural (e.g., recreation, education, heritage), and supporting (e.g., soil properties, wildlife, primary 

production) (MA, 2005). While examples of ecosystem services produced by the rangelands of Africa 

belong to all these four categories, the provision of meat and dairy products from livestock rearing 

activities represent the most important resource for ca. 270 million people, both pastoralists and agro-

pastoralists (FAO, 2017; Herrero et al., 2013). 

The ability of an ecosystem to deliver services is related to different properties such as protein content, 

litter mass, soil carbon content, or biodiversity, amongst others (Huang et al., 2019). In a specific 

rangeland perspective, the availability of healthy grasses, forage or fodder is crucial. This is because 

domestic ruminant animals, which represent the typical herd composition of African pastoralists (e.g., 

cow, sheep, and goat) (FAO, 2017), have dietary requirements directly depending on both abundance 

and quality of these vegetation types (O’Mara, 2012). Ecosystem assessments reporting evidence of 

increasing vegetation vigour may inform of potential more vegetation cover and, hence, more 

resources available to grazing animals. However, vegetation greening and browning cannot be 

necessarily linked to improvement and deterioration of the ecosystem, since the provisioning of 

ecological services indeed depends on the composition of the vegetation. For example, the greening of 

the South African rangelands was shown to be closely related to woody encroachment, which livestock 

farmers mostly perceived as a land degradation process as woody species replacing the grass layer are 

often unpalatable for their livestock (Munyati et al., 2011; Sandhage-Hofmann et al., 2015). Similar 

examples were reported in rangelands of Senegal (Herrmann and Tappan, 2013) or Kenya, where 

pastoralists have adapted to woody plant encroachment by start stocking uncommon browsers such as 

camels (Leparmarai et al., 2018) thanks to their higher suitability for woody dominated rangelands 

(Dittmann et al., 2014). Yet woody plants also provide an array of other ecosystem services, including 

fuelwood and charcoal, fruit or nuts, medicines, carbon storage capacity, and termite activity 

attenuation (Hanan, 2018; Leitner et al., 2018). At the same time, associating browning uniquely with 

land degradation would be an oversimplification, particularly from a rangeland perspective. This is 

because rangelands are highly dynamic and heterogeneous systems, where the interactions of different 

disturbances (e.g., climate variability, fire regimes, herbivore numbers, land cover change) may lead to 

different forms of land degradation at different spatiotemporal scales (Engler and von Wehrden, 2018) 

or, as shown in this study, may be even associated with an increase in short herbaceous plants and, 
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therefore, pasture resources. Disentangling long-term changes in the vegetation composition of 

rangelands (i.e., woody vs. herbaceous element) is thus essential to establish how these changes may 

have affected rangeland ability to supply ecological services across the African continent. 

The encroachment of woody plants across global grasslands and savannas fostered the interests of 

ecologists and remote sensing scientists at understanding, largely unsuccessfully, the drivers of this 

ecological phenomenon. This interest was also enhanced by the recent release of an effective 

microwave-derived proxy of woody cover, i.e., VOD (Andela et al., 2013; Brandt et al., 2017; Liu et al., 

2011a; Tian et al., 2017, 2016). However, not many studies have tried to investigate the actual 

composition of the vegetation as defined by both woody and herbaceous cover. This is because woody 

vegetation was the topic in the spotlight, and because remote sensing data and technology allowed to 

separate between woody and herbaceous vegetation components only in recent times (Brandt et al., 

2018a). After an early attempt based on an empirical decomposition of the NDVI Pathfinder AVHRR 

Land series (PAL) in Australia (Lu et al., 2003), recent studies estimated woody and herbaceous 

vegetation using MODIS LAI for sub-Saharan Africa (Kahiu and Hanan, 2018a), which was later 

applied to assess the role of vegetation composition on fire regimes (Kahiu and Hanan, 2018b). Others 

have characterised woody vegetation using i) changes in mean rain use efficiency (assuming that the 

woody element has a slow response to rainfall), and herbaceous vegetation calculating the slope of the 

regression between NDVI-derived productivity and rainfall (Anchang et al., 2019; Kaptué et al., 2015); 

ii) defined tree and herbaceous vegetation merging observations from satellite data, land cover maps or 

satellite images (D’Onofrio et al., 2018; Daskin et al., 2016); iii) exploited non-remotely sensed 

techniques such as field measurements of carbon isotopic ratios of leaves from grasses, trees, and 

shrubs (Lloyd et al., 2008); iv) exploited modelling techniques (Boone et al., 2018). While these studies 

rather suggest various approaches on how to estimate the vegetation composition, a recent vegetation 

continuous field (VCFs) product was resealed by Song et al. (2018). By providing global annual data of 

tree cover, short vegetation, and bare ground for the period 1982-2016, this dataset allows for a direct 

evaluation of the per-pixel fractional composition of the vegetation as derived from satellite data. 

Based on the results of the previous chapter, the following chapter aimed to disentangle the dynamics 

of vegetation composition in terms of the woody and herbaceous component in the rangelands where 

climatic- and non-climatic-driven changes in vegetation greenness were observed. By doing so, it was 

therefore possible to suggest how rangelands ability to supply ecological services might have changed 

between 1982 and 2015. This chapter addresses this research question using both coarse and high 

spatial resolution data. The coarse spatial resolution analysis (i.e., 25 km) decomposes changes in 

vegetation greenness (i.e., NDVI) using the optical-based tree cover, short vegetation, and bare ground 

data from the VFCs product by Song et al (2018) and the microwave-based VOD retrievals as a proxy 

for woody vegetation (Liu et al., 2015). The high spatial resolution assessment (i.e., 30 m) consists of a 

land cover change analysis based on a collection of Landsat surface reflectance (SR) scenes. Finally, the 

chapter discusses whether the NDVI signal is mostly affected by the woody or the herbaceous 
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component of the vegetation, and evaluates the level of agreement amongst the different classification 

algorithms applied. 

6.2 Method 

6.2.1 Trends in tree cover, short vegetation, bare ground, and vegetation optical depth 

Similar to the analysis of the carbon biomass parameters, standardized anomalies for VOD and VCFs 

(i.e., tree cover, short vegetation, and bare ground) were calculated across the climatic- (western Sahel, 

Chad, and southern Africa) and non-climatic-driven rangelands (West Africa, South Sudan, Angola, 

and Mozambique) (NDVI was considered also in this analysis). Again, the time-series (1982-2015 for 

NDVI and VCFs, and 1992-2011 for VOD) was represented by averaging all per-pixel standardized 

anomalies for the greening and browning rangelands in every year, and the results expressed using bar 

plot graphs showing the slope of the regression of these standardized anomalies. Even though the data 

period covered by VOD (1992-2011) does not entirely match with the other data sets (1982-2015), 

trends in VOD give clear indications on changes in woody cover and AGC (Brandt et al., 2017). 

Besides providing information on the vegetation composition, the results of this analysis allowed to 

assess whether the annual mean NDVI signal was more affected by long-term changes in the woody or 

herbaceous component of the vegetation. 

6.2.2 Land cover change analysis 

While land cover mapping provides essential information in support of a broad range of scientific and 

political needs (e.g., management, conservation, planning, modelling) (Gómez et al., 2016), here, the 

scope of the land cover change analysis at 30 m spatial resolution was to check whether the long-term 

changes in tree cover, short vegetation and bare ground calculated at a grid-size of 25 km x 25 km were 

reproducible at higher spatial resolution. To date, no time-series land cover product at 30 m spatial 

resolution is available, and few options do exist yet at specific years only (e.g., CCI land cover S2 

prototype land cover for Africa at 20 m for 2016, Copernicus Global Land Operations Vegetation and 

Energy for Africa at 100 m for 2015, GlobeLand30 at 30 m for 2000 and 2010). Therefore, ten 

atmospherically corrected Landsat SR scenes were classified at three different times during 1982-2015, 

i.e., at the beginning (late 1980s), in the middle (late 1990s to early 2000s), and at the end (mid-2010s) 

of the time-series. These ten images refer to six selected sub-areas within the greening rangelands 

(three in West Africa and three in South Sudan), and four selected sub-areas within the browning 

rangelands (two in Angola and two in Mozambique). Hence, thirty Landsat SR scenes were classified, 

each one covering ca. 71 km2. The same classes as the VCFs by Song et al. (2018) were applied (i.e., 

tree cover, short vegetation, and bare ground) to allow for a direct comparison with the coarse spatial 

resolution results. Changes in the land cover were eventually estimated calculating the from-to change 

extent for each class, as done in previous studies (Braimoh, 2006; Mas, 1999; Pontius et al., 2004). The 

following four subsections describe in more detail the phases constituting the land cover change 
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analysis. Specifically, sub-section 6.2.2.1 explains why SR data were specifically used and summarises 

the key information on how Landsat data were a priori atmospherically corrected. Finally, it provides 

an overview of the extent, location, and time of each classified Landsat SR scene. Sub-section 6.2.2.2 

details the training and validation data selection. Sub-section 6.2.2.3 is dedicated to the actual 

classification process, and includes details on the classification algorithms applied, class definition 

scheme and, importantly, it details how the sub-areas selected for the land cover classification were 

selected. Finally, sub-section 6.2.2.4 describes the post-classification accuracy assessment. 

6.2.2.1 Atmospherically corrected Landsat SR scenes 

The decision of using only SR data was dictated by the fact that the Landsat scenes in each of the ten 

sub-areas were classified at three different times between 1982 and 2015. Obviously, atmospheric 

conditions were not the same at these three times, and it was therefore essential to prevent any 

alterations that these atmospheric changes may have on the per-pixel spectral properties. Removing 

atmospheric effects means handling time-consistent SR values, which enables effective applications of 

standard classification algorithms to all scenes and reduce, in turn, the chances of misclassification 

(Hansen and Loveland, 2012; Song et al., 2001). Atmospherically corrected Landsat data were directly 

accessed within the GEE IDE (i.e., no actual atmospheric correction was performed in this study). 

These SR scenes are a priori retrieved by applying the Second Simulation of the Satellite Signal in the 

Solar Spectrum (6S) on top of the atmosphere (TOA) reflectance data. The 6S is a radiative transfer 

model that estimates the artefacts caused by the atmosphere along the sun-surface-sensor path 

(Vermote et al., 1997), and inverts TOA reflectance into 30 m gridded SR values using aerosol optical 

thickness, atmospheric pressure, ozone concentration, and water vapour column (Masek et al., 2006) 

(see section 3.2.5). 

As mentioned above, three sub-areas were classified in West Africa and three in South Sudan (non-

climatic greening rangelands), while two sub-areas were classified Angola and two in Mozambique 

(non-climatic browning rangelands). Figure 6.1 reports the location of these ten ca. 71 km2 sub-areas 

within the African continent, while table 6.1 summarises the characteristics of the Landsat SR scenes 

classified in each sub-area. The localisation of these sub-areas across Africa strictly depends on the 

training and validation data selection method based on visual inspection of VHR images. For this 

reason, the explanation of how the ten sub-areas were spatially localised is fully detailed in section 

6.2.2.3, i.e., after an in-depth description of the training and validation data selection (i.e., section 

6.2.2.2). Thus, together with the classification process (e.g., algorithms, class definition), section 6.2.2.3 

details why the land cover change analysis was i) performed in these specific ten sub-areas within 

Africa and at these specific times during 1982-2015; ii) not performed across the climatic-driven 

rangelands; iii) computed over a standard extent value of ca. 71km2. 
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Figure 6.1 Location of the ten ca. 71 km2 classified sub-areas (red coloured dots) where the land 
cover change analysis was performed. Six sub-areas were classified in non-climatic greening rangelands (three 
in West Africa and three in South Sudan) and four sub-areas were classified in non-climatic browning rangelands 
(two in Angola and two in Mozambique). See section 6.2.2.3 for the detailed description of why these specific 10 
locations were selected. 

 
Table 6.1 Characteristics of the thirty classified Landsat SR scenes. Eighteen scenes were classified in 
the non-climatic greening rangelands (nine in West Africa and nine in South Sudan), and twelve scenes were 
classified in the non-climatic browning rangelands (six in Angola and six in Mozambique). Totally, thirty scenes 
were classified. GEE researched the best available scene in each sub-area, and therefore, reporting the 
information on row and path number is unnecessary. The name of the location refers to the closest most 
important village to each sub-area. The coordinates refer to the middle point of each 71 km2 sub-area. The table 
reports also the day, month, and year of the VHR image used for the collection of training data (see section 
6.2.2.2). (*: Landsat 7 could-free SR scenes occurring in SLC-off free areas; **: Landsat 5 cloud-free SR scenes). 

Region Sub-area Location Coordinates VHR image date Recent image*

West Africa 1 Mako, Senegal 13°5'13.56"N - 12°16'55.05"W 12 Nov. 2014 09 Nov. 2014 10 Nov. 2006 14 Nov. 1990

2 Hevero, Ivory Coast 8°28'43.70"N - 2°34'53.51"W 04 Nov. 2014 17 Nov. 2015 24 Nov. 2009 10 Dec. 1987

3 Bandoli, Ivory Coast 9°40'26.30"N - 3°45'19.45"W 03 Feb. 2014 08 Feb. 2014 21 Feb. 1998 04 Feb. 1986

South Sudan 1 Nagero 6°52'9.58"N - 28°4'50.36"E 22 Aug. 2016 29 Aug. 2015 26 Aug. 2008 13 Aug. 1987

2 Jambo 5°3'44.56"N - 30°45'11.28"E 03 Dec. 2015 18 Dec. 2015 15 Nov. 2000 25 Nov. 1986

3 Malakal 8°57'50.87"N - 31°32'40.74"E 12 June 2013 04 June 2013 14 June 2008 18 June 1992

Angola 1 Chimboa 12°55'34.47"S - 14°31'41.42"E 30 Jan. 2016 08 Feb. 2015 10 Jan. 2001 25 Feb. 1989

2 Calucinga 11°9'41.03"S - 16°27'9.83"E 13 June 2015 11 June 2015 09 June 2006 14 June 1989

Mozambique 1 Mantoanacala 14°30'18.10"S - 37°22'36.32"E 23 May 2015 23 May 2015 07 June 2006 10 June 1989

2 Holoco 13°18'30.96"S - 39°6'12.82"E 19 June 2013 10 June 2012 10 May 2004 09 May 1991

Antecedent images**
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6.2.2.2 Training and validation data selection 

The land cover classification was performed by applying a supervised approach. Supervised methods 

assign a land cover type label to each pixel by associating a set of accurately labelled training data 

(dependent variable) to a set of unknown (independent) variables (Egorov et al., 2015; Strahler et al., 

2006). The availability of reliable training data thus represents an essential prerequisite for accurate land 

cover mapping (Dimobe et al., 2015). Training data may be gathered in different ways, including field 

observations, image interpretation, or any other trusted information (Egorov et al., 2015). Given the 

unavailability of any ground or other trusted data, this study collated training points from visual 

inspection of VHR images freely available on GEE, as done in many studies (Bwangoy et al., 2010; 

Curtis et al., 2018; Dong et al., 2012; Hansen et al., 2008; Midekisa et al., 2017). GEE provides large 

volumes of data available at up to ca. 5 m level, yet these are generally near-contemporaneous only 

(from 2010 onwards, depending on the region) (Yu and Gong, 2012). For this reason, training data 

were gathered just for the most recent images, i.e., for the images were VHR data were available, and 

later, the classifier was applied to classify all images backwards into time. This is a common approach 

in time-series land cover mapping when training data are available only at a specific time or space 

(Gómez et al., 2016; Song et al., 2001; Strahler et al., 2006). However, as explained before, only SR data 

must be used given the constantly changing atmospheric conditions. Training points collected for the 

classification thus store per-class spectral features as defined by SR values, which in the Landsat 5 and 

Landsat 7 Tier 1 product are provided for channels 1, blue (0.45 - 0.52 µm), 2, green (0.52 - 0.60 µm), 

3, red (0.63 - 0.69 µm), 4, near-infrared (NIR) (0.77 - 0.90 µm), 5 and 7, shortwave infrared (SWIR) one 

and two (1.55 - 1.75 µm, 2.08 - 2.35 µm). Band 6 (brightness temperature, 10.40 - 12.50 µm) was not 

considered. 

Supervised approaches need training data to fully represent the classification problem. If this condition 

is not met, the classifier is not able to label the features unrepresented in the training set (Foody, 2004, 

2000). In other words, training data have to account for all the significant spectral heterogeneity 

existing both within and between classes (Egorov et al., 2015). No standard technique is yet available 

for training data collection, and its efficacy is generally affected by time constraints, ancillary data 

availability, computational and financial resources (Egorov et al., 2015; Gómez et al., 2016). This study 

collated training points based on the only use of VHR images available on GEE. To increase the 

accuracy of the training set, training points were gathered on SR scenes that were taken about the same 

day, month, and year of the VHR data. For this reason, no seasonal implications were considered, 

meaning that the reference time of the year for the classification was constrained to the availability of 

the VHR date. The use of ancillary data such as existing and validated global land cover products (e.g., 

ENVISAT Medium Resolution Imaging Spectrometer GlobCover at 300 m for 2009, MODIS Terra 

and Aqua MCD12Q1 v6 at 500 m) were initially considered, yet later excluded because of the annual 

temporal basis in which they are provided (and hence incomparable with the per-day scale applied 

here) and their coarser spatial resolution. 
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Training and validation points were not collected manually. Several polygons were drawn throughout 

each sub-area, and points were automatically and randomly generated by GEE within each polygon. 

This approach had the advantages of reducing the point data collection time and, more importantly, it 

enhanced the chance to fully represent the spectral heterogeneity of all land cover types. For each 71 

km2 sub-area, approximately 5,000 points were collected. This value was chosen because it was the 

maximum number of points that did not exhaust the available processing power (Intel® CoreTM i7-

6700 CPU (3.40 GHz)) (Abdi, 2020). This amount of samples allowed to have one point every 14,200 

m2, roughly corresponding to one point every 16 Landsat pixels (900 m2), and yielded an adequately 

dispersed point distribution across each sub-area. Some 75% of the 5,000 points (3,750) were used as 

training data and the remaining 25% (1,250) was used for validation, as generally recommended in 

previous land cover mapping studies (Midekisa et al., 2017; Tsegaye et al., 2010). Figure 6.2 shows two 

examples from West Africa and Mozambique of how a sub-area looks like after the 5,000 training 

points were generated across the ca. 71 km2 surface. 

Figure 6.2 Examples of the 5,000 training and validation point distribution across two classified sub-
areas. a, Mako, Senegal (West Africa). b, Holoco, Mozambique. The polygons are not shown to simplify the 
understanding of the maps. Green: tree cover; blue: short vegetation; red: bare ground. Screenshots are taken 
from GEE. VHR data belong to Google, DigitalGlobe, CNES/Airbus, Landsat/Copernicus. 

Figure 6.3 and figure 6.4 zoom in to a smaller portion of these sub-areas to have a closer look at the 

polygons and the GEE randomly generated points superimposed to the VHR images, the SR scene, 

and the SR-derived NDVI. As the figure show, bare ground polygons contain more points compared 

to tree cover and short vegetation pixels. This is because the surface conducible to bare ground was 

much smaller compared to tree cover and short vegetation in all sub-areas, and therefore less bare 

ground polygons were drawn. However, GEE equally divided the 5,000 training points across the three 

classes, thus creating a higher density of bare ground points in each polygon. Therefore, a first 

improvement to the JavaScript code would consist in creating a number of training points proportional 

to the extent of each land cover class, which would translate in handling more points in more extended 

8.4 km 8.4 km 



Chapter 6 

112 

classes, and fewer points in less extended classes. This approach was actually developed and tested on 

validation points. Balancing the number of validation points to the land cover class extent was 

considered a specifically appropriate assumption because the number of validation points is smaller 

than the number of training points (here 1,250 vs. 3,750). Therefore, 500 validation points were 

selected for both tree cover and short vegetation, and 250 points for bare ground. By doing so, more 

validation points were used to validate larger land cover classes, and fewer validation points were used 

in the less extended class. 

 
Figure 6.3 Polygons and GEE randomly created training points (Mako, Senegal). a, Polygons and 
training points superimposed the VHR image. b, Training points superimposed the VHR image. c, Training 
points superimposed the cloud-free and SLC-off free Landsat 7 SR scene. d, Training points superimposed the 
NDVI calculated from the Landsat 7 SR SLC-off free scene. Per-class polygons were drawn by looking both at 
the VHR image (a-b) and the SR scene (c). This was done using the transparency tool available on GEE. NDVI 
(d) was used as support information to better identify and train the different land cover types. Green: tree cover; 
blue: short vegetation; red: bare ground. No scale bar and north arrow are reported as the scope of these images 
is simply to show in more detail the procedure to create polygons ahead of the GEE random generation of 
training points. Screenshots are taken from GEE. VHR data belong to Google, DigitalGlobe, CNES/Airbus, 
Landsat/Copernicus. 
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Figure 6.4 Polygons and GEE randomly created training points (Holoco, Mozambique). a, Polygons 
and training points superimposed the VHR image. b, Training points superimposed the VHR image. c, Training 
points superimposed the cloud-free and SLC-off free Landsat 7 SR scene. d, Training points superimposed the 
NDVI calculated from the Landsat 7 SR SLC-off free scene. Per-class polygons were drawn by looking both at 
the VHR image (a-b) and the SR scene (c). This was done using the transparency tool available on GEE. NDVI 
(d) was used as additional information to better identify and train different land cover types. Green: tree cover; 
blue: short vegetation; red: bare ground. No scale bar and north arrow are reported as the scope of these images 
is simply to show in more detail the procedure to create polygons ahead of the GEE random generation of 
training points. Screenshots are taken from GEE. VHR data belong to Google, DigitalGlobe, CNES/Airbus, 
Landsat/Copernicus. 

Finally, while these two figures help to better understand how the tree cover, short vegetation, and 

bare ground classes were defined (see section 6.2.2.3), they highlight a further important aspect. The 

VHR images in the background show that, in some cases, a Landsat pixel may include a mix of feature 

(e.g., both short vegetation and tree cover) rather than just unique feature (i.e., tree cover only). In 

other words, a spatial resolution of 30 m can be coarse enough to encompass the presence of mixed 

pixels. Spectral mixture analysis (SMA) allows to better consider the sub-pixel heterogeneity between 

vegetation types and/or soil, particularly in arid and semi-arid environments, by assuming the spectrum 

of each pixel as a linear combination of a finite number of spectrally pure distinct signatures (i.e., 

endmembers) (Yang et al., 2012). Meaningful endmembers, together with appropriate spectral 

reflectance curves, can be defined using either the image (i.e., image endmembers) or pure in situ 

spectral observations (i.e., reference endmembers) (Yang et al., 2012). In addition, fuzzy classifiers 

could represent an alternative option. Fuzzy classification assigns gradual characteristic of pixels to 
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thematic classes measured as degrees that range from zero to one, which would give the flexibility to 

represent single pixels as a composition of more than one thematic class (Blanco et al., 2014). Mixed 

pixels were common in the training and validation points collection, yet the vast majority had one 

apparent and dominant class that accounted for the majority of the pixels (Curtis et al., 2018). 

Therefore, given also that fuzzy classifiers and SMA tools are not yet available on GEE, issues related 

to per-pixel spectral mixing were not considered. 

6.2.2.3 Classification 

The actual classification process consists of using training points to classify a given region of interests. 

This is made possible by classification algorithms. Amongst the wide range of classification algorithms 

available on GEE, the Classification and Regression Trees (CART), Random Forest (RF), and Support 

Vector Machine (SVM) were selected. This allowed assessing which algorithm better approximates the 

coarse spatial resolution results and comparing the performances of the three classification methods. 

CART is a decision tree (DT) method based on a binary iterative partitioning procedure (Breiman et 

al., 1984). Beginning from a root node, decision tree is a flow chart like structure where each internal 

node represents a test on an attribute (i.e., unclassified vs. training data), each branch denotes the 

outcome of the test that best divides its samples into further subsets, and each leave, or terminal node, 

holds a class label (Steinberg, 2009). Trees grow up to a maximal size, which corresponds to that stage 

where further splits are no longer possible because of data lack (e.g., this is the case of leaves remaining 

with a unique data value) (Bishop, 2006). Alternatively, the tree size can be reduced by pruning those 

branches that do not improve the overall classification power of the tree (Steinberg, 2009). While 

CART is a very simple, yet effective, method, it is however significantly sensitive to training data, 

meaning that small variations in the training data may cause strong differences in the number of 

subsets (Shelestov et al., 2017). A second problem related to DT algorithms is overfitting, which 

consists of the creation of over-complex trees that do not generalise data better. While pruning is one 

solution to avoid overfitting, RF was developed to tackle overfitting issues with the creation of a 

multitude of decision trees, and assuming that a large number of per-tree overfitting eventually 

averages out to zero. In RF algorithms, each tree is the result of a bootstrapped aggregated classifier. 

The bootstrapping technique creates various decision trees for each class using only a random number 

of training data (Brenning, 2009). The actual classification aggregates the predictions of all random 

variable trees, and classify each pixel with the class that received most votes from the forest (Breiman, 

2001). Lastly, SVM works by calculating the frontier, or hyperplane, that best segregates two classes 

(Bishop, 2006). SVM splits the data in the best way possible when it finds, via an iterative process, the 

hyperplane that is as far as possible from the closest of the sample points (Burges, 1998). These sample 

points are known as the support vectors, and their maximum distance from the hyperplane is 

calculated following the perpendicular direction to the hyperplane (Abdi, 2020). CART, RF, and SVM 

are the most established supervised land classification methods within the remote sensing community 

because they can handle categorical features well (Johansen et al., 2015), and a wealth of land cover 
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mapping investigations have used these techniques both within the GEE environment or utilising 

other remote sensing software (Koskinen et al., 2019; Shelestov et al., 2017). 

For a direct and effective comparison with the 25 km spatial resolution results, the land cover 

classification was developed using the same classes of the VCF by Song et al. (2018), namely tree cover 

(TC), short vegetation (SV) and bare ground (BG), as similarly done in previous studies (Wigley et al., 

2010). Identifying the tree cover class was straightforward in each sub-area, and it was here defined as 

areas covered or mostly covered by trees. Bare ground was defined as any unvegetated surface, 

including rocks, sand, or villages. The short vegetation class was defined as any land cover type 

intermediate to tree cover and bare ground, i.e., any tree-free and non-bare grounded surfaces (see 

figure 6.3. and figure 6.4). For instance, this may refer to both perennial and non-perennial grasslands, 

savannas, or deforested regions. The short vegetation class may thus include also non-strictly green 

areas that were yet unclassifiable as bare ground. In turn, this caused the spectral signature to be more 

heterogeneous than tree cover and bare ground, depending on the level of greenness of a given area. 

To a small extent, cropland areas may also be included in the short vegetation class. In fact, albeit 

croplands were initially masked at the nominal spatial resolution of the Ellis et al. (2010) rangeland map 

(i.e., 8 km), these were later partially reintroduced as the analysis was performed at 25 km spatial 

resolution (see section 3.2.1.1). A few sub-areas were characterised by the presence of burned areas. 

These were classified in the same class in which they occurred (i.e., a burned area in the short 

vegetation class was trained and classified as short vegetation). This condition was not common as sub-

areas with large burned surfaces were discarded because they would have significantly affected the 

spectral signature of different land cover types, and because they did not represent the focus of this 

land cover change assessment (burned areas were visually evaluated loading band 7 in channel 1, band 

5 in channel 2 and band 4 in channel 3, or using false colour composite images). 

To perform a consistent and robust 30-year 30 m spatial resolution land cover change assessment for 

the rangelands of Africa, only arbitrarily selected sub-areas satisfying the following three criteria 

simultaneously were classified (figure 6.5): 

i. Are VHR data for the selected sub-area available? VHR data in a selected rangeland must be 

available to get reliable training and validation points. 

ii. Are Landsat SR scenes available for that selected sub-area? As explained above, VHR images 

in GEE are generally available from 2010 onwards, and therefore, training data were collected 

only for the most recent images. Because GEE provides the day, month, and year of the VHR 

image, only SR scenes of the selected sub-area taken in the same day, month, and year of the 

VHR image were selected for classification. The classification is accurate only if training data 

are collected on a scene that was taken approximately on the same day of the VHR images. 

However, two major issues occurred. First, the Landsat 7 ETM+ scan line corrector (SLC) 

failed in May 2003, reducing the usable data in each SLC-off scene of ca. 22% (Roy et al., 

2008). Although Landsat 8 is available from 2013 onwards, it was not considered because of 
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the slightly different per-channel wavelength range, and due to the different algorithm (Land 

Surface Reflectance Code, LaSRC, instead of the LEDASP) that was applied to retrieve the SR 

(USGS, 2019a, 2019b). Only rangelands occurring in areas unaffected by SLC-off were 

selected. The second issue relates to the poor availability in cloud-free images at a given time 

and location. If no cloud-free SR scene were available, a buffer of either ca. ±1 month 

(avoiding season-shifts) or ±1 year was applied to increase the possibility of retrieving a usable 

cloud-free SR scene. 

iii. Are Landsat SR scenes available in the selected sub-area also at the beginning and in the 

middle of the time-series? SR scenes must be available in the selected sub-area at the same date 

also at antecedent times (i.e., beginning and middle) of the time-series. Landsat 5 was here 

prioritised to avoid dealing with SLC-off issues and, therefore, increase the chance of suitable 

Landsat data. However, cloud cover still hampered Landsat data availability. As in condition 

two, if no suitable cloud-free Landsat SR scene were available, a buffer of ca. 1± month/year 

was applied. Also, a careful check of both Landsat 4 and Landsat 5 archives in the very early 

part of the time-series (i.e., 1982-1985) reveals that no cloud-free images were available in any 

of the sub-areas where the subsequent 1986-2015 Landsat availability was good (i.e., in those 

sub-areas where the three conditions were met). Therefore, the land cover change analysis had 

to be slightly restricted from 1986 to 2015 (depending on the sub-area). 

These three conditions strongly restricted the rangeland areas where it was possible to perform the 

land cover change analysis, as these were rarely met simultaneously. While VHR images were fairly 

abundant in many areas, the main limiting factors were represented by the ETM+ SLC failure and the 

poor number of cloud-free images at specific days/months. Landsat data availability is known, in fact, 

to be less than desirable in many areas of Africa (Roy et al., 2010). This is particularly the case of 

humid regions, where clouds, haze, and shadows reduce the amount of available observation both 

between and within years (Gómez et al., 2016). One solution to improve non-regular coverage due to 

the SLC failure and cloud cover consists of creating best-available-pixel (BAP) composites, that is 

mosaics of best-available per-pixel SR observations collated during different time intervals (White et 

al., 2014). However, missing values in BAP images is still frequent, particularly at short time scales (e.g., 

weekly, seasonal) (Yan and Roy, 2014), and most of compositing applications refer to annual or multi-

annual periods (Gómez et al., 2016). Because the land cover change analysis was here computed on a 

near-per-day basis, images compositing was not considered a viable option. Alternatively, data gaps can 

be filled with ancillary information from other datasets (e.g., MODIS), yet issues do arise due to the 

generally different spatial resolutions (Gao et al., 2006; Hilker et al., 2009). Therefore, the likelihood of 

localising an area satisfying all the three conditions was increased by classifying small sub-areas rather 

than larger or the entire climatic- and non-climatic-driven rangelands. While climatic-driven rangelands 

of southern Africa, Chad, and western Sahel had very limited availability in sub-areas suitable for the 

analysis, non-climatic-driven rangelands of West Africa, South Sudan, Angola, and Mozambique 
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Figure 6.5 Flow chart showing the three conditions set ahead of the land cover classification. To be 
consistently classified, each sub-area had to satisfy these three conditions simultaneously. Once a selected sub-
area showed availability in VHR data to collate training points (condition 1), Landsat SR scenes at the end of the 
time-series must match the day, month, and year of the VHR image (condition 2). Later, images at the beginning 
and in the middle of the time-series must be available at ca. the same day and month of the VHR image 
(condition 3). (Acronyms are in Definitions and Abbreviations and in the text). 

showed more flexibility in regards to locations (i.e., ten) where the three conditions were 

simultaneously met and, therefore, where it was possible to perform the land cover change analysis. 

For this reason, only non-climatic-driven rangelands were classified. However, both greening (West 

Africa and South Sudan) and browning (Angola and Mozambique) regions were still represented in the 

land cover change assessment. The standard value of ca. 71 km2 was selected because, overall, this 

resulted to be the common surface extent where the three conditions were satisfied across all the thirty 

Landsat SR scenes (i.e., some scenes could have been classified over more than 71 km2, yet this extent 

was kept as a reference value for consistency in the presentation of the results). 

Land cover mapping
applying CART, RF, and SVM algotihms

CONDITION 3
Cloud free Landsat SR scene available at the

beginning and in the middle of  the time-series
at ca. the same day and month of  the VHR images

CONDITION 2
SLC-off  free and cloud free Landsat SR scene
available at ca. the same day, month, and year

of  the VHR images

CONDITION 1
VHR images available for the selected sub-area

Arbitrary selection of  a sub-area within
climatic- and non-climatic-driven rangelands

YES

YES

YES

 

NO

NO
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6.2.2.4 Accuracy assessment 

The accuracy assessment, that is evaluating the agreement between a value that is considered as correct 

and a value of unknown quality (Campbell and Wynne, 2011), is needed to assess the quality of the 

classification process (Lu and Weng, 2007). While a standard best accuracy assessment method does 

not exist (Strahler et al., 2006), the most common tool is the confusion or error matrix, which consists 

in a cross-tabulation between the class label as defined in the training data and the one defined by the 

classification algorithm (Stehman, 1997; Strahler et al., 2006). A confusion matrix reports the per-class 

classification accuracy using both errors of exclusion and errors of inclusion (Congalton, 1991). Errors 

of exclusion (also known as omission error or producer accuracy), refers to the amount of training data 

that were omitted from the correct class in the classified image, while errors of inclusion (commission 

error or user accuracy), refers to pixels classified as a class that does not belong to that class in the 

training data (Boschetti et al., 2004). Two further quantitative metrics can be retrieved from the 

confusion matrix. First, the overall accuracy is the most popular and simplest accuracy evaluation, and 

it is calculated by dividing the total amount of correctly classified pixels (i.e., the sum of the matrix 

diagonal) by the total number of pixels of the confusion matrix (Congalton, 1991). Second, the kappa 

coefficient, which assesses how well the classification is compared to a randomly performed 

classification (Cohen, 1960). While this study calculated and presented overall, producer and user 

accuracies, the kappa coefficient was not considered. As many seminal studies explained, randomness 

is not a reasonable approach when a map is created with training points (Pontius and Millones, 2011). 

In addition, the kappa coefficient overestimates the probability that the agreement between classified 

and unclassified values occurs by chance, causing the classification accuracy to be underrepresented 

(Foody, 1992; Strahler et al., 2006). Finally, the kappa coefficient is broadly related to the overall 

accuracy, meaning that reporting both would be redundant (Liu et al., 2007; Olofsson et al., 2014). 

Training points were collected only for the most recent images because the availability of VHR data is 

near contemporaneous only. Given the lack of VHR images, reliable training points for antecedent 

images could not be gathered based on the spatial resolution of the Landsat spectral reflectance data 

(i.e., 30 m). For this reason, antecedent images were not validated. However, to validate these images, 

an alternative post-classification accuracy assessment was developed. In each sub-area, approximately 

50 pixels for both the TC and SV classes, and 10 pixels for BG class were selected in each year (i.e., 

earliest, middle, and most recent image) and each classification algorithm (i.e., CART, RF, and SVM). 

Where available, this pixel selection process included invariant targets (e.g., persistent forest patches, 

rocks) to check that their SR signature did not change over time. The spectral SR profile of a class 

considered as correct (i.e., derived from training data collated from the VHR image) was plotted 

against SR profile pixels of the same class as defined by the three different classification algorithms 

where no training data were available. In other words, spectral signatures of the classes in the most 

recent images were compared with spectral signatures of the same classes as classified in the antecedent 

images. The degree of accordance, and hence the consistency of the classification, was quantitatively 

evaluated calculating the Pearson’s correlation coefficient (r) between the average spectral signature of 
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per-class pixels classified with training points (i.e., most recent image) and the average spectral 

signature of per-class pixels classified with no training points (i.e., earliest and middle images). 

6.2.3 Changes in Landsat-derived NDVI 

The Landsat SR scenes used for the classification were also exploited to calculate changes in 30 m 

spatial resolution NDVI. For each classified sub-area, GEE was used to calculate the NDVI for the 

oldest and most recent Landsat images. Then, NDVI values smaller than 0.1 were removed to account 

for spurious signals due to soil-vegetation spectral mixing (as done in the pre-processing of the 

GIMMS NDVI data) (see section 3.3.1). Finally, the per-pixel NDVI difference between the two SR 

scenes (ΔNDVI = NDVIold – NDVIrecent) was then calculated to assess whether greening and 

browning trends observed at 25 km spatial resolution were reproducible at 30 m spatial resolution. A 

positive NDVI difference informs that NDVI in the oldest image was higher than the NDVI in the 

most recent image (i.e., browning). Vice versa, a negative NDVI difference refers to increasing NDVI 

over time (i.e., greening). Importantly, the NDVI difference was used to evaluate the existence of any 

potential relation between changes in the land cover type and changes in NDVI at 30 m spatial 

resolution. 

6.3 Results 

6.3.1 Trends in tree cover, short vegetation, bare ground, and vegetation optical depth 

Climatic-driven rangelands (figure 6.6a) of western Sahel and Chad showed similar patterns in all 

indicators. Increasing NDVI could be associated with an overall increase in tree cover (both 3.8%), 

VOD (7.5% and 8.7%), and short vegetation (both 2.7%). Unsurprisingly, trends in the bare ground 

cover counterbalanced these changes decreasing 5.3% and 5.0% respectively. In southern Africa, the 

agreement between the vegetation datasets was less clear. While NDVI (+5.0%), VOD (+11.9%) and 

short vegetation (+2.3%) showed positive trends, tree cover showed no overall change (-0.6%) during 

1982-2015. These discrepancies may reflect dynamics in shrub vegetation, which are part of both the 

VOD and short vegetation signals but not captured by tree cover. Similar to western Sahel and Chad, 

bare ground cover in southern African rangelands decreased during 1982-2015 (2.1%). 

Significant differences were found in the non-climatic-driven rangelands (figure 6.6b). The non-

climatic greening of West Africa and South Sudan was also associated with increasing woody cover, as 

shown by positive trends in both tree cover (4.9% and 5.8%) and VOD (4.9% and 4.8%). However, 

unlike in climatic-driven rangelands, a clear decline in short vegetation was observed during 1982-2015 

(3.2% and 3.3%). Bare ground also decreased in both regions (3.6% and 5.0% respectively). Changes in 

woody cover were also responsible for the observed non-climatic browning in the rangelands of 

Angola and Mozambique. In fact, changes in tree cover were in line with trends in VOD for 

Mozambique (-4.8% vs. -3.1%), yet in Angola, these showed different change-rates (-3.4% vs. -0.5%) 
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possibly because of the slightly different time frames. Noticeably, trends in short vegetation were 

positive in both regions (3.4% and 4.7%), while the increase in bare ground was weaker in Angola 

(0.9%) than Mozambique (3.1%). 

Figure 6.6 Explaining changes in the woody and herbaceous component of the vegetation. a, 
Climatic-driven rangelands. b, Non-climatic-driven rangelands. Each bar plot shows the slope of the regression 
of standardized anomalies for NDVI, TC, VOD, SV, and BG, calculated only considering the climatic-driven (a) 
and non-climatic-driven (b) GIMMS NDVI3g.v1 pixels of western Sahel, Chad, and southern Africa (figure 
5.3a,b), and West Africa, South Sudan, Angola, and Mozambique (figure 5.3c,d). Black lines indicate standard 
errors (no significant mask was applied). Overall, an increase in all vegetation types was observed in climatic-
driven rangelands (a), while non-climatic-driven rangelands showed decreasing short vegetation and increasing 
woody vegetation in West Africa and South Sudan (non-climatic greening), or both decreasing woody vegetation 
and increasing short vegetation in Angola and Mozambique (non-climatic browning) (b). (Refer to appendix H 
for the full z-score time-series of vegetation, climate, and modelled data in all the climatic- and non-climatic-
driven rangelands). Colours are as in figure 5.3, i.e., turquoise indicates vegetation greening, red indicates 
vegetation browning. 

6.3.2 Land cover change analysis 

6.3.2.1 Accuracy assessment 

While the full confusion matrixes, together with producer and user accuracies, are reported in appendix 

I, table 6.2 summarises the accuracy assessment computed for each classified sub-area by showing 

errors of omission and commission, and overall accuracy. Because high-resolution images, and 

therefore training data, were available only for the most recent images, these were the only validated 

land cover maps. Overall, errors of omission and commission resulted to be similar in all sub-areas, 

and significantly small (generally smaller than 20%). Consequently, the overall accuracy was high, and 

never lower than 80%. This is because each sub-area was characterised by a high density in training 

points (i.e., 3,750 training and 1250 validation points across 71 km2), because of the relatively small 

(three) number of classes that reduced the chance of misclassification, and thanks to the VHR data (up 

to 5 m) available on GEE. The lowest overall accuracy was calculated in two SVM sub-areas (table 6.2, 
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Table 6.2 Summary of the accuracy assessment for the non-climatic-driven rangelands of West 
Africa and South Sudan (greening), and Angola and Mozambique (browning). Errors of omission and 
commission resulted to be significantly small and similar amongst the land cover maps as estimated by the 
different classification algorithms. Two areas showed lower-than-average overall accuracy (OA), i.e., Hevero, 
Ivory Coast (West Africa, sub-area 2), and in Jumbo, South Sudan (sub-area 2) (highlighted in yellow), where 
misclassification between tree cover and short vegetation occurred. Only the most recent images were validated 
(2014, 2015, 2014 West Africa; 2015, 2015, 2013 South Sudan; 2015, 2015 Angola; 2015, 2012 Mozambique). 
Refer to appendix I for full confusion matrixes. Colours are as in figure 5.3, i.e., turquoise indicates vegetation 
greening, red indicates vegetation browning. 

cells highlighted in yellow), which were those sub-areas showing the highest differences with both 

CART and RF classification outputs. This is unsurprising considering that CART and RF work with a 

similar logic that is different from other machine learning methods such as SVM. It is worth noting 

that both these areas belonged to the greening regions. In fact, misclassification may be higher across 

greening sub-areas possibly because of the overall increasing similarity that may exist between tree 

TC SV BG TC SV BG TC SV BG

Er. omission 0.0 5.4 6.0 Er. omission 0.0 3.4 13.3 Er. omission 0.0 1.8 0.0
Er. commission 0.6 3.7 9.4 Er. commission 0.0 7.6 7.5 Er. commission 1.2 0.0 1.2
OA 96.4 OA 95.4 OA 99.3

Er. omission 2.4 15.4 4.3 Er. omission 1.2 11.6 4.0 Er. omission 3.2 21.6 16.7
Er. commission 13.6 5.6 0.0 Er. commission 10.5 3.9 0.0 Er. commission 18.2 14.4 0.0
OA 91.8 OA 93.9 OA 86.1

Er. omission 0.0 1.2 4.7 Er. omission 0.0 0.0 15.7 Er. omission 0.0 1.6 10.0
Er. commission 1.2 2.8 0.0 Er. commission 0.0 8.6 0.0 Er. commission 0.8 5.7 1.8
OA 98.4 OA 96.2 OA 97.0

Er. omission 2.8 1.8 20.0 Er. omission 2.2 5.0 20.0 Er. omission 2.8 3.0 13.3
Er. commission 1.8 12.3 2.6 Er. commission 4.9 12.4 2.1 Er. commission 1.8 9.2 5.0
OA 93.4 OA 92.3 OA 94.5

Er. omission 2.8 7.6 9.3 Er. omission 1.2 8.4 7.3 Er. omission 0.6 37.0 17.3
Er. commission 7.3 8.3 0.0 Er. commission 7.8 5.8 0.0 Er. commission 27.1 14.9 0.0
OA 93.6 OA 94.4 OA 80.8

Er. omission 0.0 2.8 0.3 Er. omission 2.8 2.8 0.3 Er. omission 0.6 2.6 10.0
Er. commission 2.7 0.2 0.0 Er. commission 2.2 3.0 1.2 Er. commission 2.4 6.3 0.5
OA 98.8 OA 97.7 OA 96.3

Er. omission 0.0 1.6 0.0 Er. omission 0.0 0.2 0.0 Er. omission 0.0 1.6 0.0
Er. commission 1.4 0.0 0.4 Er. commission 0.2 0.0 0.0 Er. commission 0.6 0.0 2.0
OA 99.4 OA 99.9 OA 99.4

Er. omission 0.2 0.4 0.0 Er. omission 0.2 0.2 3.0 Er. omission 0.0 2.0 9.7
Er. commission 0.0 0.2 0.8 Er. commission 0.2 2.0 0.0 Er. commission 2.0 5.6 0.0
OA 99.8 OA 99.1 OA 96.9

Er. omission 0.2 0.8 8.7 Er. omission 1.2 1.2 18.3 Er. omission 0.0 0.4 1.0
Er. commission 0.6 5.2 0.4 Er. commission 0.8 11.0 1.0 Er. commission 0.4 0.6 0.0
OA 97.5 OA 94.6 OA 99.6

Er. omission 2.0 0.4 0.0 Er. omission 0.4 0.2 0.0 Er. omission 0.6 3.6 12.7
Er. commission 0.2 2.0 0.4 Er. commission 0.0 0.4 0.4 Er. commission 1.0 7.8 5.8
OA 99.0 OA 99.8 OA 95.3
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cover and short vegetation spectral signature (e.g., tree cover pixels misclassified as thick green 

grassland pixels), which caused the two classes to be not always clearly distinguishable and, hence, 

difficult to classify with no training data. Other misclassification examples included bare ground vs. dry 

short vegetation or bare ground vs. burned short vegetation, yet the latter was not common as sub-

areas with extended burned areas were excluded. The two greening regions are Hevero, Ivory Coast 

(West Africa, sub-area 2), which featured an overall accuracy of 86.1% (108 out of 500 SV validation 

pixels considered as TC and 50 out 250 BG validation pixels considered as SV), and Jumbo, South 

Sudan (sub-area 2), where the overall accuracy was 80.8% (185 out of 500 SV validation pixels 

considered as TC and 52 out 250 BG validation pixels considered as SV) (see table I.1). On the other 

hand, browning regions, dominated by decreasing tree cover likely driven by anthropogenic tree 

clearance, tree cover and short vegetation were more sharply distinct. In turn, this made also the 

spectral signatures to be more unique, thus easing the classification process where no training data 

were available (i.e., low misclassification). Therefore, because Angola and Mozambique did not have 

such spectral similarity issues, they showed no overall accuracy values lower than 94% (see table I.2). 

The accuracy assessment developed to validate the untrained antecedent images (i.e., degree of 

accordance as indicated by the Pearson’s correlation coefficient calculated between the average spectral 

signature of per-class pixels classified with training points vs. the average spectral signature of per-class 

pixels classified with no training points) revealed the existence of a good agreement between same-

class pixels as classified at different times and by different algorithms (overall r ≥ 0.96, p < 0.001) 

(figure 6.7). The tree cover (figure 6.7a) and bare ground classes (figure 6.7c) showed more consistent 

spectral signatures compared to the short vegetation class. This is because tree cover (r = 0.973, p < 

0.001; average) and bare ground (r = 0.983, p < 0.001; average) represented pure-type classes, while 

short vegetation ranged from green to brown tree-free and non-bare land surfaces. Therefore, the 

spectral signature of the short vegetation class varied from the typical green vegetation spectrum shape 

to a brown/yellow vegetation spectrum shape (figure 6.7b). However, this aspect was not fully 

captured in the Pearson’s correlation coefficient because this was calculated on the average spectral 

reflectance value of the selected short vegetation pixels. In other words, the average green to 

brown/yellow vegetation spectral reflectance from the most recent image is still highly correlated with 

the average green to brown/yellow vegetation spectral reflectance from the antecedent images. 

Therefore, the Pearson’s correlation coefficient is still significantly high (r = 0.97, p < 0.001; average). 

The 1987 SVM sub-area of Hevero, Ivory Coast (West Africa) was not included in this validation 

because of the unrealistic estimated extent in bare ground (see section 6.3.2.2 and figure J.2). 
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Figure 6.7  Sample examples of per-pixel spectral signature. a, Tree cover in Bandoli, Ivory Coast (West 
Africa). b, Short vegetation in Chimboa, Angola. c, Bare ground in Holoco, Mozambique. The spectral signature 
of tree cover (r = 0.973, p < 0.001; average) (a) and bare ground (r = 0.983, p < 0.001; average) (c) resulted to be 
consistent at different times and for the different classification algorithms. Because the short vegetation consisted 
of more heterogeneous green-to-brown grass-like land surfaces, the spectral signature was also consequently 
more heterogeneous, ranging from the classic vegetation spectrum shape to a brown vegetation spectrum shape. 
However, the Pearson’s correlation coefficient is still as high as the TC and BG ones (r = 0.97, p < 0.001; 
average) because this was calculated on the spectral reflectance average of the selected short vegetation pixels (b). 
While these figures show the spectral reflectance profile of just some pixels to simplify the clarity and 
understanding of the image, the Pearson’s correlation coefficient in each plot refers to all pixels considered in this 
post-classification accuracy assessment. For example, the r calculated for the TC class as classified by the CART 
algorithm in Bandoli (a) refers to the average spectral reflectance profile of 50 TC pixels (most recent image) vs. 
the average spectral reflectance profile of 100 TC pixels (earliest and middle images). Landsat 5 and 7 Tier 1 
bands are defined as follow: B1, blue (0.45-0.52 µm); B2, green (0.52-0.60 µm); B3, red (0.63-0.69 µm); B4, near-
infrared (0.77-0.90 µm); B5 and B7, shortwave infrared one and two (1.55-1.75 µm, 2.08-2.35 µm). 

6.3.2.2 Classification 

This section reports a synopsis of the key results for each of the ten classified sub-areas. The full 

results (percentage and surface extent changes) and the land cover map collection are presented for 

each sub-area in appendix J. 
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In Mako, Senegal (West Africa, sub-area 1), the three classification algorithms all showed consistent 

results, that is an increase in tree cover and a decrease in short vegetation between 1990 and 2014. Bare 

ground covered smaller areas compared to tree cover and short vegetation, yet it still shrank over time 

(figure 6.8a). Less agreement was observed in Hevero, Ivory Coast (West Africa, sub-area 2) (figure 

6.8b). While CART and RF algorithms showed no overall variation in the extent of all land cover type 

during 1987 and 2015, more oscillations were observed in the 2009 (i.e., middle image), with CART 

estimating large extent in tree cover, and high and small extent in short vegetation (i.e., the opposite of 

RF). The SVM tree cover estimations were overall similar to CART and RF, yet significant differences 

emerged in short vegetation (steady strong increase) and bare ground (large extents in 1987 and small 

extents in both 2009 and 2015). Given the similar bare ground estimations of CART and RF for 1987, 

and considering the small bare ground extent estimated by all the three algorithms in 2009 and 2015, it 

is unlikely that this land cover type was as extended as estimated by SVM in 1987. A similar conclusion 

cannot be drawn for short vegetation, where the extents estimated by the three algorithms showed 

comparable magnitudes. The third sub-area classified in West Africa (Bandoli, Ivory Coast) (figure 

6.8c) showed similar results to Mako, Senegal (West Africa, sub-area 1). CART and SVM produced 

similar outputs in all land cover types between 1986 and 2014, that is increased tree cover and 

decreased short vegetation (no significant extent and change in bare ground), while RF largely 

estimated unchanged areas for both tree cover and short vegetation (short vegetation prevailing over 

tree cover). In sum, West Africa showed an increase in tree cover and a decrease in short vegetation 

over time. Overall, tree cover seemed to replace short vegetation, except for Bandoli (sub-area 3). 

 
Figure 6.8 Per-land cover class extent as estimated by the three classification algorithms in West 
Africa. a, Mako, Senegal (1990, 2006, 2014). b, Hevero, Ivory Coast (1987, 2009, 2015). c, Bandoli, Ivory Coast 
(1986, 1998, 2014). Overall, increasing tree cover (TC, green) and decreasing short vegetation (SV, blue) occurred 
in Mako, Senegal (a), and Bandoli, Ivory Coast (c). Discordant results were observed in Hevero, Ivory Coast (b), 
particularly regarding short vegetation and bare ground (BG, red). Dashed lines were plotted to help to indicate 
the overall direction of change for each land cover type. (See figure J.1-J.3). 
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Both sub-area 1 (Nagero) (figure 6.9a) and sub-area 3 (Malakal) (figure 6.9c) classified in South Sudan 

showed a significant increase in tree cover and a significant decrease in short vegetation. The bare 

ground cover, less extended compared to the two other classes, follow the negative changes observed 

for short vegetation. These resulted were effectively shown by all three classification algorithms. The 

difference between these two areas refers to the presence of a steady increase in tree cover and a steady 

decrease in short vegetation in Nagero, while Malakal showed a peak in tree cover (and lowest extent 

in short vegetation) in 2008, which then decreased (increased in short vegetation) in 2013. In Jumbo, 

South Sudan (sub-area 2), the three classification algorithms did not estimate significant changes in all 

land cover types (figure 6.9b). Tree cover dominated the landscape during the entire time-series (peak 

extents in 2000). Short vegetation counterbalanced the tree cover, covering only small portions of the 

sub-area and reaching its minimum extent in 2000. Bare ground was always estimated as smaller than 

0.50 km2. In sum, South Sudan results were very similar to West Africa, with increasing tree cover and 

decreasing short vegetation. However, tree cover did not dominate the landscape at all times. 

 
Figure 6.9 Per-land cover class extent as estimated by the three classification algorithms in South 
Sudan. a, Nagero (1987, 2008, 2015). b, Jambo (1986, 2000, 2015). c, Malakal (1992, 2008, 2013). As in West 
Africa, tree cover (TC, green) overall increased while short vegetation (SV, blue) decreased. This evidence was 
particularly clear in Nagero (a) and Malakal (c), while Jumbo did not undergo significant land cover changes over 
time, with tree cover predominant over both short vegetation and bare ground (BG, red) (b). Dashed lines were 
plotted to help to indicate the overall direction of change for each land cover type. (See figures J.4-J.6). 

Both sub-areas classified in Angola revealed a decrease in tree cover and an increase in short vegetation 

(no significant presence of bare ground was estimated in both regions). These changes in the land 

cover were less evident in Chimboa (sub-area 1) (figure 6.10a) than in Calucinga (sub-area 2) (figure 

6.10b). As for South Sudan, these results were consistently shown by all classification algorithms. 
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Figure 6.10 Per-land cover class extent as estimated by the three classification algorithms in 
Angola. a, Chimboa (1989, 2001, 2015). b, Calucinga (1989, 2006, 2015). While decreasing slightly, tree cover 
(TC, green) dominated the landscape in Chimboa during 1989-2015 (a). Instead, Calucinga showed a strong 
decrease in tree cover and an increase in short vegetation (SV, blue) (b). Significant bare ground extents (BG, 
red) was estimated by none of the classification algorithms. Dashed lines were plotted to help to indicate the 
overall direction of change for each land cover type. (See figures J.7 and J.8). 

The classification of the two sub-areas of Mozambique (figure 6.11) produced similar results as 

obtained in Angola, that is increased in tree cover, decreased in short vegetation, and negligible extents 

and changes in bare ground cover. Also in this case, these land cover changes were more pronounced 

in one sub-area (Holoco, sub-area 2), and were consistently reproduced by all three classification 

algorithms. Compared to Angola, the two sub-areas in Mozambique showed steady variations in both 

tree cover (negative) and short vegetation (positive). 

 
Figure 6.11 Per-land cover class extent as estimated by the three classification algorithms in 
Mozambique. a, Mantoanacala (1989, 2006, 2015). b, Holoco (1991, 2004, 2012). Both regions showed a 
decrease in tree cover (TC, green) and an increase in short vegetation (SV, blue), yet this was more evident in 
Holoco (b) than Mantoanacala (a). Significant bare ground extents (BG, red) was estimated by none of the 
classification algorithms. Dashed lines were plotted to help to indicate the overall direction of change for each 
land cover type. (See figures J.9 and J.10). 

A common aspect of all classified sub-areas refers to the strong similarity existing amongst the per-lass 

land cover extent estimated in the most recent classified images. In other words, the availability of 
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training points collated from VHR data allowed to produce extremely similar results with all three 

classification algorithms (i.e., low misclassification). Differences progressively increased in older 

images, as no VHR images, and therefore training points, were available (i.e., higher misclassification). 

As explained before, this was most evident across greening sub-areas possibly because of the overall 

increasing similarity between tree cover and short vegetation spectral signature, while browning sub-

areas, where the three classes were sharply distinct, showed nearly no misclassification (see appendix J). 

Misclassification would be reduced with the availability of training points also for antecedent images, 

yet this would be possible, for instance, by purchasing expensive VHR images from private providers, 

or obtaining ground truth data from other universities or local councils and organizations (if available). 

6.3.3 Changes in Landsat-derived NDVI 

The change detection method applied on 30 m spatial resolution NDVI data was not aimed at 

quantifying how much the NDVI changed from the oldest to the most recent image, but rather to 

assess whether there was an overall increase (i.e., greening) or decrease (i.e., browning) in NDVI 

between the two images. The NDVI difference calculated between the oldest and most recent image 

(ΔNDVI = NDVIold – NDVIrecent) revealed the presence of greening in West Africa and South Sudan 

(figure 6.12) and browning in Angola and Mozambique (figure 6.13). West Africa and South Sudan 

showed the predominance of negative differences in NDVI, meaning that the NDVI in the most 

recent images was higher than the NDVI in the oldest image. Vice versa, Angola and Mozambique 

were largely characterised by the presence of positive differences in NDVI, implying that NDVI in the 

most recent images was lower than the NDVI in the oldest image. Exceptions related to Jumbo, South 

Sudan (sub-area 2), were browning strongly prevailed over greening, and, yet to a lesser extent, 

Chimboa, Angola (sub-area 1), where greening and browning appeared to be equally represented. 
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Figure 6.12 Changes in Landsat-derived NDVI in West Africa and South Sudan. Differences in 
NDVI were calculated between the earliest and most recent images. Greening trends were largely observed in all 
sub-areas, but in South Sudan sub-area 2 (Jumbo), were browning prevailed. This result confirmed the greening 
of the vegetation indicated by the GIMMS NDVI3g.v1 analysis at coarse spatial resolution. (Before computing 
the difference between the oldest and most recent image, NDVI values smaller than 0.1 were removed to 
account for spurious signals due to soil-vegetation spectral mixing). 
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Figure 6.13 Changes in Landsat-derived NDVI in Angola and Mozambique. Differences in NDVI were 
calculated between the earliest and most recent images. Unlike West Africa and South Sudan, browning mostly 
dominated these four sub-areas. Only in Angola sub-area 1 (Chimboa), the extent of greening and browning 
resulted to be more balance distributed. Noticeably, browning occurred in those pixels where the short 
vegetation replaced tree cover (see figure J.7). This result confirmed the browning of the vegetation indicated by 
the GIMMS NDVI3g.v1 analysis at coarse spatial resolution. (Before computing the difference between the 
oldest and most recent image, NDVI values smaller than 0.1 were removed to account for spurious signals due to 
soil-vegetation spectral mixing). 

6.4 Discussion 

This chapter investigated how the vegetation compositions across the climatic- and non-climatic-

driven rangelands changed during 1982-2015, and suggests what consequences these changes may have 

on people’s livelihood. Changes in the vegetation composition are characterised as changes in tree 

cover, short vegetation, and bare ground. These were evaluated at coarse spatial resolution (i.e., 25 

km), as informed by the analysis of both optical (i.e., NDVI and VCFs) and microwave (i.e., VOD) 

remote sensing data, and at high spatial resolution (i.e., 30 m) through a land cover change assessment 

performed on a collection of Landsat SR scenes. 
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6.4.1 Vegetation composition in the climatic-driven rangelands 

Climatic-controlled rangelands of western Sahel, Chad, and southern Africa were all characterized by 

an increase in vegetation greenness (i.e., NDVI) over time. In western Sahel and Chad, this greening 

not only responded to positive changes in woody vegetation, as indicated by both VOD and tree 

cover, but also to positive trends in short vegetation. However, the VOD and tree cover signals 

prevailed over the short vegetation one, suggesting that the greening observed here was more driven 

by the encroachment of woody rather than grassy plants, as shown by recent studies (Anchang et al., 

2019; Brandt et al., 2016b, 2015; Song et al., 2018). The observed expansion of woody and short 

vegetation likely replaced unvegetated rangeland surfaces, as suggested by the presence of negative 

trends in bare ground observed in both regions between 1982 and 2015 (Song et al., 2018). While most 

of the early 2000s studies linked the re-greening of Sahelian ecosystems to increasing water availability 

with no specific mention to woody vegetation, recent studies have specifically related greening trends 

of the Sahel to an increase in woody cover. Brandt et al. (2016a), for instance, calculated an increase in 

woody cover trends for the entire Sahel during 2000-2014, with strongest rates of increase in the 

sparsely populated Sahel, i.e., in rangelands (see also Kaptué et al. (2015)). Importantly, these results 

are based not only on dry season NDVI (calculated from MODIS satellite imagery at 500 m spatial and 

8 day temporal resolutions) used as a proxy of woody cover, but also on 178 ground-based woody 

cover observations taken from 77 sites across Niger, Senegal and Mali (Brandt et al., 2016a). Therefore, 

the results presented in this study are in good agreement also with ground measurements of woody 

cover across the Sahel. Similar evidence of greening due to woody plant expansion was obtained by 

Brandt et al. (2015), who used again a combination of long-term satellite data (LTDR AVHRR and 

SPOT-VGT NDVI) and ground observations from five sites across Senegal. Finally, two recent Sahel 

studies revealed that the encroachment of woody plants was fuelled by recent shifts in rainfall patterns, 

suggesting that more attention should be also given to the role of rainfall distribution that may not be 

visible in annual mean products (Brandt et al., 2019; Zhang et al., 2019). Non-climatic explanations of 

the Sahelian green-up may refer to the effect of local restoration policies (e.g., agroforestry, tree 

planting schemes), yet these affect relatively small portions of lands that are unlikely captured by 

course spatial resolution assessments. In southern African rangelands, strong positive changes in VOD 

inform of widespread woody expansion, as also reported by previous investigations (Venter et al., 

2018). Importantly, a previous study reported similar results after comparing eighty-one aerial photos 

of 1940 and eighty-one aerial photos of 2010 taken over ca. 1,020 km2 of rangelands in South Africa 

(Stevens et al., 2016). Therefore, it was possible to validate the satellite-derived results of this thesis 

with evidence from VHR aerial photos. In addition, the observed changes in short vegetation 

(increasing) and tree cover (no overall variation), suggest that the greening of southern African 

rangelands may specifically relate to the encroachment of shrubs and bushes rather than trees (Mograbi 

et al., 2015; Roques et al., 2001; Saha et al., 2015; Scheffer et al., 2001). This is because shrubs are part 

of the VOD and short vegetation signal, while not being captured by the VCFs tree cover data. 
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The land cover change analysis for assessing changes in the vegetation composition at higher (i.e., 30 

m) spatial resolution was not possible across the rangelands of Western Sahel, Chad, and southern 

Africa because of the very limited availability in sub-areas satisfying the three condition above. This 

means that no sub-areas showed a time-series of good (i.e., cloud-free and SLC-off free) Landsat 5 or 

Landsat 7 images roughly matching the day, month, and year of the VHR data (ten suitable sub-areas 

were instead available across the non-climatic-driven rangelands). 

6.4.2 Vegetation composition in the non-climatic-driven rangelands 

A different scenario was observed in the non-climatic-driven rangelands. Here, unlike in climatic-

driven rangelands where greening was boosted by an increase in woody and, yet at a lower magnitude, 

short vegetation, greening rangelands showed an increase in woody cover and a concomitant decrease 

in short vegetation (West Africa and South Sudan), while the browning rangelands were characterized 

by a decrease in woody vegetation associated to an increase in short vegetation (Angola and 

Mozambique) (Song et al., 2018). In other words, the influence of changes in herbaceous vegetation 

was influential, as an increase in herbaceous vegetation did not result in an overall increase in 

vegetation greenness if this increase was accompanied by a reduction in woody vegetation. Vice versa, 

a decrease in herbaceous vegetation did not affect changes in vegetation greenness if this decrease was 

associated with woody vegetation expansion. Therefore, changes in the woody component of the 

vegetation fully controlled both greening and browning. Although the classified sub-areas could not 

cover the entire non-climatic-driven regions, the results at coarse spatial resolution were confirmed by 

the Landsat resolution land cover change analysis. In fact, two out of three sub-areas in West Africa 

and two out of three sub-areas in South Sudan showed an increase in tree cover associated with a 

concomitant decrease in short vegetation between the late 1980s and 2015, with decreasing, or 

approximately absent, land surfaces covered by bare ground. This was shown, and hence confirmed, by 

all the three classification algorithms. In addition, the vegetation greening of West Africa and South 

Sudan as indicated by NDVI emerged also from the difference calculated between the oldest and the 

most recent Landsat-derived NDVI. Five out of six sub-areas confirmed that vegetation greenness 

increased over time, with the only exception of Jambo (South Sudan), where browning prevailed. 

Interestingly, here the classification algorithms did not estimate a significant increase in tree cover, 

possibly causing the NDVI difference to be overall negative. The sub-areas within non-climatic 

browning regions showed a decrease in tree cover and an increase in short vegetation. This was 

particularly the case of Calucinga (Angola), Mantoanacala and Holoco (Mozambique). Accordingly, the 

Landsat NDVI difference calculated in these sub-areas were all positive, thus confirming the long-term 

decrease in vegetation greenness (i.e., browning) observed at coarse spatial resolution. In Chimboa 

(Angola) tree cover dominated the landscape overall, with short vegetation moderately increasing. 

Noticeably, the NDVI difference calculated on Landsat SR was positive mostly in those pixels where 

the short vegetation replaced tree cover (see figure J.7). Like in greening regions, these results were 

consistently obtained with all classification algorithms applied. 
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While understanding the reasons behind the observed woody plant expansion in West Africa and 

South Sudan remains challenging, previous studies perfectly reproduced the results observed here for 

these two regions. Venter et al. (2018), for instance, mapped tree cover using different metrics (e.g., 

minimum, maximum, selected percentile in NDVI, SAVI, and EVI) retrieved from 22.8 billion 

Landsat SR pixels, and reported a sharp increase in woody vegetation during 1986-2016 precisely in the 

non-climatic greening rangelands of West Africa and South Sudan. An easier interpretation can be 

suggested for the browning regions. In fact, the 30 m spatial resolution land cover change analysis 

confirmed that tree clearance was the cause of the non-climatic browning observed in Angola and 

Mozambique. These results confirmed what previous long-term studies at 30 m spatial resolution 

reported in these regions, as defined by deforestation per se or as per carbon losses from deforestation 

(Achard et al., 2014; Cherlet et al., 2018; Hansen et al., 2013; McNicol et al., 2018). This is not only 

visible from the land cover change results, but also by the increasing presence of forest edges and 

smaller non-adjacent forest-fragments that are highlighted in the Landsat SR scenes used for the 

classification (Broadbent et al., 2008) (see figures I.7-I.10). (Refer to appendix K for a summary of 

studies reporting similar findings to the ones presented in this study, yet based on 30 m or higher 

spatial resolutions analyses). 

The presence of these opposing changes in tree cover and short vegetation does not allow for a simple 

evaluation of non-climatic greening and browning trends on the ecosystem service provision by the 

African rangelands. Although browning generally implies a reduction in the carbon uptake by terrestrial 

ecosystems, the increase in short vegetation suggests that more resources may be available for pastoral 

communities and their livestock (e.g., regrowth of native grasslands due to farmland abandonment). 

On the contrary, greening trends related to more woody plants may increase the standing biomass, 

which is desirable for climate change mitigation, yet unpalatable woody species replacing herbaceous 

vegetation implies a degradation of rangelands in terms of their socio-economic use. The suggested 

increase or decrease in standing biomass is not an intuitive assumption solely associated with the 

observed increasing or decreasing vegetation greenness. In fact, greening and browning trends were 

strongly associated with the observed changes in VOD, which was shown to be an effective proxy for 

AGC estimations (Liu et al., 2015). Therefore, these results highlighted those rangelands where future 

policies may have to compromise between climate change mitigation and pastoralist welfare. 

6.4.3 Conclusions 

Changes in the vegetation composition were consistently observed at both coarse and high spatial 

resolution. While describing how tree cover, short vegetation, and bare ground mutually changes in 

these rangelands over the last thirty years, it was possible to suggest potential implications that land 

cover changes may have in terms of climate change mitigation and pastoralists’ welfare. In fact, while 

greening enhances climate change mitigation via high carbon sequestration rates, the encroachment of 

woody species likely reduces the resources available to rangeland livestock keepers. Meanwhile, woody-

controlled browning cuts carbon uptakes, but more herbaceous plants may inform of potential more 
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forage available for pastoralists. In addition, the results presented here provided three further insights. 

First, contrary to previous studies, which asserted that NDVI was more sensitive to herbaceous 

vegetation (Andela et al., 2013), the NDVI signal in this study was mostly affected by changes in 

woody cover. This was observed not only in the strong association between trends in NDVI and 

trends in VOD and tree cover, but also by the fact that sub-areas showing an increase (decrease) in the 

tree cover class were the sub-areas characterised by greening (browning) as indicated by the NDVI 

difference calculated on Landsat data. Second, the good consistency existing between the vegetation 

data, together with the agreement found with the high spatial resolution assessment, showed that 

disentangling the composition of vegetation into the woody and herbaceous element is feasible using 

satellite time-series products derived from optical and microwave energy. In turn, this allows for more 

complete and effective monitoring of rangeland vegetation resources (Liu et al., 2011a). Third, despite 

training data being available only for the most recent image, the methodology devised for the land 

cover change assessments was able to produce reliable land cover change estimations. This is shown by 

the overall high similarity observed amongst the land cover outputs produced at different times and as 

per different classification algorithms in both greening and browning regions. Yet some 

misclassification still occurred, specifically in the greening regions. Here, separating tree cover and 

short vegetation was occasionally not feasible because of spectral overlap (e.g., trees-dense green grass). 
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 Discussion Chapter 7

This chapter aims to provide an overarching discussion of the individual chapters, including both the 

pre-processing (i.e., chapter 3) and the analysis chapters (i.e., chapters 4, 5 and 6). 

The current thesis is based on three main research questions as highlighted in the introduction. Besides 

detailing how the datasets were prepared and checked ahead of the analysis chapters, chapter three 

described how the extent of African rangelands was derived and validated. In chapter four, a 

comprehensive characterisation of long-term changes in vegetation greenness was presented for the 

rangeland of Africa. Greening and browning trends were defined by calculating the extent of 

rangelands affected by anomaly values in annual mean NDVI (i.e., vegetation greenness significantly 

higher or lower than the overall time-series mean), and employing a linear trend analysis (increasing or 

decreasing per-pixel slope of the regression in vegetation greenness). Once long-term dynamics were 

assessed, the interest moved on understanding the drivers of these changes in vegetation greenness. 

While assessing the effect of long-term climate variability to vegetation is feasible at the continental 

scale, disentangling the role of other drivers (e.g., fire regime, herbivore density, land-use change) is 

challenging due to the lack of 30+ years continental-scale data and because their interactions and 

feedback processes are intrinsically specific at each given location. For this reason, the fifth chapter 

focused on unfolding to what extent climate was responsible for changes in vegetation greenness. It 

first identified those rangelands where water availability, defined here as rainfall and soil moisture, was 

the dominant or secondary controlling factor of vegetation greenness changes and, later, applied two 

carbon biomass parameters simulated with a climate-forced DGVM (i.e., LPJ-GUESS) to establish 

whether such changes were driven by other climatic factors (temperature, sunshine duration, nitrogen 

composition, and CO2 concentration) than precipitation and soil moisture. Ultimately, this 

computation allowed to identify those African rangelands where vegetation was either mostly 

controlled (i.e., climatic-driven rangelands) or unaffected (non-climatic-driven rangelands) by climate 

during 1982-2015. Meanwhile, most of the previous African ecosystem studies typically do not go 

beyond greening and browning trends of vegetation, leaving a blind spot on the composition of 

vegetation types (e.g., woody vs. herbaceous) that may be responsible for these changes. This 

information is however decisive for evaluating potential changes in the provision of ecosystem services 

of the African rangelands. Hence, in chapter six, climatic- and non-climatic-driven changes in 

vegetation greenness were disentangled in terms of the herbaceous and woody component of the 

vegetation. This assessment was produced at coarse spatial resolution (i.e., 25 km), using both 

microwave (i.e., VOD) and optical-based (i.e., VCFs of tree cover, short vegetation, and bare ground 

data) satellite products, as well as at high spatial resolution, performing a land cover change analysis 

using Landsat images (i.e., 30 m spatial resolution) within the GEE cloud-based platform. While these 

individual chapters already highlighted the main research gaps, methodologies, findings, and 

discussion, the aim here consists in providing a bigger scale discussion for the whole thesis, and placing 
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the take-home messages into context. Future research avenues and limitations are discussed before a 

concluding summary of the key findings. 

7.1 A new framework for long-term rangeland studies 

“How much rangeland do we have? Globally we do not know. I suspect the same can be said 

nationally. If we don’t know what we have, how can we monitor it and develop a strategy for 

management?” (Lund, 2007: 3) 

“Rangelands – including grasslands, shrublands, savannas, deserts, prairies, steppe, and 

tundra – comprise 30-40% of Earth’s ice-free terrestrial surface (depending on one’s 

definition and data sources)” (Sayre et al., 2013: 348) 

“Rangelands – primarily native grasslands, shrublands, savannas, and marshes grazed by 

wildlife and livestock – cover more of Earth’s land surface (25–45%, depending on how 

these lands are defined) than any other type of land” (Reid et al., 2014: 218) 

“Definitions emphasizing land cover type and land use are narrowly focused on biophysical 

systems and do not recognize the social component of these systems. […] Neither ecological 

nor social knowledge alone is sufficient to effectively assess or manage rangeland systems 

because of the highly integrated nature of the social and ecological subsystems” (Briske, 

2017: 15) 

These statements are just four examples to highlight that being able to effectively define rangelands is, 

nowadays, still challenging and elusive (Sandhage-Hofmann, 2016). Possibly, this is the reason why 

previous rangeland studies do mention the way rangelands are generally defined, yet never clearly state 

how the rangeland spatial extent for their analysis was derived. Therefore, before computing any 

analysis, it was here specifically thought of how to best define, and therefore spatially represent, the 

rangelands of Africa. Overall, a standard rangeland definition is well summarised in the international 

glossary for grazing lands release by the IGC and the IRC. Here, rangelands are described as areas 

where the native vegetation, which mostly ranges from grass- to shrub-like plants, is generally grazed 

or has the potential to be grazed by domestic and wildlife animals (Allen et al., 2011). While the few 

other available rangeland maps (e.g., SRM, ASAP) appeared to be inappropriately defined, the best 

attempt of translating the IGC and IRC definition to an actual georeferenced basemap exploitable for 

spatial analyses was made by Ellis et al. (2010). In their anthropogenic biome classification, rangelands 

were defined as uncultivated, non-forest, non-bare, and scarcely populated areas. While all these 

features belong to a typical rangeland ecosystem, poor information is provided in regard to the land 

cover type. The Copernicus Global Land Service land cover map revealed that most (85%) of 

rangeland areas as defined by Ellis et al. (2010) are represented by the typical rangeland land cover 

types (i.e., grasslands, shrublands, open forests, and semi-desert areas), and the remaining 15% resulted 

to be classified as either croplands or closed forests (and hence removed from the analyses). By doing 
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so, a validated rangeland layer was specifically defined and, at the same time, suggested as a rangeland 

framework for future rangeland assessments (see figure 3.1). However, this rangeland layer still does 

not go far beyond livestock and wildlife grazing as dominant land uses. Rangeland scientists argue, in 

fact, that rangeland should start to include, for instance, crops, settlements, and mining concessions 

(Herrick et al., 2012), or should also embrace specific information on new rangeland users (e.g., agro-

pastoralists, hunters, conservationists) (Reid et al., 2014). In other words, the common way of defining 

rangeland risks to oversimplify the structure and functions of these systems, and a new management 

framework that places greater emphasis on the increasing interaction between the social and ecological 

components may be soon, if not already, needed (Briske, 2017; Hruska et al., 2017; Reid et al., 2014). 

Because this is an ongoing open debate, current rangeland studies stick to the general rangeland 

definition, and therefore, the rangeland map produced here still represents a useful tool that rangeland 

scientists and users can apply for future rangeland studies. Importantly, the approach devised here can 

be used to retrieve a reference rangeland basemap not only for Africa, but also for any rangeland 

systems across the world. 

Once a rangeland basemap for Africa was clearly defined, multiple and independent data were applied 

to address the research questions of this thesis. Table 7.1 summarises the three principal characteristics 

that were jointly exploited throughout the analyses, including the information each dataset refers to 

(type), the way the data were derived (domain), and at what spatial resolution they were analysed 

(spatial resolution). Thus, for instance, changes in vegetation greenness were assessed using both 

optical and microwave satellite data, and changes in the vegetation composition were defined at both 

coarse (i.e., 25 km) and high (i.e., 30 m) spatial resolution. Similarly, the role of water availability 

(precipitation and soil moisture) and other climate variables (temperature, sunshine duration, nitrogen 

composition, CO2 concentration) on the observed vegetation greenness changes was investigated using 

both satellite and modelled data (and with model outputs simulated using different climate data than 

the satellite ones). In other words, combining data of such diverse features significantly reduced the 

uncertainties of single data streams, which boosted, in turn, the robustness of the results presented 

here. This was shown by the overall good consistency existing between, for instance, precipitation and 

soil moisture and their relationship with NDVI (e.g., figure 5.2 and figure 5.3), or between long-term 

trends in NDVI, VOD and tree cover (e.g., figures 6.6 and figure 6.13), or between the changes in the 

vegetation composition as indicated by both the trend and land cover change analysis (e.g., figure 6.6b 

and figure 6.11). Importantly, woody encroachment observed in the Sahel and southern Africa and 

deforestation in Angola and Mozambique resulted to agree with previous studies based on ground 

measurement data or aerial photos. Given that no field data were used, this evidence further confirmed 

the reliability of the results presented here. The different quality assessments performed on the datasets 

before the actual processing was computed should also be highlighted. For instance, the decision of 

using only good quality observations (i.e., flagged 0 pixels) and the sensitivity analysis applied on 

NDVI and soil moisture records allowed to produce reliable annual mean composites for the 

rangelands of Africa (see figure 3.7 and figure 3.13). Particular attention was given to the spatial 

resolution resampling phase, during which it was ensured to minimise the difference between the area 
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as represented by the new (25 km x 25 km) and the original resolution of each data (see table 3.3). 

Rainfall data in four rangeland sites were first manually validated against ground data from the GHCN 

(see figure 3.11) and, later, annual mean rainfall composites were built with both one- and zero-month 

lag to assess any potential significant difference between the two signals (see figure 3.12). Two 

independent datasets (MODIS NDVI and MSWEP precipitation) were used to further crosscheck the 

consistency of the GIMMS NDVI and CHIRPS precipitation annual mean composites produced for 

the analysis of this thesis (see figure 3.15). 

  Type 

  Vegetation data Climate data Carbon biomass data Surface reflectance data 

Domain 

Optical NDVI and VCFs - - Landsat 5 and Landsat 7 

Microwave VOD P* and SM - - 

Modelled - - AGC and WDC - 

  25 km x 25 km 30 m x 30 m 

  Spatial resolution 

Table 7.1 List of datasets used in this study as grouped by type, domain, and spatial resolution. 
This table underlines that the results presented here were derived by the combined use of a very diverse range of 
datasets. This diversity is expressed in terms of the type of information each data provided, its domain, and the 
spatial resolution of the analysis. (Acronyms are in Definitions and Abbreviations and/or in the text). (*: In 
addition to microwave-derived observations, the CHIRPS precipitation record is produced using also gauge, 
infrared, and reanalysis data). 

While there still exists space for improvements (e.g., including Sentinel data, better ground 

monitoring), this study represents an effective standard approach that could be replicated and applied 

in support of effective rangeland monitoring across the world. It is essential to describe in full how the 

rangeland basemap is derived in terms of both extent and land cover types included. Then, using data 

streams of completely different type, domain, and spatial resolution allowed to draw robust 

conclusions that could not be asserted based on the analysis of a single data stream. Importantly, this 

approach is feasible given that all data (except for VOD) and software (e.g., RStudio, GEE, QGIS) 

used here are freely available. While remote sensing has long been at the core of rangeland monitoring 

in developed countries such as USA or Australia, in the developing world (e.g., Africa), where field-

based rangeland assessments are often lacking due to inadequate resources and political instability, it is 

known to be rarely used (Karl et al., 2017). Therefore, this study has the potential of providing the 

information, in terms of both the methodological approach and results, needed by national 

governments aiming to devise effective rangeland management strategies. 

7.2 Three decades of rangeland vegetation dynamics in Africa 

The Earth green-up, woody encroachment, or deforestation are, nowadays, topical issues within the 

broad remote sensing and ecology communities, and there is a wealth of research aimed at addressing 

their drivers, implications, interactions, and evolution under future global environmental change. The 

definition of a greening Earth, mostly framed as a consequence of lengthening of growing seasons 

(e.g., northern hemisphere high latitude) or because of changes in vegetation type (e.g., woody plant 
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encroachment in Africa), stemmed from previous studies showing a global increase in leaf area index 

(Liu et al., 2015), aboveground carbon (Zhu et al., 2016), net primary production (Nemani et al., 2003), 

or normalised difference vegetation index (Fensholt et al., 2012). Similar evidence was confirmed by 

local-scale study across the globe, including China (Macias-Fauria, 2018; Tong et al., 2018), Africa 

(Dardel et al., 2014; Venter et al., 2018), Tibet (Wang et al., 2015), the Amazon (Saleska et al., 2016, 

2007), the Artic (Macias-Fauria et al., 2012; Sturm et al., 2001), Eurasia (Bogaert et al., 2002), among 

other regions. Consequently, as the global vegetation greens-up, increasingly more carbon is believed 

to be stored by terrestrial ecosystems (Ahlström et al., 2015; Ballantyne et al., 2012; Zhang et al., 2017). 

The analysis of long-term vegetation dynamics for the African rangelands resulted to be in line with 

these studies, as they overall greened-up during 1982-2015. This was indicated by the presence of 

increasingly larger rangeland surfaces experiencing above-average NDVI (concomitant with shrinking 

areas experiencing below-average NDVI) (see figure 4.2), and by the fact that per-pixel liner trends in 

vegetation greenness resulted to be mostly positive (see figure 4.4). Greening affected rangelands of 

West Africa, Sahel, Chad, South Sudan, Somalia, northwest Maghreb, Namibia, Botswana, and South 

Africa, summing up to ca. 3,500,000 km2 (42% of the total rangeland extent), while negative trends 

took place in rangelands of Angola, Mozambique, and Madagascar, and accounted for ca. 700,000 km2 

(9%). While rangelands are known to work as an important global carbon sink (Henderson et al., 2015; 

Lal, 2004b), the predominance of greening trends suggests that the carbon uptake of these ecosystems 

might have further increased over time. In turn, this implies higher climate change mitigation potential. 

The analysis of VOD data confirmed this assumption, as the observed increase in vegetation greenness 

(i.e., NDVI) was associated with positive trends in VOD (see figure 6.6). VOD, in fact, is not only 

used as a proxy of woody vegetation but also as an indicator of aboveground biomass given its ability 

to capture the biomass signal (Brandt et al., 2017; Liu et al., 2011a; Owe et al., 2001). If VOD 

increases, the same does the standing biomass, and therefore, more carbon is likely to be stored by the 

ecosystems. 

After greening and browning rangelands were identified, the analyses investigated to what extent long-

term climate was responsible for these changes in vegetation greenness. For the first time, the 

rangelands of Africa were grouped in rangeland areas where the vegetation was mostly controlled (i.e., 

climatic-driven rangelands) and not controlled by long-term climate (i.e., non-climatic-driven 

rangelands). After defining the relationship between water availability and NDVI, rangelands were 

classified as climatic-driven where the simulated carbon biomass parameters largely reproduced the 

observed changes in vegetation greenness (i.e., concordance between trends in NDVI and trends in 

AGC/WDC implied that the climate-forcing of the model captured the changes in NDVI). Vice versa, 

rangelands were classified as non-climatic-driven where the simulated carbon biomass could not 

replicate the observed trends in vegetation greenness (i.e., discordance between trends in NDVI and 

trends in AGC/WDC suggested that the climate-forcing of the model failed to capture the changes in 

NDVI) (see figure 5.4). Importantly, the fact that the LPJ-GUESS model could reproduce only part of 

the changes in vegetation greenness allowed to confirm the climatic- and non-climatic behaviour of the 

African rangelands (i.e., from water- and non-water-constrained to climatic- and non-climatic-driven). 
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However, this also highlighted a potential weakness in DGVMs. Because climate is the main input 

information for biogeography simulations, this means that models may be unable to effectively predict 

future non-climatic vegetation shifts. Unsurprisingly, ca. 72% of climatic-driven rangelands occurred in 

arid and semi-arid regions (mostly in western Sahel, Chad, and southern Africa), fitting well with the 

“new ecology” theory (Gillson and Hoffman, 2007) (see table 5.1). In the 1990s, arid and semi-arid 

regions were indeed redefined as systems mostly at nonequilibrium, meaning that non-living physical 

elements (e.g., climate) are the main actors shaping the vegetation, while other elements (e.g., animal 

numbers, biotic regulation) have, although by no means all, less influence (Scoones, 1999). At the same 

time, non-climatic-driven rangelands were more abundant in wetter regions (ca. 61%) (principally West 

Africa, South Sudan, Angola, and Mozambique), i.e., systems mostly at equilibrium (Briske et al., 2017). 

It is worth stressing, however, that equilibrium and nonequilibrium are not exclusive conditions, but 

represents the end-members of a gradient along which the dynamic of vegetation moves (Fernandez-

Gimenez and Allen-Diaz, 1999), and the presence of one or the other paradigm is more likely to be 

distinguished at specific temporal and spatial scales rather than by means of unique processes (Briske et 

al., 2003). Therefore, the climatic- and non-climatic-driven label given here to the African rangelands 

still acknowledges the possible presence of intermediate interactions and feedback processes amongst 

the climatic- and non-climatic drivers of vegetation greenness. Still, now that the role of climate was 

largely assessed, these interactions can be investigated by more specific small-scale studies.  

Another important difference distinguished the climatic-driven rangelands from the non-climatic-

driven one, i.e., the vegetation composition. Climatic-driven rangelands mostly greened-up (2,200,000 

km2 vs. just 200,000 km2 of climatic browning) as a result of positive trends in all vegetation data, 

including NDVI, woody vegetation (reflected here by VOD and tree cover data), and short vegetation 

(see figure 5.3a,b and figure 6.6a). Negative changes were observed in bare ground cover, which 

appeared to be thus replaced by the vegetation expansion. Climatic greening hot spots were spread 

throughout the Sahel, as reported by previous studies (Herrmann et al., 2005; Huber et al., 2011; 

Nicholson, 2005). In southern African rangelands, there existed a slight disagreement between 

vegetation, as NDVI and VOD both increased, while the tree cover remained largely unchanged. The 

hypothesis that these trends reflected shrub dynamics (VOD signal includes both trees and 

shrubs/bushes, while the tree cover refers to trees only) was confirmed by the analysis of the carbon 

biomass parameters, as the AGC, representative of leaves, sapwood, and heartwood, increased 

together with NDVI and VOD, while the WDC, including sapwood and heartwood only, maintained 

its trend similar to the tree cover one (i.e., largely unchanged). Non-climatic-driven rangelands showed 

greening (ca. 1,400,000 km2) and browning trends (ca. 400,000 km2) (see figure 5.3c,d). Non-climatic 

greening took place in West Africa and South Sudan, while non-climatic browning developed in 

rangelands of Angola and Mozambique. Importantly, a switch in the woody and herbaceous vegetation 

coverage was calculated in these regions. Unlike in climatic-driven rangelands, here the woody 

vegetation increase (i.e., positive trends in VOD and tree cover, as well as NDVI) was concomitant 

with the short vegetation decrease. Vice versa, a decrease in the woody component of the vegetation 

was associated with positive changes in the short vegetation layer (see figure 6.6b). Importantly, these 
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results were shown at both coarse (i.e., 25 km) and high (i.e., 30 m) spatial resolution (significant 

consistency was also observed between the different classification algorithms applied) (see figures 6.8-

6.11). The ability of African rangeland to keep providing ecosystem services in the near future is strictly 

linked to these results. In fact, while greening boosts climate change mitigation via high carbon uptake, 

the encroachment of woody species likely shortens the resources available to pastoral communities 

(Kangalawe, 2009; Sandhage-Hofmann et al., 2015; Ward, 2005). On the other hand, browning 

attenuates carbon sequestration rates, but higher herbaceous cover may inform of potential more 

forage for pastoralists. Therefore, this study spotlighted those non-climatic-driven rangelands where 

future environmental management may have to solve a dichotomy between climate change mitigation 

and pastoralist wellbeing. 

Understanding drivers of changes in the vegetation composition is a challenging task, specifically at a 

broad spatial scale. While the role of climate was thoroughly defined using long-term data of 

precipitation, soil moisture data, temperature, sunshine duration, nitrogen deposition, atmospheric 

CO2, other disturbances might have contributed to shaping rangeland landscapes. No studies, for 

instance, have yet explained in full the reason behind the woody cover increased observed in South 

Sudan or West Africa. While the most recent studies on woody vegetation expansion in the Sahel 

invoked changes in rainfall patterns as a possible driver, other causes may include conflicts (e.g., South 

Sudan), land-use change, or changes in fire regimes, grazing, and browsing pressure (not investigated in 

this thesis). As explained before, these elements may still be relevant, specifically at varying 

spatiotemporal scales, in those rangeland defined as climatic-driven (e.g., southern Africa). Meanwhile, 

the main cause of the woody cover decrease in the browning regions was deforestation, as confirmed 

by the results at both coarse and high spatial resolution, and by previous studies. 

The assessment of the dynamics of vegetation composition in the climatic and non-climatic greening 

regions yielded two more outcomes. First, although climatic-driven rangelands were also characterised 

by a slight increase in short vegetation, greening trends as indicated by NDVI were largely associated 

with positive trends in both VOD and tree cover. Therefore, as greening rangelands were more 

extended than the browning ones, it was confirmed that widespread woody encroachment was the key 

cause of greening across Africa between 1982-2015 (Axelsson and Hanan, 2018; Stevens et al., 2017; 

Venter et al., 2018). Second, because VOD and tree cover were closely associated with NDVI even in 

browning regions (i.e., all indicators showed negative trends over time suggesting deforestation), it is 

suggested that major changes in the NDVI signal are more sensitive to woody rather than the short 

component of the vegetation. This result not only emerged from the coarse spatial resolution analysis, 

but also from the vegetation data accuracy assessment (see figure 3.9) and from the change detection 

approach applied on Landsat-derived NDVI (see figure 6.12 and figure 6.13). 
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7.3 Future work 

7.3.1 Overarching open questions 

What will rangelands look like in the future? And hence, is a new rangeland framework/definition 

needed? To what extent can the current rangeland knowledge be applied to rangelands undergoing 

change? (Reid et al., 2014). As global environmental change alters rangeland ecosystem functioning, 

rangeland scientists are trying to understand how to best address these questions (Briske, 2017). 

Nowadays, the perception is that the way rangelands are currently defined may be no longer 

appropriate because of the underestimated and still under-researched socio-ecological 

links/transformations taking place across these systems (Engler and von Wehrden, 2018). This is an 

ongoing debate, and its outcome will define the way rangelands should be studied and managed in the 

future. Part of this knowledge is expected to emerge from the XXIV International Grassland and 

Rangeland Congress (October 2020, Nairobi), where a range of topic including grassland and 

rangeland ecology, forage production and utilization, livestock production systems, pastoralism, social, 

gender and policy issues, capacity building, governance, wildlife, tourism, amongst others, will be 

discussed. 

What are the main drivers of woody plant encroachment? Is it more globally or locally driven? Given 

that the extended greening observed in the African rangeland resulted to be largely associated with 

woody plant encroachment, the logical continuation of this work would consist of being able to 

explain the reasons controlling this ecological process. However, answering this question remains 

elusive. Woody plant encroachment is widely observed at global scale, which suggests that large-scale 

drivers do exist (e.g., anthropogenic CO2 fertilisation or nitrogen deposition) (Stevens et al., 2017, 

2016; Wigley et al., 2010). At the same time, previous studies have explained that woody encroachment 

is likely controlled by the interactions of climate with location-specific factors (mostly fire and 

grazing/browsing regimes) (Archer et al., 2017; Devine et al., 2017). However, being able to effectively 

address the ‘global vs. local drivers’ question is challenging. In southern Africa, for instance, studies 

reported that woody cover is i) unaffected by trends in precipitation (Buitenwerf et al., 2012); ii) 

constrained by precipitation only until ca. 500 to 650 mm yr-1 (Sankaran et al., 2008, 2005; Skowno et 

al., 2017); iii) better correlated with increasing CO2 (Stevens et al., 2016; Wigley et al., 2010); iv) 

correlated with a decline in burned area in a with warmer and wetter climate (Venter et al., 2018); v) 

enhanced by megafauna exclusion (Staver and Bond, 2014; Stevens et al., 2016) (yet it must be said that 

these studies do not refer to the exact same region). Meanwhile, the two latest advances on woody 

vegetation expansion in Africa suggested that shifts in rainfall patterns, defined as more abundant early 

and late rains, may be the main factor promoting woody vegetation growth (Brandt et al., 2019; Zhang 

et al., 2019). Understanding the trajectories of current and future trends in vegetation composition 

change across the rangelands of Africa is vital to understand the future of these culturally, ecologically, 

and economically important systems. While the global carbon budget may benefit from the widespread 

increasing presence of woody plants, local-scale drawbacks (e.g., plant unpalatability) directly affect 
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rural communities. Deciding what to prioritise is unclear. In South Africa, for instance, priority was 

given to local livelihoods, and ca. 100,000,000 US$ were recently invested to remove the encroachment 

of invasive woody species, both alien and native (van Wilgen and Wannenburgh, 2016). Other 

examples of effective local strategies may include managed pyric-herbivore (i.e., herbivore promoted 

through the use of fire) (Fuhlendorf et al., 2008), the repopulation of ecosystems with historical 

wildlife communities (Hempson et al., 2017; Venter et al., 2017), or the integration of livestock and 

wildlife (Keesing et al., 2018). Acting on local disturbance may thus have a strong impact on mitigating 

large-scale effects of woody plant encroachment, as confirmed by recent studies (Venter et al., 2018). 

Consequently, if local communities are prioritised, drivers of woody plant encroachment will have to 

be separately investigated in the rangelands of West Africa, South Sudan, and southern Africa, rather 

than investigated through continental-scale assessments. In turn, this would lead to bespoken 

management practices tailored to the conditions and characteristics of each specific region. 

The assessment of new remote sensing technologies and products in rangeland systems cannot 

advance without ground data networks. While such networks do exist in some global drylands (e.g., 

OzFlux in Australia, AsiaFlux across many Asian countries, HiWATER in China), Africa lacks an 

extended operational network. In addition, current observational field sites are largely concentrated in 

humid ecosystems, thus leaving arid regions underrepresented (Smith et al., 2019). For instance, eddy 

covariance flux tower networks in arid and semi-arid Africa are found only in a few well-known sites, 

including in Dahra (Senegal), Agoufou and Kelma (Mali), Wankama (Niger), and Demokeyaa (Sudan) 

(Ardö et al., 2018; Tagesson et al., 2016). Fully capturing the arid to humid heterogeneity of rangelands 

productivity requires these observational networks to be expanded by establishing not only more eddy 

covariance flux towers, but also other ground-based optical and thermal measurements for canopy 

level measurements (e.g., PhenoCam instruments) (Smith et al., 2019). 

Integrating remotely sensed-based study with local ecological knowledge (LEK). The validation of 

moderate to coarse resolution satellite data with ground measurements is an essential step in the 

remote sensing research. However, this operation is often challenging for many reasons, including 

difficulties at scaling ground-level measurements to the sensor resolution, geo-spatial uncertainties, 

sampling biases, temporal and spatial sampling ground data constrains, field instrument calibration 

(Ganguly et al., 2010). In this context, LEK represents an under-appreciated source of information on 

landscape conditions (Eddy et al., 2017; Reid et al., 2014). LEK-derived information can extend 

multiple generations into the past, generally embraces many social aspects, refers to extremely high 

spatial resolution, derives from the experience of people who are directly affected by landscape 

changes (Dunn, 2007; Mistry and Berardi, 2016). Herrmann et al. (2014), for instance, conducted 39 

focus group discussions in five regions of Senegal to leverage pastorals’ perceptions of their changing 

environment and livelihood and revealed that the satellite-derived greening was not perceived as a land 

improvement by local people. Others used Landsat data to produce a land cover change analysis in 

rangelands of northern Afar (Ethiopia) and later conducted 35 group discussion with pastoralists, 

administrators, and immigrants to retrieve the drivers of the observed land cover changes (droughts, 
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immigration, increasing dry years) (Tsegaye et al., 2010). Other successful examples of the integration 

of LEK with remote sensing extend to fishery (Selgrath et al., 2016) and forest (Naidoo and Hill, 2006) 

ecosystems. Despite some weaknesses (e.g., fieldwork costs, specific training in survey and ethic 

protocols, relatively small spatial extent represented), linking remote sensing with LEK is an important 

research avenue in support of thorough landscape assessment and rapid adaptation to potential 

complex crises (Mistry and Berardi, 2016). 

7.3.2 Limitations and reflections 

Despite the success of the methodological approach applied herein, it is worth noting some 

amelioration that could be developed in the future. 

i. Rangeland map (chapter 3) 

In addition to the CGLS land cover map, the rangeland map produced in this thesis could 

have been validated with other land cover products and at different times during 1982-2015, 

such as the ESA GlobCover map (2009, 300 m spatial resolution) (Arino et al., 2008), the 

Global Land Cover 2000 map (2000, 1 km spatial resolution) (Mayaux et al., 2004), the 

MODIS Collection 5 map (2005, 500 m spatial resolution) (Friedl et al., 2010), or the 

GlobeLand30 (2000 and 2010, 30 m spatial resolution) (Chen et al., 2014). In turn, this analysis 

would yield a comparison between the rangeland extents as defined by different land cover 

maps at different times. Other rangeland maps for validation and comparison could be created 

starting from the ASAP or the SRM rangeland maps (see figure 2.2), or just selecting the 

typical rangeland land cover classes from existing land cover products (i.e., without strictly 

using the Ellis et al. (2010) layer), as done in previous studies (Reeves et al., 2015). 

While the rangeland map is a static mask that was applied throughout the entire time-series, 

rangelands, as well as the land cover classes used for validation, are not static systems, and 

their extent has surely changed between 1982 and 2015. In turn, this might have caused some 

non-representative estimation of the results at different times of the time-series. To date, the 

Ellis et al. (2010) layer is the best available georeferenced map from which the rangeland 

extent can be derived, and also yearly land cover products for 1982-2015 are largely 

unavailable. Therefore, an analysis that would account for any year-to-year spatial variation (of 

both rangelands and land cover classes) is currently not feasible. In addition, it is worth 

acknowledging that the Ellis et al. (2010) product and the CGLS land cover map refer to 

different years (2010 vs. 2015), which may therefore represent an additional inconsistency in 

the rangeland map created here. 

ii. Sensitivity analysis (chapter 3) 

The sensitivity analysis produced to create robust annual mean NDVI composites does not 

inform at which month of the year the non-quality pixels occurred. Given that pixels are likely 
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flagged as non-quality during the wet season because of cloud cover, the flagged 0 pixels (i.e., 

good quality) used in this study may mostly represent the dry season. In other words, the 

annual mean composite may represent, to some extent, dry-season annual mean composites 

(this could possibly explain why the NDVI signal resulted to be particularly sensitive to woody 

cover). To assess this issue, annual mean composites could be created, and later compared, 

both including and excluding non-quality pixels. 

iii. Linear trends (chapters 3 to 6) 

As done in many studies, it was here assumed that meaningful linear trends could be observed 

over 34 years. As explained thoroughly in this thesis, different anthropogenic and 

environmental factors (e.g., short-term shifts in browsing pressure, burning practices, and 

rainfall), may produce short-term variations in vegetation greenness, thus introducing potential 

uncertainties within the identification of slow longer-term trends (Broich et al., 2014). In other 

words, trends may not be purely linear, with short-term die-off events or trend reversals that 

are likely not captured. In other words, while linear trend analyses over long time-series and at 

broad spatial scale are believed not to represent a limitation per se, it is worth acknowledging 

other techniques that may be applied. The BFAST technique, which decomposes time-series 

trends into long-term signals, seasonal signals, and remaining signals (Verbesselt et al., 2010), 

could have been used to disentangle, for instance, long-term, seasonal, and abrupt changes 

within the long-term trends in NDVI (Watts and Laffan, 2014). Other tools may include 

quantile regression techniques (Cade et al., 2005; Cade and Noon, 2003)) or boosted 

regression trees model (Elith et al., 2008)). These techniques could be used, for instance, to 

investigate those disturbances not included in this analysis (e.g., fire, livestock and herbivore 

numbers). 

iv. Land cover change analysis (chapter 6) 

The main weakness in this analysis is the lack of training data at antecedent times, which 

therefore allowed to train (and validate) the most recent images only. Also, the three 

conditions set ahead of the land cover change analysis reduce significantly the number of 

suitable areas for the analysis. This is because it was very difficult to identify sub-areas with a 

time-series of cloud-free and SLC-off free SR images matching the day, month, and year of the 

VHR data. However, where these conditions were met, the land cover change analysis 

produced significantly consistent results. 

Given the availability of a recently released global 30 m spatial resolution land cover map for 

the years 2000 and 2010 (i.e., the GlobeLand30 product) (Chen et al., 2014), the land cover 

maps produced for the ten sub-areas could be further validated against this product at the 

more appropriate years. 
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As applied to the validation points, also the number of training points could be subdivided 

proportionally to the extent of the land cover class. In other words, the land cover change 

analysis could be created with more training points for the tree cover and short vegetation 

classes given that, in each classified sub-area, they cover significantly larger extents than the 

bare ground class. 

Other uncertainties arise if a 30 m x 30 m pixel is composed by a mosaic of land cover classes 

(i.e., mixed pixels) rather than a pure class. As explained in section 6.2.2.2, soft classifiers 

based on fuzzy logic or SMA techniques would be an effective path for future land cover 

changes, particularly in sparsely vegetated arid and semi-arid in rangelands (yet these are not 

available on GEE) (Blanco et al., 2014; Foody, 2000). 

7.4 Conclusions 

Thirty-four years of rangeland vegetation dynamics in Africa were here investigated for the first time. 

Overall, the rangelands of Africa greened-up during 1982-2015. Most of this greening was controlled 

by climate, and it resulted from a strong increase in tree cover and a weak increase in short vegetation. 

The remaining greening (i.e., non-climatic) was purely controlled by increasing abundance in trees (i.e., 

short vegetation decreased over time). While no major rangeland areas browned due to climate, non-

climatic browning was related to a decrease in tree cover and a concomitant increase in the grass layer. 

These results are crucial to improve the understanding of rangeland systems of Africa, their future 

monitoring and, therefore, management. Information useful to many aspects such as rangeland 

ecosystem services availability, climate change mitigation, carbon cycle, or anthropogenic land-use 

change may be obtained, either directly or indirectly, from these results. 

More specifically, the key findings of this study can be recapitulated as follow: 

i. The overall greening of the African rangelands emerged from both the anomaly and linear 

trend analyses. The extent of rangelands affected by positive NDVI anomaly increased of ca. 

1,870,000 km2 (55,000 km2 yr-1 p < 0.001). Rangelands experiencing negative NDVI anomaly 

decreased of ca. 918,000 km2 (-27,000 km2 yr-1, p < 0.05). Per-pixel positive linear trends (p < 

0.05) in vegetation greenness occupied ca. 3,500,000 km2 of rangelands (approximately 42% of 

the total rangeland extent) across West Africa, part of the Sahel, Chad, South Sudan, Somalia, 

northwest Maghreb, Namibia, Botswana, and South Africa. Negative trends were observed in 

ca. 700,000 km2 (8%) (Angola, Mozambique, and Madagascar). (Research question 1). 

ii. Long-term trends in vegetation greenness were not controlled by climate in ca. 1,800,000 km2 

of the African rangelands (ca. 22% of the total rangeland extent). Of these, ca. 1,400,000 km2 

experienced greening (West Africa, South Sudan) and ca. 400,000 km2 browning (Angola and 

Mozambique). These non-climatic-driven rangelands mostly occurred in dry sub-humid and 

humid regions (61%). Climatic-driven rangelands covered and area of ca. 2,400,000 km2 (27% 
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of the total rangeland extent). Climatic greening accounted for ca. 2,200,000 km2 (western 

Sahel, Chad, southern Africa), while climatic browning occupied ca. 200,000 km2. Most of 

these climatic-driven changes in vegetation greenness were observed in arid and semi-arid 

systems (72%). Importantly, albeit it must be acknowledged the efforts that have been made to 

capture land-use change in DGVMs, the fact that the climate-forced LPJ-GUESS model was 

not able to reproduce changes in vegetation greenness in the non-climatic-driven rangelands 

implies that many biogeochemical models, where climate is the main input information for 

vegetation growth simulations, might not be able to capture the complete trajectory of current 

and future changes in biosphere-atmosphere interactions. (Research question 2). 

iii. The vegetation composition across climatic-driven rangelands revealed that greening was 

mostly controlled by an increase in woody vegetation. Short vegetation also increased during 

1982-2015, yet at a slightly lower intensity. In non-climatic-driven rangelands, changes in 

vegetation greenness were fully controlled by changes in the woody component of the 

vegetation. In fact, greening rangelands showed an increase in the woody vegetation (i.e., 

VOD and tree cover) that was concomitant with a decrease in short vegetation. Vice versa, 

browning rangelands showed a decrease in woody cover associated with an increase in short 

vegetation. The extent of rangeland covered by bare ground was, in both climatic- and non-

climatic-driven rangelands, steadily decreasing or remained largely unchanged. Importantly, 

this analysis revealed that browning regions may actually provide more resources to rangeland 

pastoralists given the observed increase in the short vegetation layer (e.g., grasses, mosses, 

shrubs) and a concomitant decreased in likely unpalatable woody vegetation. At the same time, 

the greening regions were largely dominated by an increase in woody species. These are known 

to represent a drawback for rangeland inhabitants due to the unpalatability of the encroaching 

species, yet their increasing abundance may inform of higher carbon sequestration rates and, 

therefore, higher climate change mitigation potential. (Research question 3). 
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Appendix A Data sources 

The Ellis et al. (2010) anthropogenic biome classification used to retrieve the rangeland map is 

available in GeoTiff at http://ecotope.org/anthromes/v2/data/ (accessed date: 26/11/2016). 

The aridity index map (shapefile) used to define the aridity regions is available from the FAO portal at 

http://www.fao.org/geonetwork/srv/en/main.home?uuid=221072ae-2090-48a1-be6f-

5a88f061431a (accessed date: 10/12/2016). 

The land cover map is available in GeoTiff from the CGLS website 

(https://land.copernicus.vgt.vito.be/PDF/portal/Application.html#Home, accessed date: 

30/11/2016). 

The GIMMS NDVI3g.v1 product is available in NetCDF at the NASA ECOCAST portal 

(https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/, accessed date: 09/10/2016). 

VOD retrievals are not freely available, and were kindly provided in GeoTiff by Dr Martin Brandt 

(University of Copenhagen). 

VCFs (TC, SV, and BG) are available in GeoTiff from the USGS LP DAAC catalogue at 

https://lpdaac.usgs.gov/products/vcf5kyrv001/ (accessed date: 14/12/2018). 

GeoTiff monthly CHIRPSv2.0 precipitation data are available from the CHG UCSB portal 

(ftp://ftp.chg.ucsb.edu/pub/org/chg/products/CHIRPS-2.0, accessed date: 02/02/2017). 

The ESA CCIv04.2 soil moisture product can be obtained in NetCDF after registration at 

http://www.esa-soilmoisture-cci.org/node/145 (accessed date: 21/04/2018). 

Simulations of AGC and WDC (GeoTiff) were kindly prepared and computed in C++ by Prof. Guy 

Schurgers (University of Copenhagen) using the LPJ-GUESS model, version 3.0. 

Landsat 5 and Landsat 7 SR scenes (GeoTiff) and MODIS NDVI (GeoTiff) data were accessed after 

registering with a free Google account at https://code.earthengine.google.com (last accessed date: 

30/10/2019). 

MSWEPv2.0 annual mean composite data were kindly provided in GeoTiff by Christin Abel 

(University of Copenhagen). 

The CRU precipitation product (version TS 3.24.01) is available in NetCDF at the Centre for 

Environmental Data Analysis (CEDA) portal (https://catalogue.ceda.ac.uk/, accessed date: 

19/07/2020). 
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Appendix B Anthropogenic biome and CGLS classes 

List of the 19 anthropogenic biome classes as suggested by Ellis et al. (2010). The rangeland classes 

used in this study are in bold (the most populated rangelands, i.e., residential rangelands, still have < 

100 persons per km2). All other classes were excluded. 

1. Urban areas; 2. Mixed settlements; 3. Rice villages; 4. Irrigated villages; 5. Rainfed villages; 6. Pastoral 

villages; 7. Residential irrigated croplands; 8. Residential rainfed croplands; 9. Populated rainfed cropland; 

10. Remote croplands; 11. Residential rangelands; 12. Populated rangelands; 13. Remote 

rangelands; 14. Residential woodlands; 15. Populated woodlands; 16. Remote woodlands; 17. Inhabited 

treeless and barren lands; 18. Wild woodlands;  19. Wild treeless and barren lands. 

 

List of the 18 classes as suggested in the CGLS land cover map and the five classes created and used to 

validate the rangeland map derived from Ellis et al. (2010) (in bold). The classes marked as excluded 

(14 to 18) fall outside the residential, populated, and remote rangeland classes. 

1. Bare and sparse vegetation 
  Desert class 

2. Shrubs 
3. Herbaceous vegetation 
4. Herbaceous wetland 

  Classes grouped in the grassland and shrubland class 

5. Evergreen needleleaf open forest 
6. Evergreen broadleaf open forest 
7. Deciduous needleleaf open forest 
8. Deciduous broadleaf open forest 

Classes grouped in the open forest class 

9. Cropland 
Cropland class 

10. Evergreen needleleaf closed forest 
11. Evergreen broadleaf closed forest 
12. Deciduous needleleaf closed forest 
13. Deciduous broadleaf closed forest 

  Classes grouped in the closed forest class 

14. Urban areas (excluded) 

15. Snow and ice (excluded) 

16. Open sea (excluded) 

17. Permanent water bodies (excluded) 

18. Temporary water bodies (excluded) 
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Appendix C Sensitivity analysis 

Year Total 
pixels 12 pixels 11 pixels 10 pixels 12 pixels (%) 11 pixels (%) 10 pixels (%) 

1982 118,370 103,308 112,684 115,881 87.3 95.2 97.9 
1983 118,370 100,349 110,043 114,770 84.8 93.0 97.0 
1984 118,370 99,639 109,427 113,519 84.2 92.4 95.9 
1985 118,370 104,632 112,834 116,181 88.4 95.3 98.2 
1986 118,370 104,344 112,663 116,265 88.2 95.2 98.2 
1987 118,370 100,449 111,024 115,103 84.9 93.8 97.2 
1988 118,370 101,051 111,066 115,403 85.4 93.8 97.5 
1989 118,370 109,278 115,434 117,315 92.3 97.5 99.1 
1990 118,370 108,118 115,119 117,114 91.3 97.3 98.9 
1991 118,370 104,259 113,106 116,225 88.1 95.6 98.2 
1992 118,370 101,994 110,931 114,714 86.2 93.7 96.9 
1993 118,370 101,612 110,519 114,514 85.8 93.4 96.7 
1994 118,370 95,985 107,793 113,933 81.1 91.1 96.3 
1995 118,370 110,074 116,844 117,826 93.0 98.7 99.5 
1996 118,370 111,545 116,445 117,488 94.2 98.4 99.3 
1997 118,370 114,072 117,585 118,048 96.4 99.3 99.7 
1998 118,370 109,100 116,027 117,673 92.2 98.0 99.4 
1999 118,370 109,400 115,829 117,427 92.4 97.9 99.2 
2000 118,370 101,827 110,985 114,523 86.0 93.8 96.8 
2001 118,370 112,965 117,281 117,755 95.4 99.1 99.5 
2002 118,370 109,434 116,246 117,558 92.5 98.2 99.3 
2003 118,370 103,094 115,299 117,364 87.1 97.4 99.2 
2004 118,370 107,636 112,429 114,376 90.9 95.0 96.6 
2005 118,370 105,072 111,284 114,019 88.8 94.0 96.3 
2006 118,370 111,324 115,826 116,662 94.0 97.9 98.6 
2007 118,370 104,803 112,676 114,870 88.5 95.2 97.0 
2008 118,370 109,741 115,788 116,521 92.7 97.8 98.4 
2009 118,370 114,281 116,510 117,002 96.5 98.4 98.8 
2010 118,370 114,487 116,586 117,129 96.7 98.5 99.0 
2011 118,370 114,897 116,976 117,316 97.1 98.8 99.1 
2012 118,370 116,267 117,956 118,085 98.2 99.7 99.8 
2013 118,370 116,549 118,032 118,106 98.5 99.7 99.8 
2014 118,370 115,924 117,911 118,107 97.9 99.6 99.8 
2015 118,370 116,106 117,947 118,074 98.1 99.6 99.7 

 
  

      
Average   107,753 114,268 116,378 91.0 96.5 98.3 

Table C.17.2 Sensitivity analysis on the GIMMS NDVI3g.v1 annual mean composites. The table 
reports how many pixels each year composed the annual mean NDVI composite with 12 pixels (i.e., best-case 
scenario, meaning that every month has a good quality pixel), 11 pixels, and 10 pixels. Values are reported as per 
pixel number (grey) and percentage (orange) of the total rangeland extent (total pixels). Most African rangelands 
showed a good quality pixel in each month (i.e., ca.107,000 pixels, 91%). Including also rows with 11 and 10 
good quality pixels (error ≤ 5% compared to the 12-month annual mean) allowed to represent 98.3% of African 
rangelands. 
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Appendix D Coefficients of determination 

Year VOD-TC VOD-SV NDVI-TC NDVI-SV NDVI-VOD GIMMS 
MODIS 

CHIRPS 
MSWEP 

1982    0.68 0.56    0.93 
1983    0.64 0.54    0.91 
1984    0.63 0.56    0.92 
1985    0.73 0.61    0.86 
1986    0.69 0.58    0.96 
1987    0.68 0.59    0.96 
1988    0.70 0.51    0.95 
1989    0.75 0.61    0.96 
1990    0.73 0.61    0.96 
1991    0.66 0.59    0.96 
1992 0.50 0.37 0.64 0.59 0.67  0.96 
1993 0.54 0.25 0.71 0.42 0.67  0.95 
1994      

0.63  0.90 
1995 0.51 0.39 0.68 0.62 0.69  0.96 
1996 0.50 0.39 0.72 0.62 0.69  0.97 
1997 0.49 0.36 0.73 0.54 0.71  0.95 
1998 0.49 0.36 0.69 0.57 0.65  0.92 
1999 0.49 0.31 0.69 0.54 0.64  0.92 
2000      

0.66 0.89 0.89 
2001 0.47 0.36 0.75 0.56 0.65 0.90 0.91 
2002 0.47 0.41 0.73 0.55 0.68 0.90 0.96 
2003 0.48 0.38 0.72 0.61 0.65 0.94 0.97 
2004 0.44 0.41 0.63 0.57 0.69 0.97 0.96 
2005 0.49 0.37 0.70 0.54 0.68 0.93 0.96 
2006 0.48 0.37 0.76 0.56 0.67 0.93 0.95 
2007 0.47 0.36 0.72 0.58 0.67 0.95 0.97 
2008 0.47 0.36 0.73 0.55 0.67 0.95 0.97 
2009 0.49 0.40 0.73 0.57 0.70 0.92 0.91 
2010 0.47 0.39 0.76 0.59 0.67 0.93 0.97 
2011 0.48 0.41 0.74 0.62 0.67 0.91 0.95 
2012     0.75 0.60  0.91 0.95 
2013    0.76 0.59   0.90 0.95 
2014    0.75 0.57   0.94 0.96 
2015    0.72 0.59   0.93 0.96 

       
     

Mean r2 0.49 0.37 0.71 0.57 0.67 0.93 0.94 

Table D.17.3 Coefficients of determination of vegetation data and spatial resolution resampling 
accuracy assessments. The table reports the full list of coefficients of determination (r2) of both the vegetation 
data (green; section 3.3.2) and spatial resolution resampling (yellow; section 3.3.4) accuracy assessments. All r2 are 
statistically significant (p < 0.001). Time-series are as follow: NDVI 1982-2015; VOD 1992-2011; VCFs 1982-
2015 (no data available in 1994 and 2000); MODIS 2000-2015; CHIRPS and MSWEP 1982-2015. 
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Appendix E ESA CCIv04.2 quality flags 

List of quality flags (number and attribute) of the ESA CCI soil moisture product v04.2 as reported in 

Chung et al. (2018a). 

0 = no data inconsistency detected (good quality values) 
1 = snow coverage or temperature below zero 2 
2 = dense vegetation 
3 = combination of flag values 1 and 2 
4 = others - no convergence in the model thus no valid soil moisture estimates 
5 = combination of flag values 1 and 4 
6 = combination of flag value 2 and 4 
7 = combination of flag values 1, 2, and 4 
8 = soil moisture value exceeds physical boundary 
9 = combination of flag values 1, and 8 
10 = combination of flag values 2, and 8 
11 = combination of flag values 1, 2, and 8 
12 = combination of flag values 4, and 8 
13 = combination of flag values 1, 4, and 8 
14 = combination of flag values 2, 4, 8 
15 = combination of flag values 1, 2, 4, and 8 
16 = weight of measurement below threshold/data set deemed unreliable 
17 = combination of flag values 1 and 16 
18 = combination of flag values 2 and 16 
19 = combination of flag values 1 and 2 and 16 
20 = combination of flag values 4 and 16 
21 = combination of flag values 1 and 4 and 16 
22 = combination of flag values 2 and 4 and 16 
23 = combination of flag values 1 and 2 and 4 and 16 
24 = combination of flag values 8 and 16 
25 = combination of flag values 1 and 8 and 16 
26 = combination of flag values 2 and 8 and 16 
27 = combination of flag values 1 and 2 and 8 and 16 
28 = combination of flag values 4 and 8 and 16 
29 = combination of flag values 1 and 4 and 8 and 16 
30 = combination of flag values 2 and 4 and 8 and 16 
31 = combination of flag values 1 and 2 and 4 and 8 and 16 
32 = all datasets deemed unreliable 
33 = combination of flag values 1 and 32 
34 = combination of flag values 2 and 32 
35 = combination of flag values 1 and 2 and 32 
36 = combination of flag values 4 and 32 
37 = combination of flag values 1 and 4 and 32 
38 = combination of flag values 2 and 4 and 32 
39 = combination of flag values 1 and 2 and 4 and 32 
40 = combination of flag values 8 and 32 
41 = combination of flag values 1 and 8 and 32 
42 = combination of flag values 2 and 8 and 32 
43 = combination of flag values 1 and 2 and 8 and 32 
44 = combination of flag values 4 and 8 and 32 
45 = combination of flag values 1 and 4 and 8 and 32 
46 = combination of flag values 2 and 4 and 8 and 32 
47 = combination of flag values 1 and 2 and 4 and 8 and 32 
48 = combination of flag values 16 and 32 
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49 = combination of flag values 1 and 16 and 32 
50 = combination of flag values 2 and 16 and 32 
51 = combination of flag values 1 and 2 and 16 and 32 
52 = combination of flag values 4 and 16 and 32 
53 = combination of flag values 1 and 4 and 16 and 32 
54 = combination of flag values 2 and 4 and 16 and 32 
55 = combination of flag values 1 and 2 and 4 and 16 and 32 
56 = combination of flag values 8 and 16 and 32 
57 = combination of flag values 1 and 8 and 16 and 32 
58 = combination of flag values 2 and 8 and 16 and 32 
59 = combination of flag values 1 and 2 and 8 and 16 and 32 
60 = combination of flag values 4 and 8 and 16 and 32 
61 = combination of flag values 1 and 4 and 8 and 16 and 32 
62 = combination of flag values 2 and 4 and 8 and 16 and 32 
63 = combination of flag values 1 and 2 and 4 and 8 and 16 and 32 
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Appendix F NDVI data resampling 

Year Area at 8 km spatial resolution Area at 25 km spatial resolution Difference 
1982 7,089,280 6,695,000 394,280 
1983 6,899,776 6,460,625 439,151 
1984 6,865,856 6,487,500 378,356 
1985 7,092,480 6,700,000 392,480 
1986 7,101,888 6,688,125 413,763 
1987 6,967,936 6,590,625 377,311 
1988 6,998,144 6,610,625 387,519 
1989 7,278,528 6,911,250 367,278 
1990 7,254,336 6,895,000 359,336 
1991 7,104,896 6,721,250 383,646 
1992 6,960,640 6,581,250 379,390 
1993 6,934,528 6,530,000 404,528 
1994 6,783,168 6,366,875 416,293 
1995 7,361,216 7,051,250 309,966 
1996 7,346,432 7,036,875 309,557 
1997 7,420,864 7,128,750 292,114 
1998 7,318,464 7,015,625 302,839 
1999 7,291,392 7,005,625 285,767 
2000 6,998,656 6,699,375 299,281 
2001 7,402,944 7,111,250 291,694 
2002 7,320,192 7,007,500 312,692 
2003 7,235,008 6,887,500 347,508 
2004 7,099,776 6,693,125 406,651 
2005 7,029,376 6,573,750 455,626 
2006 7,353,088 7,051,250 301,838 
2007 7,143,232 6,759,375 383,857 
2008 7,343,488 7,040,000 303,488 
2009 7,382,976 7,080,000 302,976 
2010 7,376,000 7,070,000 306,000 
2011 7,394,304 7,098,125 296,179 
2012 7,430,656 7,133,125 297,531 
2013 7,436,672 7,155,000 281,672 
2014 7,425,728 7,131,250 294,478 
2015 7,407,680 7,118,125 289,555 

    Average 7,201,459 6,855,441 346,018 

Table F.17.4 Rangeland extent as represented by NDVI at the nominal (i.e., 8 km) and resampled 
(i.e., 25 km) spatial resolution. The table reports the year-by-year rangeland extent (km2) for Africa as 
expressed by NDVI at 8 km and 25 km spatial resolution. Averaging 7 pixels in a 3 x 3 grid block produced an 
average difference of ca. 340,000 km2. The spatial extent at the nominal spatial resolution changes because of the 
assumptions (e.g., quality flag selection, sensitivity analysis, threshold on annual mean NDVI) made ahead of the 
spatial resolution resampling. 
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Appendix G CHIRPS vs. CRU precipitation 

This appendix summarises the accuracy assessment computed to assess the level of agreement between 

the precipitation product used to identify the water and non-water constrained rangelands (i.e., 

CHIRPSv2.0) and the precipitation product used as one of the input variables in the LPJ-GUESS 

model (i.e., CRU version TS 3.24.01). A strong agreement (average r2 = 0.89, p < 0.001) between the 

two precipitation datasets was observed during 1982-2015 in the rangelands of Africa, as shown by the 

coefficients of determination (table G.1) obtained from the per-year scatterplots (figure G.1). The 

CRU dataset was downloaded at monthly temporal resolution and later aggregated to annual mean 

values as in section 3.3.3. Spatially, it comes at a nominal resolution of 50 km, and was therefore 

resampled (bilinear) at 25 km to match the common spatial resolution of the other datasets (see section 

3.3.4). This accuracy assessment compared no lag annual mean composites. 

CHIRPS vs. CRU 
Year 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 

r2 0.87 0.87 0.89 0.81 0.83 0.91 0.90 0.88 0.88 0.88 0.84 0.94 
Year 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 

r2 0.91 0.93 0.91 0.91 0.90 0.95 0.85 0.84 0.96 0.91 0.92 0.91 
Year 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 Mean r2 

r2 0.90 0.96 0.90 0.89 0.91 0.94 0.88 0.87 0.91 0.84 0.89 

Table G.1 CHIRPS vs. CRU accuracy assessment. All coefficients of determination (r2) are statistically 
significant (p < 0.001). 

 

 

Figure G.1 CHIRPS vs. CRU accuracy assessment. Examples of some per-year scatterplots showing 

strong statistically significant (p < 0.001) coefficients of determination (r2) between the two precipitation datasets. 

Dashed line represents the 1:1 line and the red line is the line of best fit. 
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Appendix H Z-score time-series 

This appendix reports the full z-score time-series of vegetation (NDVI, TC, VOD, SV, and BG), 

climate (precipitation and soil moisture), and modelled (AGC and WDC) data for both climatic- and 

non-climatic-driven rangelands. By reporting all variables at once, the following images provide an 

overarching picture of the relationships between changes in water availability/climate (i.e., chapter 5) 

and changes in the vegetation composition (i.e., chapter 6). These slope values were used to create 

figure 5.4. and figure 6.6. 
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Figure H.17.1 Z-score time-series for the climatic-driven rangelands. a, Western Sahel. b, Chad. Graphs 
show z-score of normalised difference vegetation index (NDVI), tree cover (TC), vegetation optical depth 
(VOD), short vegetation (SV), bare ground (BG), simulated aboveground carbon (AGC), simulated woody 
biomass carbon (WDC), precipitation (P) and soil moisture (SM) during 1982-2015. VOD data are available 
between 1992 and 2011. No TC, SV, and BG data are available in 1994 and 2000. The turquoise of the z-score 
line indicates the mean response, the black line represents the linear trend, the grey lines are the 5th and 95th 
percentiles. 
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Figure H.27.2 Z-score time-series for the climatic-driven rangelands of southern Africa. Graphs show 
z-score of normalised difference vegetation index (NDVI), tree cover (TC), vegetation optical depth (VOD), 
short vegetation (SV), bare ground (BG), simulated aboveground carbon (AGC), simulated woody biomass 
carbon (WDC), precipitation (P) and soil moisture (SM) during 1982-2015. VOD data are available between 1992 
and 2011. No TC, SV, and BG data are available in 1994 and 2000. The turquoise of the z-score line indicates the 
mean response, the black line represents the linear trend, while the grey lines are the 5th and 95th percentiles. 
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Figure H.37.3 Z-score time-series for the non-climatic-driven rangelands: greening. a, West Africa. b, 
South Sudan. Graphs show z-score of normalised difference vegetation index (NDVI), tree cover (TC), 
vegetation optical depth (VOD), short vegetation (SV), bare ground (BG), simulated aboveground carbon 
(AGC), simulated woody biomass carbon (WDC), precipitation (P) and soil moisture (SM) during 1982-2015. 
VOD data are available between 1992 and 2011. No TC, SV, and BG data are available in 1994 and 2000. The 
turquoise of the z-score line indicates the mean response, the black line represents the linear trend, while the grey 
lines are the 5th and 95th percentiles. 
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Figure H.47.4 Z-score time-series for the non-climatic-driven rangelands: browning. a, Angola. b, 
Mozambique. Graphs show z-score of normalised difference vegetation index (NDVI), tree cover (TC), 
vegetation optical depth (VOD), short vegetation (SV), bare ground (BG), simulated aboveground carbon 
(AGC), simulated woody biomass carbon (WDC), precipitation (P) and soil moisture (SM) during 1982-2015. 
VOD data are available between 1992 and 2011. No TC, SV, and BG data are available in 1994 and 2000. The 
red of the z-score line indicates the mean response, the black line represents the linear trend, while the grey lines 
are the 5th and 95th percentiles. 
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Appendix I Confusion matrixes 

This appendix reports the full confusion matrixes for the ten most recent Landsat SR images classified 

(three in west Arica and three in South Sudan, and two in Angola and two in Mozambique). Each 

confusion matrix provides errors of omission, errors of commission, producer accuracy (100% – error 

of omission), user accuracy (100% – error of commission), and overall accuracy (OA). The numbers in 

italics report the sum of per-land cover class points grouped by validation and classified points. The 

total of these points is 1,250, which corresponds to the number of validation points selected in this 

study (i.e., 25% of 5,000). 
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Table I.1 7.5 Confusion matrixes for the six sub-areas in West Africa and South Sudan (non-climatic 
greening). Overall, producer, and user accuracies resulted to be significantly high and similar amongst the land 
cover maps as estimated by the different classification algorithms. Two areas showed lower-than-average 
accuracies, i.e., Hevero, Ivory Coast (West Africa, sub-area 2), and in Jumbo, South Sudan (sub-area 2) 
(highlighted in yellow), where misclassification between tree cover and short vegetation occurred. Only the most 
recent images were validated (2014, 2015, 2014 West Africa; 2015, 2015, 2013 South Sudan). (TC: tree cover; SV: 
short vegetation; BG: bare ground. CART: Classification and Regression Trees; RF: Random Forest; SVM: 
Support Vector Machine).  

Sub-area 1 - CART Sub-area 1 - RF Sub-area 1 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 500 3 0 503 TC 500 0 0 500 TC 500 6 0 506
SV 0 473 18 491 SV 0 483 40 523 SV 0 491 0 491
BG 0 24 232 256 BG 0 17 210 227 BG 0 3 250 253

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.0 5.4 6.0 Er. omission 0.0 3.4 13.3 Er. omission 0.0 1.8 0.0
Er. commission 0.6 3.7 9.4 Er. commission 0.0 7.6 7.5 Er. commission 1.2 0.0 1.2
Prod. Acc. 100.0 94.6 94.0 Prod. Acc. 100.0 96.6 86.7 Prod. Acc. 100.0 98.2 100.0
User Acc. 99.4 96.3 90.6 User Acc. 100.0 92.4 92.5 User Acc. 98.8 100.0 98.8
OA 96.4 OA 95.4 OA 99.3
Sub-area 2 - CART Sub-area 2 - RF Sub-area 2 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 488 77 0 565 TC 494 58 0 552 TC 484 108 0 592
SV 12 423 13 448 SV 6 442 12 460 SV 16 392 50 458
BG 0 0 237 237 BG 0 0 238 238 BG 0 0 200 200

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 2.4 15.4 4.3 Er. omission 1.2 11.6 4.0 Er. omission 3.2 21.6 16.7
Er. commission 13.6 5.6 0.0 Er. commission 10.5 3.9 0.0 Er. commission 18.2 14.4 0.0
Prod. Acc. 97.6 84.6 95.7 Prod. Acc. 98.8 88.4 96.0 Prod. Acc. 96.8 78.4 83.3
User Acc. 86.4 94.4 100.0 User Acc. 89.5 96.1 100.0 User Acc. 81.8 85.6 100.0
OA 91.8 OA 93.9 OA 86.1
Sub-area 3 - CART Sub-area 3 - RF Sub-area 3 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 500 6 0 506 TC 500 0 0 500 TC 500 4 0 504
SV 0 494 14 508 SV 0 500 47 547 SV 0 492 30 522
BG 0 0 236 236 BG 0 0 203 203 BG 0 4 220 224

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.0 1.2 4.7 Er. omission 0.0 0.0 15.7 Er. omission 0.0 1.6 10.0
Er. commission 1.2 2.8 0.0 Er. commission 0.0 8.6 0.0 Er. commission 0.8 5.7 1.8
Prod. Acc. 100.0 98.8 95.3 Prod. Acc. 100.0 100.0 84.3 Prod. Acc. 100.0 98.4 90.0
User Acc. 98.8 97.2 100.0 User Acc. 100.0 91.4 100.0 User Acc. 99.2 94.3 98.2
OA 98.4 OA 96.2 OA 97.0
Sub-area 1 - CART Sub-area 1 - RF Sub-area 1 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 486 9 0 495 TC 489 25 0 514 TC 486 9 0 495
SV 9 491 60 560 SV 7 475 60 542 SV 9 485 40 534
BG 5 0 190 195 BG 4 0 190 194 BG 5 6 210 221

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 2.8 1.8 20.0 Er. omission 2.2 5.0 20.0 Er. omission 2.8 3.0 13.3
Er. commission 1.8 12.3 2.6 Er. commission 4.9 12.4 2.1 Er. commission 1.8 9.2 5.0
Prod. Acc. 97.2 98.2 80.0 Prod. Acc. 97.8 95.0 80.0 Prod. Acc. 97.2 97.0 86.7
User Acc. 98.2 87.7 97.4 User Acc. 95.1 87.6 97.9 User Acc. 98.2 90.8 95.0
OA 93.4 OA 92.3 OA 94.5
Sub-area 2 - CART Sub-area 2 - RF Sub-area 2 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 486 38 0 524 TC 494 42 0 536 TC 497 185 0 682
SV 14 462 28 504 SV 6 458 22 486 SV 3 315 52 370
BG 0 0 222 222 BG 0 0 228 228 BG 0 0 198 198

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 2.8 7.6 9.3 Er. omission 1.2 8.4 7.3 Er. omission 0.6 37.0 17.3
Er. commission 7.3 8.3 0.0 Er. commission 7.8 5.8 0.0 Er. commission 27.1 14.9 0.0
Prod. Acc. 97.2 92.4 90.7 Prod. Acc. 98.8 91.6 92.7 Prod. Acc. 99.4 63.0 82.7
User Acc. 92.7 91.7 100.0 User Acc. 92.2 94.2 100.0 User Acc. 72.9 85.1 100.0
OA 93.6 OA 94.4 OA 80.8
Sub-area 3 - CART Sub-area 3 - RF Sub-area 3 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 500 14 0 514 TC 486 11 0 497 TC 497 12 0 509
SV 0 486 1 487 SV 14 486 1 501 SV 3 487 30 520
BG 0 0 249 249 BG 0 3 249 252 BG 0 1 220 221

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.0 2.8 0.3 Er. omission 2.8 2.8 0.3 Er. omission 0.6 2.6 10.0
Er. commission 2.7 0.2 0.0 Er. commission 2.2 3.0 1.2 Er. commission 2.4 6.3 0.5
Prod. Acc. 100.0 97.2 99.7 Prod. Acc. 97.2 97.2 99.7 Prod. Acc. 99.4 97.4 90.0
User Acc. 97.3 99.8 100.0 User Acc. 97.8 97.0 98.8 User Acc. 97.6 93.7 99.5
OA 98.8 OA 97.7 OA 96.3
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Table I.27.6 Confusion matrixes for the four sub-areas in Angola and Mozambique (non-climatic 
browning). Overall, producer, and user accuracies never dropped below ca. 90%. This is likely because the 
sharply fragmented landscape reduced the chance of misclassification between classes. Only the most recent 
images were validated (2015, 2015 Angola; 2015, 2012 Mozambique). (TC: tree cover; SV: short vegetation; BG: 
bare ground. CART: Classification and Regression Trees; RF: Random Forest; SVM: Support Vector Machine). 

 

Sub-area 1 - CART Sub-area 1 - RF Sub-area 1 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 500 7 0 507 TC 500 1 0 501 TC 500 3 0 503
SV 0 492 0 492 SV 0 499 0 499 SV 0 492 0 492
BG 0 1 250 251 BG 0 0 250 250 BG 0 5 250 255

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.0 1.6 0.0 Er. omission 0.0 0.2 0.0 Er. omission 0.0 1.6 0.0
Er. commission 1.4 0.0 0.4 Er. commission 0.2 0.0 0.0 Er. commission 0.6 0.0 2.0
Prod. Acc. 100.0 98.4 100.0 Prod. Acc. 100.0 99.8 100.0 Prod. Acc. 100.0 98.4 100.0
User Acc. 98.6 100.0 99.6 User Acc. 99.8 100.0 100.0 User Acc. 99.4 100.0 98.0
OA 99.4 OA 99.9 OA 99.4
Sub-area 2 - CART Sub-area 2 - RF Sub-area 2 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 499 0 0 499 TC 499 1 0 500 TC 500 10 0 510
SV 1 498 0 499 SV 1 499 9 509 SV 0 490 29 519
BG 0 2 250 252 BG 0 0 241 241 BG 0 0 221 221

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.2 0.4 0.0 Er. omission 0.2 0.2 3.0 Er. omission 0.0 2.0 9.7
Er. commission 0.0 0.2 0.8 Er. commission 0.2 2.0 0.0 Er. commission 2.0 5.6 0.0
Prod. Acc. 99.8 99.6 100.0 Prod. Acc. 99.8 99.8 97.0 Prod. Acc. 100.0 98.0 90.3
User Acc. 100.0 99.8 99.2 User Acc. 99.8 98.0 100.0 User Acc. 98.0 94.4 100.0
OA 99.8 OA 99.1 OA 96.9
Sub-area 1 - CART Sub-area 1 - RF Sub-area 1 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 499 3 0 502 TC 494 4 0 498 TC 500 2 0 502
SV 1 496 26 523 SV 6 494 55 555 SV 0 498 3 501
BG 0 1 224 225 BG 0 2 195 197 BG 0 0 247 247

500 500 250 1250 500 500 250 1250 500 500 250 1250
Er. omission 0.2 0.8 8.7 Er. omission 1.2 1.2 18.3 Er. omission 0.0 0.4 1.0
Er. commission 0.6 5.2 0.4 Er. commission 0.8 11.0 1.0 Er. commission 0.4 0.6 0.0
Prod. Acc. 99.8 99.2 91.3 Prod. Acc. 98.8 98.8 81.7 Prod. Acc. 100.0 99.6 99.0
User Acc. 99.4 94.8 99.6 User Acc. 99.2 89.0 99.0 User Acc. 99.6 99.4 100.0
OA 97.5 OA 94.6 OA 99.6
Sub-area 2 - CART Sub-area 2 - RF Sub-area 2 - SVM
Classification TC SV BG Classification TC SV BG Classification TC SV BG
TC 490 1 0 491 TC 498 0 0 498 TC 497 5 0 502
SV 10 499 0 509 SV 2 499 0 501 SV 3 482 38 523
BG 0 1 250 251 BG 0 1 250 251 BG 0 13 212 225

500 501 250 1251 500 500 250 1250 500 500 250 1250
Er. omission 2.0 0.4 0.0 Er. omission 0.4 0.2 0.0 Er. omission 0.6 3.6 12.7
Er. commission 0.2 2.0 0.4 Er. commission 0.0 0.4 0.4 Er. commission 1.0 7.8 5.8
Prod. Acc. 98.0 99.6 100.0 Prod. Acc. 99.6 99.8 100.0 Prod. Acc. 99.4 96.4 87.3
User Acc. 99.8 98.0 99.6 User Acc. 100.0 99.6 99.6 User Acc. 99.0 92.2 94.2
OA 99.0 OA 99.8 OA 95.3
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Appendix J Land cover map collections 

This appendix reports the land cover map collection and the detailed per-class extent change for each 

classified sub-area. Each sub-area covers a surface of ca. 71 km2, and therefore the surface covered by 

tree cover, short vegetation, and bare ground sums up to this value. When percentages are reported, 

these refer to the land cover percentage increase (positive or negative) in relation to the initial land 

cover extent (from-to extent change). 
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Figure J.17.5 Land cover map collection for Mako, Senegal (West Africa). Tree cover increased from 
39.86 km2 to 54.73 km2 (+37.28%) (CART), 32.93 km2 to 53.07 km2 (+61.15%) (RF), 33.77 km2 to 54.61 km2 

(+61.73%) (SVM), while the short vegetation decreased from 22.77 km2 to 12.83 km2 (-43.67%) (CART), 33.79 
km2 to 14.73 km2 (-56.40%) (RF), 27.42 km2 to 14.10 km2 (-48.58%) (SVM). Bare ground covered smaller areas 
compared to tree cover and short vegetation, yet it still shrank over time (ca. -4.51 km2 average of the three 
algorithms). 
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Figure J.27.6 Land cover map collection for Hevero, Ivory Coast (West Africa). While CART and RF 
algorithms showed no overall variation in the extent of all land cover type during 1987 and 2015 (tree cover from 
50.57 km2 to 46.42 km2, short vegetation from 20.24 km2 to 24.16 km2, bare ground smaller than 0.25 km2 in 
both), more oscillations were observed in the 2009 land cover extents, where CART estimated tree cover as 
extended as 61.61 km2 against the 22.28 km2 of RF, and short vegetation as 9.16 km2 against 48.52 km2. The SVM 
tree cover estimations were more similar to the CART than to the RF ones, yet significant differences emerged in 
short vegetation and bare ground results. The former strongly increased (1.29 km2 in 1987, 17.87 km2 in 2009 
and 37.72 km2 in 2015, +2,826.96%), while the latter appeared to be as extended as tree cover in 1987 (33.62 km2 
vs. 35.90 km2) to then drop to ca. 0.25 km2 in 2009 and 2015 (as calculated by CART and RF). Hevero 
represented an example where some misclassification occurred. While the most recent image (2015) showed 
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consistent outputs, in 1987 SVM estimated a likely unreasonable extent in bare ground (33.62 km2) compared to 
CART (0.01 km2) and RF (0.03 km2), and in 2009, with RF estimating larger extents in short vegetation (48.52 
km2) compared to CART (9.16 km2) and RF (17.78 km2). This is related to the lack of training points at the 
beginning and in the middle of the time-series. Indeed, extremely similar results with all three classification 
algorithms were obtained in the most recent image because training data were available. Differences progressively 
increased in antecedent (i.e., beginning and middle) images, as no VHR images, and therefore training points, 
were available (i.e., increasing misclassification). 
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Figure J.37.7 Land cover map collection for Bandoli, Ivory Coast (West Africa). CART and SVM 
produced similar outputs in all land cover types between 1986 and 2014, that is increased tree cover (+277.65% 
and +232.45%, with peak extents reached in 1998), decreased in short vegetation (-31.85% and -22.25%, with 
smaller extents also reached in 1998), and no significant extent and change in bare ground cover. Instead, while 
RF agreed with CART and SVM in regards of bare ground, it estimated unchanged areas for both tree cover 
(25.24 km2 in 1986, 26.74 km2 in 1998 and 27.04 km2 in 2014) and short vegetation (44.91 km2 in 1986, 42.93 
km2 in 1998 and 43.95 km2 in 2014), with short vegetation prevailing over tree cover. Bandoli represents another 
example where misclassification at the beginning and in the middle of the time-series occurred due to the lack of 
training points. In the most recent image, no major differences were observed, i.e., the tree cover was estimated 
as extended as 27.58 km2 (CART), 27.04 km2 (RF), and 25.62 km2 (SVM), short vegetation 43.38 km2 (CART), 
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43.95 km2 (RF), and 45.28 km2 (SVM), and bare ground 0.11 km2 (CART), 0.07 km2 (RF), and 0.16 km2 (SVM). 
In other words, the three different algorithms produced nearly identical results in the most recent image (i.e., 
training data available). Differences increased going backwards in time (i.e., no training data available). In the 
1998 image, SVM estimated tree cover as extended as 51.45 km2 compared to the 33.37 km2 of CART and 26.74 
km2 of RF, while in the earliest image (1986), RF overestimated the tree cover extent (25.24 km2) compared to 
CART (7.30 km2) and SVM (7.71 km2). 
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Figure J.47.8 Land cover map collection for Nagero, South Sudan. Tree cover increased from 0.32 km2 
to 52.89 km2 (+16,362.18%) (CART), 0.58 km2 to 57.60 km2 (9,791.65%) (RF), 3.17 km2 to 53.02 km2 
(+1,572.54%) (SVM) and the short vegetation overall shrank of 46.27 km2 (CART), 51.14 km2 (RF) and 34.67 
km2 (SVM) during 1987-2015 (-72.84% average). Good consistency was observed in the land cover outputs as 
classified by all three classification algorithms and at all times. 
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Figure J.57.9 Land cover map collection for Jumbo, South Sudan. CART, RF, and SVM estimated no 
significant changes in all land cover types. Tree cover dominated the landscape in 1986, 2000, and 2015, with 
higher extents in 2000 (61.49 km2 CART, 67.54 km2 RF, 70.00 km2 SVM). The amount of short vegetation 
counterbalanced the tree cover, covering small portions of the sub-area and reaching its minimum extent in 2000 
(10.01 km2 (CART), 4.00 km2 (RF), 0.49 km2 (SVM)). Bare ground was always estimated as smaller than 0.50 km2. 
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Figure J.67.10 Land cover map collection for Malakal, South Sudan. Tree cover increased from 4.83 km2 
to 35.94 km2 (+643.63%) (CART), 12.60 km2 to 30.43 km2 (+141.56%) (RF), 0.03 km2 to 34.97 km2 
(+114,185.29%) (SVM), and the short vegetation overall shrank of 30.24 km2 (CART), 10.13 km2 (RF) and 30.16 
km2 (SVM) (-40.93% average) during 1992-2013. Good consistency was observed in the land cover outputs as 
classified by all three classification algorithms and at all times. 
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Figure J.77.11 Land cover map collection for Chimboa, Angola. Tree cover represented the most 
extended land cover type in all years (1989, 2001, 2015). It weakly decreased from 63.28 km2 to 58.13 km2 (-
8.14%) (CART), 65.10 km2 to 58.36 km2 (-10.35%) (RF), 62.22 km2 to 58.10 km2 (-6.62%) (SVM), while the short 
vegetation increased from 6.77 km2 to 11.79 km2 (+74.12%) (CART), 4.95 km2 to 11.60 km2 (+134.59%) (RF), 
7.83 km2 to 11.79 km2 (+50.52%) (SVM). Bare ground always smaller than 0.5 km2. This map collection also 
shows an example of the minimal misclassification of the browning regions. This is because here, tree cover and 
short vegetation were more sharply distinct. This made also the spectral signatures to be more unique, and 
therefore the classification process was effective also where no training data were available (i.e., earliest and 
middle images). In Chimboa, tree cover was estimated to occupy 63.28 km2 (CART), 65.10 km2 (RF), and 62.22 
km2 (SVM) in 1989, 68.85 km2 (CART), 68.90 km2 (RF), and 69.08 km2 (SVM) in 2001, and 58.13 km2 (CART), 
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58.36 km2 (RF), and 58.10 km2 (SVM) in 2015. Short vegetation covered 6.77 km2 (CART), 4.95 km2 (RF), and 
7.83 km2 (SVM) in 1989, 1.19 km2 (CART), 1.15 km2 (RF), and 0.96 km2 (SVM) in 2001, and 11.79 km2 (CART), 
11.60 km2 (RF), and 11.79 km2 (SVM) in 2015. Bare ground was always estimated smaller than 0.05 km2. In other 
words, the three classification algorithms produced nearly identical results at all times. 
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Figure J.87.12 Land cover map collection for Calucinga, Angola. The opposing trends in tree cover and 
short vegetation were more evident than in Chimboa. The former passed from 62.67 km2 to 34.80 km2 (-44.48%) 
(CART), 63.66 km2 to 33.14 km2 (-47.94%) (RF), 66.26 km2 to 34.16 km2 (-48.44%) (SVM), while the short 
vegetation increased from 7.88 km2 to 35.55 km2 (+350.92%) (CART), 6.90 km2 to 37.27 km2 (+440.43%) (RF), 
4.29 km2 to 36.31 km2 (+746.16%) (SVM). Bare ground always smaller than 0.5 km2. 
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Figure J.97.13 Land cover map collection for Mantoanacala, Mozambique. Tree cover was the 
predominant land cover type in 1989, 2006, and 2015, yet its extent approximately reached the short vegetation 
one in 2015. Tree cover decreased of ca. 11.89 km2 (-21.68% average of the three algorithms) between 1989 and 
2015, while the short vegetation increased of ca. 13.01 km2 (+73.54% average). 
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Figure J.107.14 Land cover map collection for Holoco, Mozambique. Tree cover dropped of ca. 32.67 
km2 (-47.02% average), while the short vegetation increased of ca. 32.31 km2 (+6,025.38% average). Similarly to 
Chimboa, it is here reported another example of the absent misclassification of browning regions. In Holoco, 
tree cover was estimated as extended as 69.62 km2 (CART), 69.40 km2 (RF), and 69.47 km2 (SVM) in 1991, 63.57 
km2 (CART), 63.86 km2 (RF), and 63.92 km2 (SVM) in 2004, and 38.46 km2 (CART), 35.36 km2 (RF), and 36.64 
km2 (SVM) in 2013. Short vegetation occupied 0.43 km2 (CART), 0.64 km2 (RF), and 0.57 km2 (SVM) in 1991, 
6.38 km2 (CART), 6.10 km2 (RF), and 6.03 km2 (SVM) in 2004, and 31.24 km2 (CART), 34.39 km2 (RF), and 
32.95 km2 (SVM) in 2013 (bare ground smaller than 0.05 km2). In other words, the three classification algorithms 
produced nearly identical results at all times. 
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Appendix K VHR- or ground-based validation 

Area Time-series Spatial resolution Result (G/B) Reference 

Mali^ 1984-2011 
  Ground-based 

aboveground herbaceous 
observations 

Carbon gains from 
increased herbaceous 

cover (G) 
Dardel et al. (2014) 

Senegal*  1987-2013 5 ground-based woody 
cover observations 

Increased woody 
cover (G) Brandt et al. (2015) 

Chad^, Senegal*, 
and Mali^ 2000-2014 178 ground-based woody 

cover observations 
Increased woody 

cover (G) Brandt et al. (2016a) 

South Africa^ 1940 vs. 2010 1020 km2 of aerial 
photographs 

Increased woody 
cover (G) Stevens et al. (2016) 

South Sudan*, 
West Africa*, and 

South Africa^ 
1986-2016 30 m (Landsat data) Increased woody 

cover (G) Venter et al. (2018) 

Angola* and 
Mozambique* 2000-2012 30 m (Landsat data) Decreased woody 

cover (B) Hansen et al. (2013) 

Angola* and 
Mozambique* 1999-2010 30 m (Landsat data) Decreased woody 

cover (B) 
Achard et al. (2014) 

Angola* and 
Mozambique* 2007-2010 

25 m (ALOS-PALSAR 
radar data) and ground-

based carbon observations 

Carbon losses from 
deforestation (B) McNicol et al. (2018) 

Angola* 1989-2014 30 m (Landsat data) Decreased woody 
cover (B) Cherlet et al. (2018) 

Angola* 2000-2017 

30 m (Landsat data) and 
ground-based vegetation 
observations in open and 
closed Miombo forests 

Decreased woody 
cover (B) Chiteculo et al. (2018) 

Table K.17.7 Validation of the results presented here with studies based on VHR or ground data. 
None of the results of this study was derived from the direct analysis of long-term VHR or ground-base data. 
Therefore, to further validate the results at 25 km and 30 m spatial resolution presented here, the table lists some 
key studies that reported similar long-term greening and browning trends derived from 30 m or higher (e.g., aerial 
photograph, ground-based observations) spatial resolution time-series analyses. It is worth mentioning that the 
area each study refers to may not precisely overlap or entirely represent the climatic- and non-climatic-driven 
rangeland of this study. As explained in chapter 6, most studies looked at greening and browning trends in 
relation to woody vegetation, with changes in the herbaceous layer that are still understudied. (G: greening; B: 
browning; ^: climatic-driven rangeland; *: non-climatic-driven rangeland). 
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