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Summary
The world’s food system is facing increasing problems to feed all of mankind due to
demographic, economic, and climatic changes. A wide range of studies has addressed these
issues in the past. However, there are only few detailed assessments using large-scale
modeling taking also the uncertainty in climate change impacts on global crop yields and
potentials for increasing yields into account. For sub-Saharan Africa (SSA), the most lowyielding region on a global scale at present, such studies are still entirely lacking. The present
study aimed at answering some of the most pressing questions in this nexus by applying a
crop growth model GEPIC to investigate the likely impacts of climate change on staple food
crop yields in SSA under different climate projections on a large scale. Different management
strategies for improving crop yields in SSA were investigated under the current and projected
future climate after the model was calibrated to account for recent crop growth limitations in
the region. The overall study was conducted within the four main steps specified below:
First, the GEPIC model was applied to project climate change impacts on the
production and water use of major cereal crops on the global scale for the 2030s (short term)
and the 2090s (long term). The simulations showed larger impact uncertainties on larger (e.g.
global and continental) than on smaller geographical scales (e.g. national and below). Shortterm gains in crop production from climate change were predicted for many African
countries, but gains would then mostly vanish and turn into losses in the long run. Irrigation
dependence in crop production was projected to increase in general, while several water poor
regions will rely less heavily on irrigation. The heterogeneity of spatial patterns and the nonlinearity of temporal changes of the impacts call for site-specific adaptive measures with
perspectives of reducing short- and long-term risks of future food and water security.
In the next step, we regionalized the GEPIC model for simulating maize cultivation in
SSA. This region has currently the lowest yields and is expected to face adverse impacts of
climate change in the long run as projected above. Planting dates were estimated using
reported planting seasons, plant growth parameters were adopted from literature to reflect a
low-yielding cultivar, and agricultural practice was mimicked by simulating continuous
cultivation of maize with removal of plant residues. The analysis of different estimates of
planting dates showed that at least a weekly time step should be used. The parameterization of
a low-yielding cultivar by decreasing the maximum and minimum harvest index (HI) in the
model resulted in HI estimates within the range of values reported in the literature for the
region. Most importantly, the removal of plant residues in combination with little fertilizer
inputs led to soil nutrient and organic carbon depletion in our simulations, as found in reality
in most parts of SSA during the past decades. Taking account of these management practices,
the model predicted that crop growth is more constrained by nutrient deficits than water or
temperature in most parts of SSA.
In order to assess the maize yield potential under high-input conditions in SSA, we
used the calibrated regionalized GEPIC model to simulate yield responses to different
management scenarios, varying (a) nutrient supply, (b) extent of irrigated areas, and (c) crop
yield potential (low vs. high yielding cultivars). Extending the irrigated area or planting an
improved cultivar produced little effect on maize yield at the current level of nitrogen (N) and
phosphorus (P) application rates. Increasing nutrient supply to the level commonly applied in
high-input regions would allow for a tripling of maize yields from the current 1.4 to 4.5 Mg
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ha-1 and could increase yields even to 7 Mg ha-1 in combination with an improved cultivar.
Irrigation was found to be especially effective for increasing yields in areas where they are
very low at present, concomitant to improvements in nutrient supply and cultivars. Maximum
yields could reach 8-10 Mg ha-1 in East and Southern Africa, and 7-9 Mg ha-1 in West Africa
according to the model. The lowest yield potentials were found for the Western parts of
Central Africa, where they often reached only 4-6 Mg ha-1, due to low solar radiation and low
nutrient availability on highly weathered soils. High inputs are required in order to reach the
maximum yield levels. But even with a supply of only 50 kg N ha-1 and 18 kg P ha-1, which is
less than one third of the current level in high-input countries, maize yields could likely be
doubled for most areas in SSA.
In the last step, potential climate change impacts on maize yields in SSA were
investigated for different fallow or crop rotation options. The results suggest that rotation with
a fast growing nitrogen (N) fixing tree can lead to a substantial increase in yields over time,
due to gradual increase in available soil N pools, water infiltration, and soil water holding
capacity. On the other hand, intensive cultivation with a bare fallow or a herbaceous crop like
cowpea in the rotation resulted on average in lower yields and high soil erosion, which
increases the crop’s vulnerability to adverse climate conditions that are predicted to become
more frequent in the future. For this reason, yields were predicted to decrease in all tested
management scenarios towards the end of the century, when temperatures are expected to
increase by up to +5°C. Further adaptation measures are needed to avert this negative trend.
In conclusion, climate change can be expected to have adverse impacts on crop yields
in SSA in the long run. But given that yields of maize and other staple food crops are at the
very bottom of globally reported yields, which is mainly due to nutrient deficiencies, there is a
large potential for increasing agricultural productivity in tropical regions of SSA, by means of
fertilizer applications and introduction of higher yielding cultivars. In (semi-)arid regions
there is additional potential to increase yields by extending irrigation. Considering potential
climate change impacts, intensification employing green manures may be more favorable than
intensification using mineral fertilizers only. Further research will have to address still open
issues like evaluations of cultivars with different stress tolerances, the performance of other
crops, or the economic feasibility of the agronomic measures evaluated in this study.
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Zusammenfassung
Auf Grund von demographischen, ökonomischen und klimatischen Veränderungen ist
das Ernährungssystem der Welt mit zunehmenden Schwierigkeiten konfrontiert, ausreichend
Nahrungsmittel für alle Menschen bereit zu stellen. Zahlreiche Studien haben diese Probleme
bereits aufgegriffen. Es liegen jedoch nur wenige Untersuchungen vor, die einerseits von
großskaligen landwirtschaftlichen Modellen Gebrauch machen und gleichzeitig
Unsicherheiten in den Abschätzungen vom Einfluss des Klimawandels auf globale
Ernteerträge sowie Potentiale zur Erhöhung von Ernteerträgen einschließen. Für das subSaharische Afrika (SSA), die Region der Welt mit den momentan niedrigsten
landwirtschaftlichen Erträgen, fehlen solche Studien bislang gänzlich.
Die vorliegende Studie zielte darauf ab, einige der dringlichsten Fragen in diesem
Zusammenhang zu beantworten., Für die Ermittlung der zu erwartenden Auswirkungen des
Klimawandels auf die Erträge von Grundnahrungsmitteln in SSA unter verschiedenen
Klimaprojektionen, wurde das Pflanzenwachstumsmodell GEPIC genutzt. Zusätzlich wurden
verschiedene landwirtschaftliche Pflanzenmanagementszenarien zur Erhöhung von
Ernteerträgen in SSA unter aktuellem und projiziertem künftigem Klima getestet. Dazu wurde
das Modell zur Repräsentation aktueller Wachstumslimitierungen in der Region kalibriert.
Die gesamte Studie wurde in den folgenden vier Hauptschritten durchgeführt:
Zuerst wurde das GEPIC-Modell angewandt, um die Auswirkungen des Klimawandels
auf die Produktion und den Wasserverbrauch wichtiger Cerealien auf globaler Ebene für die
2030er Jahre (nahe Zukunft) und 2090er Jahre (ferne Zukunft) abzuschätzen. Die
Simulationen zeigten, dass die Unsicherheit der projizierten Auswirkungen auf großer
geographischer Ebene (z.B. global oder kontinental) größer ist als auf kleinerer Ebene (z.B.
national und darunter). Kurzfristige Ertragssteigerungen durch Klimawandel wurden für
zahlreiche afrikanische Länder vorhergesagt. Im zeitlichen Verlauf sanken die Zugewinne in
der Nahrungsmittelproduktion jedoch und das Modell zeigte langfristig Verluste an. Die
Abhängigkeit von Bewässerung nahm generell zu, wobei jedoch zahlreiche wasserknappe
Regionen weniger stark von Bewässerung abhängen würden. Die Heterogenität räumlicher
Muster und die Nichtlinearität zeitlicher Veränderungen von Klimawandelauswirkungen
erfordern lokal spezifische Anpassungsmaßnahmen mit dem Ziel, kurz- und langfristige
Risiken in der Nahrungssicherheit und Sicherheit der Wasserversorgung zu reduzieren.
Im nächsten Schritt haben wir GEPIC für die Simulation von Maisanbau in SSA
regionalisiert. Diese Region hat momentan die niedrigsten Erträge weltweit und, wie bereits
erwähnt, kann erwartet werden, dass langfristig der Klimawandel die Anbausituation weiter
verschlechtern wird.. Zur Anpassung des Modells wurden Pflanzdaten innerhalb von
bekannten zeitlichen Saatfenstern abgeschätzt, Wachstumsparameter wurde aus der Literatur
übernommen um einen Kultivar mit niedrigem Ertrag zu repräsentieren und die gängige
landwirtschaftliche Praxis wurde durch kontinuierlichen Feldbau sowie Abfuhr der
Pflanzenreste vom Feld imitiert. Die Analyse verschiedener ermittelter Pflanzdaten zeigte,
dass zu ihrer zuverlässigen Abschätzung zeitlich mindestens ein wöchentlicher Schritt
angewandt werden muss. Die Anpassung des Kultivars mittels Eingabe eines niedrigen
minimalen und maximalen Harvest Index (= Anteil der Erntemasse an der gesamten Pflanze;
HI) resultierte in einer guten Übereinstimmung zwischen berichteten HI aus der Region und
simulierten Werten. Der wichtigste Schritt war jedoch die Entfernung der Pflanzenreste nach
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der Ernte kombiniert mit niedrigen Düngergaben, was während den Simulationen zu einer
Abnahme der Nährstoff- und organischen Kohlenstoffpools im Boden führte. Dies ist auch in
der Realität in den meisten Teilen von SSA in den letzten Jahrzehnten geschehen. Auf Grund
der Berücksichtigung dieser landwirtschaftlichen Praxis ist das Pflanzenwachstum in den
meisten Gegenden von SSA im Modell eher durch Nährstoffmangel als durch Wassermangel
oder widrige Temperaturen limitiert.
Um das Potential der Maiserträge in SSA unter hohem Einsatz landwirtschaftlicher
Produktionsfaktoren zu ermitteln, wurde das kalibrierte und regionalisierte GEPIC angewandt
und die Ertragssteigerung unter verschiedenen Managementszenarien untersucht. Dabei
wurden (a) die Nährstoffversorgung, (b) das Ausmaß der bewässerten Anbauflächen und (c)
Kultivare mit niedrigem oder hohem Ertrag variiert. Eine Ausweitung der
Bewässerungsflächen oder das Pflanzen einer Sorte mit hohem Ertrag hatten nur einen
geringen Effekt, wenn die Stickstoff- (N) und Phosphor- (P) Düngerraten auf dem
momentanen Niveau blieben. Eine Erhöhung der Düngerraten auf das heute in Regionen mit
umfangreicher Verwendung landwirtschaftlicher Produktionsmittel übliche Niveau würde
hingegen eine Verdreifachung der Erträge von 1.4 auf 4.5 Mg ha-1 erlauben und eine
Steigerung auf sogar 7 Mg ha-1 in Kombination mit einem verbesserten Kultivar.
Bewässerung ist besonders effektiv zur Ertragssteigerung in Regionen mit momentan sehr
niedrigen Erträgen, wenn gleichzeitig auch die Nährstoffversorgung verbessert und eine
ertragsreiche Maissorte verwendet wird. Die Maximalerträge könnten gemäß dem Modell in
Ost-Afrika und im südlichen Afrika bei 8-10 Mg ha-1 und bei 7-9 Mg ha-1 in West-Afrika
liegen. Auf Grund niedriger Sonneneinstrahlung und geringer Nährstoffverfügbarkeit in den
stark verwitterten Böden wurden die niedrigsten Ertragspotentiale für das westliche ZentralAfrika, wo sie oft bei nur 4-6 Mg ha-1 lagen, festgestellt. Umfangreiche Produktionsmittel
sind für das Erreichen dieser Erträge notwendig. Allerdings kann eine Nährstoffzufuhr von 50
kg N ha-1 und 18 kg P ha-1, weniger als ein Drittel der momentanen Düngerraten in Ländern
mit industrialisierter Landwirtschaft, bereits eine Verdopplung der Maiserträge in den meisten
Gegenden von SSA bewirken.
Im letzten Schritt wurden die Auswirkungen des Klimawandels auf Maiserträge in
SSA für verschiedene Szenarien von Brachenmanagement und Pflanzenrotation untersucht.
Die Ergebnisse deuten darauf hin, dass Rotation mit einem schnell wachsenden, Nfixierenden Baum mittels allmählicher N-Anreicherung im Boden, verbesserter
Wasserinfiltration und Verbesserung der Bodenwasserhaltekapazität im Lauf der Zeit zu
signifikanten Ertragssteigerungen führen kann. Intensive Landwirtschaft mit einer leeren
Brache oder Rotation mit einer krautigen Pflanze wie Augenbohne andererseits resultierten im
Durchschnitt in niedrigeren Erträgen sowie höherer Bodenerosion, wodurch die Anfälligkeit
des Mais gegenüber widrigem Klima, welches in der Zukunft häufiger auftreten soll, zunahm.
Da die Temperatur im Durchschnitt um +5°C stieg, nahmen die Maiserträge in allen
Szenarien gegen Ende des Jahrhunderts ab. Zusätzliche Anpassungsmaßnahmen sind
notwendig, um diesem negativen Trend zu begegnen.
Zusammenfassend kann davon ausgegangen werden, dass der Klimawandel langfristig
negative Auswirkungen auf Ernteerträge in SSA haben wird. Da jedoch die Erträge für Mais
und andere Grundnahrungsmittel, hauptsächlich auf Grund mangelnder Nährstoffzufuhr,
momentan die niedrigsten weltweit sind, gibt es ein großes Potential zur Erhöhung der
landwirtschaftlichen Produktivität. Eine verbesserte Nährstoffzufuhr und die Einführung
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ertragsreicher Sorten in tropischen Gegenden von SSA zeigen im Modell eine große Wirkung
auf . In semi-ariden Gebieten besteht zusätzlich Potential durch die Ausweitung von
Bewässerungsflächen. Hinsichtlich potentieller Klimawandelauswirkungen ist eine
Intensivierung mittels „grüner Dünger“ wahrscheinlich vorteilhafter als eine Intensivierung
basierend auf Mineraldünger. Weitere Untersuchungen werden noch immer offene Fragen wie
die Evaluation von Sorten mit verschiedenen Stresstoleranzen, das Verhalten anderer
Feldfrüchte und die ökonomische Machbarkeit verschiedener landwirtschaftlicher
Managementoptionen, die in dieser Studie untersucht wurden, beantworten müssen.
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1. General introduction of the project
1.1. Background
1.1.1.

Pressures of global changes on the world’s food system

The global population is currently at an estimated 7 billion and expected to reach
about 10 billion by mid-century, with a doubling or even quadrupling of population numbers
in many sub-Saharan countries (UNDP, 2010). Simultaneously, there are globally about 870
million people chronically undernourished (FAO, 2012). In addition, economic growth in
emerging countries such as China and India, but also some African states like Ethiopia,
Nigeria and Mozambique (World Bank, 2012), is leading to a higher demand for animal
foods, which require large amounts of cereals (Godfray et al., 2010). At the same time, soil
degradation and climate change are expected to cause lower crop yields in many regions in
the future (Godfray et al., 2010), although some may also profit from more favorable climate
conditions, allowing the cultivation of new crops or several cropping seasons per year (e.g.
Rosenzweig and Parry, 1994; Tubiello et al., 2003; Parry et al., 2004; Schmidhuber and
Tubiello, 2007). Adverse effects of global environmental changes on agricultural production
are already felt in sub-Saharan Africa or to become a serious problem in the near future
(Stocking, 2003; Boko et al., 2007; Lobell et al., 2008).
In this context, also crop water productivity (CWP), i.e. the amount of water
consumed by evapotranspiration (ET) per unit of yield produced, and agricultural
consumptive water use (CWU) are issues of growing importance (Yang et al., 2003;
Rockström et al., 2007; Liu and Yang, 2010). Increasing water scarcity in many regions
renders it necessary to achieve the goal of increased food production by obtaining higher
yields with less water or to become ever more dependent on imports of crop products.
Rockström et al. (2007) recently estimated that under current water productivity levels an
additional 2200 km3 yr-1 of water would have to be consumed by ET for crop production to
halve hunger by 2015 and another 5200 km3 yr-1 to alleviate hunger in 2050. Most of this
additional water would have to come from green water, as blue water becomes increasingly
scarce in many developing countries, where most of the additional food is needed.
Given these challenges, there is demand for estimates of climate change impacts on
crop yields and crop water productivity, especially for poor countries with high population
growth and scarce water resources. While these are widespread conditions in SSA, such
studies are still entirely lacking for this region. In addition, knowledge is needed on how
agronomic intensification practices that are presently promoted in SSA will perform in the
future under conditions of climate change.
1.1.2.

Agriculture in SSA

SSA has long been and still is the region with the lowest productivity in cereals (FAO,
2010). The main reasons for low cereal yields in this part of the world are (a) nutrient
depleted soils (Sánchez, 2002; Bationo et al., 2006), (b) lack of irrigation infrastructure in arid
sub-regions (Riddell et al., 2006), (c) still wide-spread use of low-yielding cultivars
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(Dingkuhn et al., 2006), and (d) local occurrences of massive weed infestations, pests and
diseases (e.g. Ejeta, 2007; Vaidyanatham, 2011). While the last point can currently not be
tackled by large scale crop models due to lack of data, large scale crop models are suited to
assess limitations resulting from the first three factors and evaluate potential approaches for
improvement.
Soils in most parts of Africa are very old and highly weathered as there is neither
substantial tectonic activity leading to land folding nor volcanic activity transporting minerals
to the surface. An exception is the Rift Valley in East Africa, which has developed from
tectonic activity and is known for its fairly fertile soils partly due to volcanic activity (Bationo
et al., 2006). Strong rainfall in humid regions, i.e. in West and Central Africa, has washed
nutrients out of scarcely vegetated soils and the often permanent or highly frequent cultivation
of agricultural soils without sufficient nutrient replenishment has added to soil nutrient
depletion along with losses of soil organic carbon (OC) (van Straaten, 2002; Bationo et al.,
2006).
Application rates for mineral fertilizers in SSA are the lowest in the world, with an
average of about 8 kg N ha-1 (FAO, 2007). Main reasons are high N fertilizer prices of up to
eight times the world market price caused by high transportation costs and fees (Morris et al.,
2007) and a lacking fertilizer industry on the continent except for South Africa, Zimbabwe,
and Senegal (FAO, 2010). As the production of N fertilizer is highly energy intensive, energy
costs and supply to local producers are limiting factors as well (Morris et al., 2007). Although
there are numerous phosphate deposits in Africa, a processing industry is not present also for
this nutrient at a large scale (FAO, 2010). Locally abundant P containing minerals usually are
of low solubility (van Straaten, 2002). As livestock is usually kept on the free range and only
occasionally on fallows, the recovery of nutrients from manure to arable land is estimated to
be very low with about 12%, in Kenya as compared to nearly 80% in the Netherland where
livestock is mostly kept in stables (Sheldrick et al., 2003). Legumes are often cultivated in
rotation or intercropping with cereals, but as crop residues are largely removed from the fields
after harvest as fodder or fuel, there is little recycling into the soil of nutrients extracted by
crop plants (Rosegrant et al., 2005).
Adverse climate is often considered the most limiting factor to cereal production in
SSA. However, precipitation and temperature are favorable in most parts of SSA with only
occasional occurrences of droughts and heat waves, except for (semi-)arid regions, where
precipitation is often permanently low an erratic (Barron et al., 2003; Faurès and Santini,
2008). In humid and monsoonal regions of West and Central Africa, annual precipitation of
up to 3000 mm yr-1 can even have adverse impacts on crop yields by favoring nutrient
leaching (Voortman et al., 2000) and the dense cloud cover that comes with it limits
photosynthesis (e.g. Tilahun et al., 2011).
Overall, maize is the most important staple food in SSA, providing about 20% of the
direct calorie intake and covering 13% of the cultivated land (FAO, 2010). As computational
power is limited and data for parameterization and validation of crops is scarce, the regional
assessments for SSA in this thesis deal only with maize cultivation, while the global
assessment also covers wheat and rice, which make up for 60% of the global calorie intake
either directly or in the form of fodder (Zwart and Bastiaanssen, 2004). A wide variety of
maize cultivars is currently used in SSA ranging from traditional land race over improved
open pollinated varieties to imported western hybrids. Also outcrossed lines from the latter
2

two are very common as improved varieties have been disseminated in various agricultural
development programs, but were propagated by farmers like conventional cultivars (Smale et
al., 2011). Goals of breeding and dissemination are among other higher yield fractions
(harvest index), biotic and abiotic stress tolerances, specific times until maturity, and specific
nutritional characteristics (e.g. Bänziger et al, 2006). According to recent estimates, about 4060% of the maize cultivation area is under improved cultivars including the aforementioned
outcrossings, which then have most often lower harvest indices, again (de Groote et al., 2002).
Regarding biotic crop growth limitations, Striga sp. is one of the major threats to
maize cultivation in SSA. The weed lives parasitic on maize and cowpea and is considered
responsible for yield losses of up to 80%, e.g. in Kenya. Originating in humid tropics of East
Africa, it is currently spreading to other parts of the continent (Ejeta, 2007). Viral infections
are wide-spread across the whole continent with maize streak geminivirus being one of the
most common infections (Thottappilly et al., 1993), while a new viral infection called maize
lethal necrosis has recently become a major concern in East Africa (Wangai et al., 2012;
CIMMYT, 2013). On the side of insect pests, finally, stem borers occur commonly in cereal
production and are considered responsible for annual yield losses of 15-40% although data on
actual impacts is scarce (Abate et al., 2000).
1.1.3.

Strategies to increase crop yields in SSA

According to the available literature yields can be increased in SSA primarily by the
following four strategies: (a) replenishing soil nutrient contents, (b) expanding irrigated areas,
(c) breeding and dissemination of improved cultivars, and (d) improved pest, weed and
disease control. Due to lack of data, the benefits of the last of these strategies were not
investigated in this study.
Soil nutrient stocks can be replenished and increased by applying more mineral
fertilizers, enhancing biological N-fixation, and increased return of plant residues and organic
wastes from animals and humans to the soils (Tilman et al., 2002). While mineral fertilizers,
animal manure and also biosolids are widely used in industrialized countries, there are only
very little inputs from any of these sources in SSA (Foley et al., 2011). As mineral fertilizers
are quite costly and energy intensive, many projects promote the use of “green manures”, Nfixing plants that are at least partly incorporated into the soil for N replenishment (e.g.
Akinnifesi et al., 2010; Palm et al., 2010) and processed human excreta in SSA (e.g. Cordell
et al., 2009). These sources have the additional advantage of supplying organic matter to the
soils and thus increasing their nutrient and water retention capacities (Adamtey et al., 2010).
On the other hand, there are also potential problems that need to be addressed. Green manure
production competes with the cultivation of target crops for land, water, labor and other
resources (e.g. Palm et al., 2010), while the land application of human (but also animal)
excreta bears a risk that pathogens are propagated and also can increase salinity due to sodium
input (Winker et al., 2009; Karak and Bhattacharyya, 2011). In this study, we are focusing on
mineral fertilizer application as way to enhance soil nutrient conditions, which is the most
common method to replenish soil nutrients in industrialized countries. Green manures, which
are currently widely promoted in SSA as mentioned above, are studied for comparing the
sustainability of conventional vs. ecological intensification under climate change in SSA. For
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lack of data, it was not feasible in the framework of this study to consider the potential
impacts of reusing animal and human wastes.
Water supply to crops can be improved by means of irrigation systems. Their
installation, however, requires fairly large investments (You et al., 2010). Another option is
the so-called “in-situ rainwater harvesting” method, in which rainfall water is prevented to be
lost as surface runoff from fields, for example by building small dams and furrow dikes across
the field, thereby increasing infiltration (Rockström et al., 2009). However, this approach is
highly site-specific, depending mainly on soil type and slope, and still requires sufficient
rainfall throughout the years. Last but not least, also the crop rotation and fallow management
has an influence on the availability of soil water. For example, cover crops outside the main
growing season can increase surface roughness compared to a bare fallow and hence limit
runoff (Lal, 1976). This can increase water availability for the main crop as long as the cover
crop does not consume more water than it provides. In addition, plant residue from main or
cover crops can be used for mulching, which limits unproductive ET (e.g. Al-Darby et al.,
1989), or improve the soils’ water retention capacity by increasing the OC pool if
incorporated into soils with low OC and high sand contents (Rawls et al., 2003). In this study,
we focus on the expansion of irrigated land as primary general strategy to enhance water
supply to crops in SSA. In addition, we assess the influence on soil water retention of
different crop rotations that are also studied for their potential benefits on soil nutrient status
as discussed above.
Modern and traditional maize cultivars grown in SSA vary in a wide range of traits,
including harvest index (HI), time until maturity, total biomass, plant height, leaf area index
(LAI), nutrient contents, rooting depths, and stress tolerance towards heat, drought, solar
radiation, salinity, toxic metals, pathogens, pests, soil bulk density, and root aeration. Of the
latter stresses, the agronomic field-scale model EPIC used in this study takes temperatures
beyond minimum and maximum thresholds, nutrient (N and P) and water deficit, soil salinity,
aluminum toxicity, and aeration into account (Williams, 1989). Crop parameters calculated by
the model include HI, time until maturity, plant height, nutrient (N, P, K) contents, and
rooting depth. Information on maize traits that is sufficient for the parameterization of EPIC
has been reported only for a few maize cultivars in the scientific literature. Based on the
available data, two cultivars were chosen for the study here to illustrate the diversity of
potential cultivars: one that has been parameterized for representing land races in West Africa
(Gaiser et al., 2010) and one that has been parameterized for representing improved hybrids
used in industrialized countries (Williams, 1989). The main difference between these two is
the fraction of yield given by HI.
CWP can be improved directly by increasing crop yield, e.g. through increased
fertilizer application, as ET from a given field is fairly constant under similar soil and fallow
management or water supply practices (e.g. Pilbeam et al., 1995; Rockström and Falkenmark,
2000; Gaiser et al., 2004; Zougmoré et al., 2004). Other approaches would be to improve the
efficiency of plant water usage, for example by breeding or soil preparation.
With the above general background, this study focuses on the evaluation of the
following set of contrasting strategies for increasing maize yields in SSA:


Current levels of fertilizer inputs are used for a global assessment of climate change
impacts on crop yields and for setting up and evaluating the model for SSA.
4





Conventional intensification using improved cultivars, mineral fertilizer and irrigation is
used for assessing the maize yield potential under input conditions similar to those in
industrialized countries.
Finally, maize yields and environmental impacts under climate change are compared for
using conventional intensification or so-called eco-intensification. The latter consists of
short-term rotation with an N fixing fast growing tree Sesbania sesban with
supplementary mineral N supply. As an intermediate management scenario, maize is
grown in rotation with cowpea plus supplementary N as well, whereas the cowpea
residue is left on the field after harvest.
1.2. The role and history of bio-physical crop growth models in the
assessment of crop yields and consumptive water use

Many of the aforementioned issues in global and sub-Saharan agriculture have been
addressed in scientific studies before. The most straight forward approach in earlier
assessments of global and sub-Saharan climate change impacts on crop yields and water
consumption was to use regressions over climate data only (e.g. Brown and Funk, 2004;
Lobell et al., 2008). However, this approach allows only for obtaining information on single
variables in contrast to bio-physical crop growth models, which make use of comprehensive
environmental data and provide information on changes in a wide range of agroenvironmental variables. In addition, the latter proceed in time steps (days to months) small
enough to allow taking account of seasonal weather fluctuations and not just trends in annual
averages.
Large-scale crop growth models are mostly based on field-scale models. In these biophysical models, crop yield is a function of many factors such as plant genotype, agronomic
practices, soil characteristics, and climate with water being one of the most important
environmental factors. Many different field-scale crop models have been developed, for
example DSSAT, WOFOST, CropSyst, YIELD, CENTURY, CropWat, APSIM, and EPIC.
(IBSNAT, 1989; Williams et al., 1989; Monteith, 1996; Zhang et al., 2002; Confalonieri and
Bocchi, 2005; Stehfest et al., 2007). The choice of a particular model depends on the question
to be addressed. For example, EPIC has been commonly used for analyzing impacts of
economic and environmental policies and crop management recommendations on agricultural
activities. To improve the spatial representation and visualization, crop models have been
coupled to GIS in recent years, as in the case of EPIC (GEPIC, Liu et al., 2007; Liu, 2009).
Although large-scale bio-physical crop models have been applied for assessing largescale climate change impacts on agriculture in very recent years (e.g. Liu et al., 2008; Fader et
al., 2010), there are some shortcomings that have not been tackled yet. Crop management has
hardly been taken into account (Liu et al., 2008) or was limited to smaller regions (e.g. Gaiser
et al., 2011; Waha et al., 2013). In addition, large-scale bio-physical crop models have partly
been evaluated for global assessments showing often large deviations from reported yields in
low-yielding countries (e.g. Stehfest et al., 2007, Wu et al., 2007; Liu, 2009) or for
applications in moderate to high yielding regions (e.g. Tao et al., 2009), but up to now no
large-scale model known to the author has been validated for maize production in SSA
directly.
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Further information on structure and processes of the GEPIC model applied in this
thesis and the underlying field-scale model EPIC is provided in Chapter 2.
1.3. Objectives and goals of the research
The goal of this study is to refine and apply the GIS-based crop growth model GEPIC
for analyzing climate change impacts on crop yields and crop consumptive on global scale
and the regional scale in SSA. The specific objectives in line with this general goal are as
follows:





To assess climate change impacts on global crop yields and water consumption for maize,
wheat and rice with an emphasize on uncertainty induced by different climate projections
To adjust the global crop model for representing current yields and crop growth
limitations in SSA
To estimate maize yield potential in SSA by improving cultivar, nutrient, and water
supply and to quantify needed inputs for obtaining high yields
To investigate the impact of climate change on maize yields in SSA under different
fallow and crop rotation management systems
1.4. Contents and structure of the dissertation

After an introduction of the crop growth model GEPIC and its underlying field-scale
model EPIC in Chapter 2, the objectives mentioned above are treated in the following four
main sections of this thesis:
Chapter 3 deals with a global assessment of global climate change impacts on yields
and consumptive water use of the three major staple food crops wheat, maize, and rice.
Thereby, also uncertainty in climate change projections is taken into account by using a set of
four GCMs and two contrasting socio-economic emission scenarios. Furthermore, results are
compared with current hotspots of water scarcity in order to identify future hotspots.
Chapter 4 describes the adjustment of the GEPIC model for sub-Saharan Africa. A
local maize cultivar is parameterized based on literature, different time-steps for planting date
estimation are assessed, and the importance of mimicking nutrient mining during the spin-up
period is highlighted. The results are comparisons of different implementations of these
adjustment steps in the form of scenarios.
Chapter 5 addresses limitations to maize growth in sub-Saharan Africa and the spatial
distribution of obtainable yields. The adjusted GEPIC model presented in chapter 3 is applied
to evaluate different input scenarios consisting of (a) sufficient N fertilizer, (b) irrigation
water availability in all grid cells, and (c) planting of an improved cultivar. In addition, the
response of maize to increasing fertilizer application rates is assessed and the inputs necessary
for implementing high-input agriculture are summed.
Chapter 6 finally presents an assessment of the performance of different crop rotation
and fallow management strategies on maize yields under climate change. The studies
scenarios are (a) Conventional intensification with high N fertilizer application rates and a
bare fallow, (b) rotation with cowpea and moderate supplementary N fertilizer application,
and (c) use of Sesbania sesban as a “green manure” with moderate supplementary N fertilizer
application.
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A conclusion and outlook is provided in Chapter 7.
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2. GIS-based EPIC – Structure and relevant processes of a large-scale
agricultural model
This chapter introduces the GEPIC model framework and the underlying field-scale
model EPIC, which were used in all crop simulations for this thesis. The EPIC related Chapter
2.2 is an extended version of Supplementary Information 1 for the paper, which Chapter 6 is
based on. Hence, that part of the supplementary information is not provided additionally
within this thesis.
2.1. The GEPIC model framework
The GIS-based EPIC model has been developed in the Systems Analysis, Integrated
Assessment and Modelling group of EAWAG prior to this thesis (Liu et al., 2007; Liu, 2009)
for estimations of global consumptive water use and productivity. The model framework
consists of a GIS component that allows for compiling large-scale raster datasets for grid cellspecific input parameters latitude, longitude, climate, soil, elevation, slope, landuse, and
optionally fertilizer application and irrigation rates. A schematic overview of the software is
provided in Fig. 2-1. In the case of soil and climate, the codes in the raster datasets refer to the
respective input files for the grid cell.

Fig. 2-1: The GIS-based EPIC (GEPIC) software framework (adopted from Liu, 2009).

After reading through the input datasets of each grid cell, a simulation script is
compiled the sets the parameters, copies the input files and executes the field-scale model
EPIC for each grid cell. The script was initially written for Windows based PCs and has in the
run of this thesis been translated to Linux Bash shell. This has allowed for running GEPIC in
several parallel instances of the computational cluster Ipazia, a joint infrastructure of the
research institutes Eawag and Empa (http://ipazia.empa.ch), which allowed for complex
scenario analysis using a wide range of GCM projections or management scenarios.
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2.2. Relevant processes of the field-scale model EPIC
Crop growth and yield
Unique crop growth parameters have been developed for about 100 different crops and
other vegetative species included in EPIC’s database. EPIC is capable of simulating growth
for both annual and perennial crops. Phenological development of the crop is based on daily
heat unit accumulation. EPIC runs at a daily time-step with annual crops growing from
planting date to harvest date or until the accumulated heat units equal the potential heat units
for the crop. It estimates potential biomass production based on light interception and
assimilation. Potential increases in root and above ground biomass are multiplied by plant
growth regulating factors to obtain the actual daily growth. The stress factor (nutrients, water,
temperature, aeration, salinity) with the highest impact on each day is selected to calculate the
actual biomass gain.
Evolution of leaf area index (LAI) depends on a crop-specific maximum LAI,
incoming solar radiation, plant stress, and heat units (HU). Crop height depends on cropspecific maximum crop height and HU. Based on a maximum harvest index (HI) and a
minimum harvest index under water stress, the model calculates the development of and
actual HI over the growing season depending on HU and water stress. At harvest, the model
calculates economic crop yield based on biomass and actual HI.
Phenological development and maturity
Phenological development and maturing of the crop takes place according to the heat
unit accumulation approach. Daily heat units (HU) are calculated as
T
 Tmin, k
(Eq. 1)
HU k  max, k
 Tb , j
2
where HUk is the heat units accumulated during day k [°C], Tmax,k and Tmin,k are the maximum
and minimum temperatures on day k [°C], and Tb,j is the base temperature [°C] of crop j.
Potential heat units (PHU) [°C] are the sum of the daily HU required from planting to
maturity and have been estimated as described in the data section below. Different processes
of phonological development, e.g. leaf area index (LAI) or harvest index (HI), and crop
management, e.g. fertilizer application or harvest, depend on heat unit fractions, which are
computed according to
i

HUI i 

 HU
k 1

k

(Eq. 2)

PHU j

where HUIi is the heat unit index [-] on the i and PHUj are the PHU required for crop j to
mature. Harvest took place at an HUI=1.15 in order to allow for post-maturity drying of the
crop in the field. A first rate of fertilizer were applied at planting (HUI=0) and in the case of
high input agriculture a second rate at HUI=0.25.
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Plant stresses
Root growth is limited by soil temperature and aluminum toxicity depending on soil
organic carbon, pH, base saturation, and a crop specific aluminum tolerance factor. Above
ground biomass growth is constrained mainly by water, nutrient (N and P), temperature, and
aeration stress. Water and nutrient stresses are based on deficits compared to optimal supply
on each day. Temperature stress occurs whenever the soil temperature exceeds the optimum
temperature or falls below the base temperature on a given day. Aeration stress is calculated
from porosity, soil water content, and a critical aeration factor. The magnitude of each plant
growth regulating factor varies between 0-1 on each day of the crop growth period, where 0
represents the highest stress and 1 is the absence of the respective stress. The sum of the daily
values for each stress factor over the growing season is referred to as “stress days”.
Soil organic carbon
The EPIC v0810 applied here uses organic carbon (OC) and nitrogen (N) cycling
routines based on those of the CENTURY model (Parton et al., 1994). As described in
Izaurralde et al. (2006), organic matter (OM) is split into several pools: standing dead residue
and roots, metabolic and structural litter, slow humus, passive humus, and microbial biomass.
In addition, C and N may leave the system through erosion, leaching and volatilization.
Exchange between the pools depends on tillage, soil water content, temperature, and depth
within the profile as well as C/N ratios if microbial processes are involved. In order to allow
for equilibration of soil functions and OM pools, model runs were started in 1996 and the first
five simulation years were discarded.
Water cycle
Precipitation in EPIC is partitioned into runoff and percolation. The runoff volume is
estimated using a modified routine based on the USDA Soil Conservation Service (SCS)
curve number method (USDA Soil Conservation Service (SCS), 1972). This technique had
been chosen for the EPIC model due to its reliability, low data requirements, and taking into
account soil type, land use and management.
Daily surface runoff Q [mm] is estimated as

( R  0.2s) 2
R  0.8s
Q  0.0
Q

for R  0.2s

(Eq. 3)

for R  0.2s

where R is daily rainfall and s [mm] is a retention parameter. s depends on soil, land use,
management, slope, and soil humidity and is computed as
 100 
(Eq. 4)
s  254
 1
 CN 
where 254 [mm] is a constant and CN [-] is the curve number. The curve number is a
statistical parameter based on the USDA SCS (1972) handbook and takes soil type, land use,
management, slope, and soil humidity into account. In order to account also for uncertainty in
soil type and management that may not be fully represented in the model, the final CN is
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calculated from a triangular distribution and may vary ±5 from the statistical CN in extreme
cases.
The peak runoff rate qp [mm h-1] is estimated according to the SCS TR-55 method as
q p  q *p  R
(Eq. 5)
where q *p [mm h-1 mm-1] is the peak rate per unit rainfall and R [mm] is the storm amount of
rainfall, which is estimated based on SCS rainfall distribution curves. q *p is estimated from a
seventh degree polynomial based on peak runoff a storm data from USDA SCS (1986).
The method for estimating percolation through soil layers uses a storage routing
technique. Percolation takes place whenever soil water content (SW) exceeds field capacity
until field capacity is reached again. The daily percolating amount of water from layer l is
calculated as


(Eq. 6)



-1
where Ol [mm d ] is the percolation rate for layer l, SWOl [mm] is the soil water content at the
start of the percolation in layer l, TTl [h] is the travel time through layer l, FCl [mm] is the
field capacity of layer l, and Δt is the time interval [24 h]. TTl depends on porosity, field
capacity, and saturated conductivity.
Ol

 SWOl



 FC l   1  e




t
TTl

Water erosion
The daily sediment yield of water erosion YWA [t ha-1] is based on the MUSLE
approach and estimated according to
(Eq. 7)
YWA    K  CE  PE  LS  ROKF
where  is the rain energy factor, K is the soil erodibility factor [t ha-1],, CE is the crop
management factor, PE is the erosion control practice factor, LS is the slope length and
steepness factor, and ROKF is the coarse fragment factor. X was estimated according to the
MUSS approach

  0.79  Q  q 0.65 A0.009

(Eq. 8)
-1

where Q is the runoff volume in [mm], q is the peak runoff rate [mm h ], and A is the field
area [ha]. MUSS was developed for small watershed and can hence be considered
representative for single fields. K is estimated based on sand, silt and OC contents, whereas
CE depends on soil cover. PE was set to 1.0 as no erosion control practice was taken into
consideration. LS is based on land slope [m m-1] and slope length [m]. ROKF is calculated
from coarse fragment content of the top soil layer.
Wind erosion
The daily wind erosion YWI [kg m-1] over 1 m transect is estimated as
DW

YWI  FI  FR  FV  FD  YWR  dt
0
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(Eq. 9)

where FI is the soil erodibility factor, FR is the surface roughness factor, FV is the vegetative
cover factor, FD is the mean unsheltered travel distance of wind across a field, and DW is the
duration of wind greater than threshold velocity (here default of 6 m s-1). These factors
depend on plant management (plant density, height, etc.) directly. YWR is the wind erosion
rate in kg m-1 s-1 at time t and estimated as





1.5

2

 SW 
YWR  0.2550.0408 2  0.0161 D  0.5
(Eq. 10)

 WP 

where v is the wind speed at time t [m s-1], D is the soil particle diameter [m], SW is the actual
and WP the 1500 kPa water content of the top 10 mm soil profile.

Evapotranspiration
Potential evapotranspiration (ET) was calculated using the Hargreaves method
(Hargreaves and Samani, 1985), which is based on temperature and solar radiation. The
equation used in EPIC is
 RAMX 
0.6
(Eq. 11)
E 0  0.0032
  T  17.8  Tmax  Tmin 
HV


where E0 [mm] is potential ET, RAMX [MJ m-2] is maximum solar radiation at Earth surface,
Tmax, Tmin and T [°C] are maximum, minimum and average temperatures on a given day, and
HV [MJ kg-1] is the latent heat of vaporization calculated as
HV  2.5  0.0022  T
(Eq. 12)
where T [°C] is the daily average temperature. The fractioning of potential ET into soil
evaporation and plant transpiration depends on LAI and follows the approach of Ritchie
(1972) with potential transpiration being calculated as
E  LAI
TP  0
for 0  LAI  3
(Eq. 13)
3
TP  E0
forLAI  3

where TP [mm] is transpiration, E0 [mm] potential ET, and LAI [m2 m-2] is leaf area index.
Potential soil evaporation depends on potential ET and soil cover according to
E S  E 0  EA
(Eq. 14)
where ES [mm] is soil evaporation, E0 is potential ET [mm], and EA [-] is a soil cover index
(0-1) depending on total above ground plant biomass and residue. During times of high plant
water use, ES is reduced by


E  E0 
E S  min  E S , S

ES  EP 

Actual soil evaporation is estimated from the top 20 cm of the soil profile.

(Eq. 15)

Effect of CO2 on biomass accumulation

Daily potential biomass growth depends on intercepted solar radiation and a cropspecific biomass-energy-conversion factor according to
B p  0.001  BE  PAR
(Eq. 16)
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where ΔBp [t ha-1] is biomass gain, BE [(kg ha-1)/(MJ m-2)] is the biomass-energy-conversion
coefficient, and PAR [MJ m-2] is intercepted photosynthetic radiation depending on LAI and
solar radiation. Thereby, BE is estimated non-linearly depending on CO2 concentration and
vapor pressure deficit by
100  CO 2
(Eq. 17)
BE * 
and
CO 2  e ( bc1bc 2CO2 )
BE '  BE *  bc3  (VPD  1)
*

’

-1

forVPD  0.5

(Eq. 18)

-2

where BE and BE [(kg ha )/(MJ m )] are modified values of biomass-energy-conversion,
CO2 [-] is atmospheric CO2 concentration, bc1-3 are crop parameters [(kg ha-1)/(MJ m-2)], and
VPD [-] is vapor pressure deficit.
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3.1. Introduction
Climate change, in addition to population increase, economic growth and shifting
diets, is one important driving force influencing earth’s food and water ecosystems, and its
impacts have become a topic of increasing research attention (Vörösmarty et al., 2000;
Rosegrant and Cline, 2003; Arnell, 2004; Schmidhuber and Tubiello, 2007; Brown and Funk,
2008; Lobell et al., 2008; Milly et al., 2008; Fedoroff et al., 2010; Godfray et al., 2010). With
increasing scientific and political interest in prioritizing investment needs for climate change
mitigation and adaptation, there is a strong impetus to identify climate impact hotspots on a
global scale but with a high spatial resolution (Lobell et al., 2008). Understanding spatial
patterns of climate change impacts on crop production and water use is necessary not only for
identifying climate change hotspots but also for helping formulating adaptive and mitigating
measures at all geographical levels (Lobell et al., 2008). Such spatial assessments have
become possible with recent advances in information technology and modeling techniques, in
particular, with the development of GIS supported biophysical and ecological models (e.g.
GEPIC (Liu et al., 2007), LPJmL (Bondeau et al., 2007) and GCWM (Siebert and Döll,
2010)).
There are large numbers of studies devoted to assessing impacts of climate change on
future world agricultural production (Rosenzweig and Parry, 1994; Parry ert al., 1999; Parry
et al., 2004; Brown and Funk, 2008; Lobell et al., 2008) and agricultural water use (Bernardos
et al., 2001; Rinaldi, 2001; Rosegrant and Cline, 2003). However, most global level analyses
often have not made full use of the spatially explicit databases available to address
uncertainties of the assessments stemmed from using different Global Climate Models
(GCMs) as well as the emission scenarios. Meanwhile, they often provide aggregated results
on the global, national or regional scales (e.g. Vörösmarty et al., 2000; Parry et al., 2004) and
rarely pay attention to the spatial variations within a country or region. Spatially explicit
assessments still remain lacking for simultaneous analysis of changes in crop production and
agricultural water use in the context of climate change.
In this study, we analyze the impacts of climate change on the production and water
use of major cereal crops on a global scale with a spatial resolution of 30 arc-minutes (about
50 × 50 km2 near the equator) for the 2030s (short term) and the 2090s (long term),
respectively. GEPIC crop model is applied for the investigation. The simulation is performed
at the grid level. The results then are aggregated to national, continental and global levels to
address broader implications. Three crops, i.e. wheat (Triticum aestivum L.), maize (Zea mays
L.) and rice (Oryza sativa L.), are selected as representatives due to their importance for
humans. They provide more than 60% of human dietary calorie intakes either as cereals for
direct human consumption or as feed grains to produce livestock products (Zwart et al., 2010).
These crops will continue to account for the bulk of the future human food supply because of
their higher productivity, faster growth, easier way for storage and transportation, and less
fuel and labor requirements for processing and cooking compared to other food crops (van der
Velde et al., 2012).
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3.2. Materials and methods
3.2.1.

Crop production and consumptive water use (CWU)

The simulation of crop yield and evapotranspiration (ET) is performed with the
GEPIC model (Liu et al., 2007). An aggregated production index (API) and aggregated CWU
index (AWI) are calculated as the total crop production and total CWU, respectively, of all
representative crops under both rainfed and irrigated systems.
NC NS

API   yij Ai j

(Eq. 1)

i 1 j 1

NC NS

AWI   ETi j Ai j

(Eq. 2)

i 1 j 1

where y is crop yield in kg ha-1, A is harvested area in ha, i is crop code, and j is
production system code (e.g. rainfed, irrigated), NC is the number of crops, and NS is the
number of production systems. For wheat and maize, both rainfed and irrigated systems are
considered. For rice, only irrigated systems are used due to their dominance in the production.

3.2.2.

Irrigation water proportion

The CWU in the irrigated system consists of water from rainfall and irrigation. The
irrigation water proportion in CWU is calculated as the ratio of the irrigation (consumptive)
water use to the total CWU of all the representative crops under rainfed and irrigated systems.
In order to quantify the irrigation water use in irrigated agriculture, a two-soil-water-balance
approach is adopted as described in Liu et al. (2009). For this approach, in the first soil water
balance, it is assumed that soil does not receive any irrigation water; while in the second soil
water balance, it is assumed that soil received sufficient irrigation. Irrigation water proportion
of a crop is calculated as the ratio of the difference of ET calculated in the two soil water
balances to the ET calculated in the second soil water balance. The irrigation water use of the
crop is calculated by multiplying the CWU of the crop by the irrigation water proportion. An
aggregated irrigation water index (AIWI) is calculated by dividing the total irrigation water
use of the representative crops by the AWI value.
NC NS

AIWI 

 b
i 1 j 1

i

j

 ETi j Ai j

AWI
where b is the irrigation water proportion of crop i under production system j.
3.2.3.

(Eq. 3)

Impacts of climate change

For both the crop growth and hydrology modules embedded in the GEPIC model,
climate variables (e.g. maximum temperature, minimum temperature and precipitation) are
important inputs in addition to crop and soil parameters, and management practices. This
enables the analysis of the impacts of climate change on crop production and consumptive
green/blue water uses (Liu et al., 2008). Here blue water use refers to ET that is fed by
irrigation, while green water use is ET fed by unsaturated soil water received directly from
precipitation. Three time periods are studied: the baseline period 1990s and two future periods
2030s and 2090s. The period of 2030s represents the near future, and this time period is most
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relevant to large agricultural investments, which typically take 15 to 30 years to realize full
returns (Reilly and Schimmelpfennig, 2000). The time period of 2090s represents the far
future, for which long-term effects of climate change are prominent.
Climate change scenarios are developed from the Intergovernmental Panel on Climate
Change Special Report on Emission Scenarios (IPCC SRES) storylines (emission scenarios
hereafter; Nakicenovic et al., 2000). Results from four GCMs are used: HadCM3 (Mitchell et
al., 1998), CGCM2 (Flato and Boer, 2001), CSIRO2 (Gordon and O’Farrell, 1997) and PCM
(Washington et al., 2000). These four GCMs are selected due to two reasons: first, they are
standard GCMs, and any SRES simulations of them had been performed and deposited with
the IPCC Data Distribution Center; Second, high-resolution gridded data on monthly climate
information have been generated based on outputs from these GCM simulations and on
climatological observations (Mitchell et al., 2004; Mitchell and Jones, 2005). For each GCM,
the two most socio-economically contrasting emission scenarios A1FI and B2 are selected;
hence, there are eight scenarios for each crop-system combination. A1FI and B2 are selected
in order to cover a wide range of possible developments of human society. A1FI is
characterized by market globalization and reliance on fossil energy sources, while B2 assumes
economic regionalization and use of mainly renewable energy. In terms of atmospheric CO2
concentration, A1FI has the highest CO2 concentration among all scenarios (e.g. 480 ppm in
the 2030s and 928 ppm in the 2090s). In contrast, B2 has the lowest CO2 concentration before
the middle of this century (e.g. 441 ppm in the 2030s); while afterward, it still remains a
scenario with relatively very low CO2 concentration (e.g. B2 has the second lowest CO2
concentration next to B1 in all scenarios at the end of this century).
We first calculate API, AWI, and AIWI in the baseline period 1990s. We then simulate
those variables under eight climate scenarios in each of the two future periods (i.e. 2030s and
2090s) by only allowing changes in temperature, precipitation and CO2 concentration while
holding other influencing factors unchanged over time. The settings of climate parameters are
described in detail in Liu (2008). Changes in harvested areas are not considered because the
main purpose is to study the impacts of climate change (rather than the mixed effects of
climate change, land use change, and changes of other socio-economic factors). In addition,
the amount of arable land has not changed significantly in more than half a century, and it is
unlikely to increase much in the future (Fedoroff et al., 2010).
Tab. 3-1: Definition of confidence level in this study

Confidence Level

Criteria

Increase with high confidence
IR* > 1 in at least 7 scenarios
Increase with medium confidence
IR > 1 in 6 scenarios
Increase with low confidence
IR > 1 in 5 scenarios
Decrease with low confidence
IR < 1 in 5 scenarios
Decrease with medium confidence
IR < 1 in 6 scenarios
Decrease with high confidence
IR < 1 in at least 7 scenarios
Increase/decrease mixed
Other conditions than above criteria
*IR (impact factor; see section 2.3) is an indicator for analyzing the impacts of climate change on a variable (e.g.
crop production), and it is defined as the ratio of the variable in a future time period (i.e. 2030s or 2090s) to that
in the baseline period (i.e. 1990s).

Impact ratio (IR) is used as an indicator for analyzing the impacts of climate change
on the output variables (e.g. p) under different scenarios. IR is defined as the ratio of the
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output variable in each future time period (i.e. 2030s or 2090s) to that in the baseline period
(i.e. 1990s). A value of IR higher than 1 indicates that climate change will lead to higher
output variables in the future study period compared to those in the baseline period, while a
value lower than 1 indicates that climate change will help reduce the magnitude of the
variables (Liu et al., 2008). Confidence level is classified into seven categories based on the
IR values in the eight scenarios, as shown in Tab. 1-1.

3.2.4.

Uncertainties from GCMs and emission scenarios

Results of climate change impacts are subject to many uncertainties due to incomplete
knowledge about the underlying geophysical processes of global change (GCM uncertainties)
and due to uncertain future scenarios (emission scenario uncertainties). There are several
complex methods to assess the magnitude of GCM and scenario uncertainties, including
nonparametric methods such as kernel density estimation and orthonormal series methods
(Ghosh and Mujumdar, 2007). In this paper, we use a straight-forward approach to get a
rough estimate of these uncertainties with a relative difference (RD) index in order to allow
for a quick comprehension of these uncertainties. Here the RD is used to compare two
numbers (or simulation results), and it is calculated as
V1V 2
(Eq. 4)
RD 
max( V1, V 2 )
where V1 and V2 represent the two numbers that are compared, and max is the
function for maximum value. Large RD numbers show high uncertainties.
For GCM scenario, we compare four different GCMs with the same scenario (e.g.
CGCM2_A1FI vs. CSIRO2_A1FI), and this gives 12 RD values. For emission scenario
uncertainty, we compare two emission scenarios (A1FI and B2) in each of the four GCMs,
and this gives four RD values.

3.2.5.

Data

The data on harvested area of wheat, maize and rice are obtained from the Center for
Sustainability and the Global Environment (SAGE) of the University of Wisconsin at
Madison, USA (Ramankutty et al., 2008). The SAGE data are spatially explicit and consistent
with the statistical data from Food and Agriculture Organization of the United States (FAO).
The harvested areas under irrigated systems of each crop are taken from the Institute of
Physical Geography of the University of Frankfurt (Main), Germany (Portmann et al., 2008).
The datasets from Portmann et al. (2008) are currently the only source that provides high
spatial resolution and crop-specific irrigated area at the global level. Both data sets are
available with a spatial resolution of 30 arc-minutes. Water stress is measured with a
withdrawals-to-availability ratio and the data are obtained from the Global Water System
Project (GWSP) Digital Water Atlas (GWSP, 2008).
Historical monthly climate data (maximum temperature, minimum temperature,
precipitation, and number of wet days) for 1901-2002 were taken from the CRU TS2.1
database with a spatial resolution of 30 arc-minutes (Mitchell and Jones, 2005). The TYN SC
2.0 dataset contains the climate projections of these four variables for 2003-2100 with a
spatial resolution of 30 arc-minutes with the four GCMs (i.e. HadCM3, CGCM2, CSIRO2
and PCM; Mitchell and Jones, 2005). Monthly data are disaggregated to daily values with a
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weather converter MODAWEC (Liu et al., 2009). The CO2 concentrations in different
scenarios are obtained from the IPCC third assessment report (IPCC, 2001). Data sources for
soil parameters and fertilizer application rates are identical to those in Liu et al. (2009).

3.3. Results
3.3.1.

Impacts of climate change on crop production

Our results show significant spatial variations in the impacts of climate change on crop
production across regions and among climate scenarios. Regarding the aggregated production
index (API, the total amount of crop production of the three representative crops), climate
change is likely to lead to higher API by the 2030s in a large part of Europe, northeast and
western parts of the USA, northern China, southern Africa, the western and southeastern
coastal areas of South America, while it will likely lead to lower API values in Southeast,
East Central, Central, Midwest and North Central of the USA, the southern part of the
cropland belt in Canada, the southern part of Europe, northern India, Southeast Asia, a large
part of Australia, the south edge of the Sub-Saharan Africa, the central part of Africa, and a
large part of the Amazon and Parana River Basins in South America (Fig. 3-1a). In the 2090s,
the pattern of regional changes in crop production will become more evident. There is a
general trend that high-latitude regions will have larger API values (except for Southeast and
Midwest of the USA), whereas low-latitude regions have smaller API values (Fig. 3-1b).
Higher crop production is likely to occur in the northern part of North America, western and
southeastern coastal areas of South America, a large part of Europe, and the northern part of
China, the southern part of Australia and New Zealand, while lower crop production is likely
to occur in the southern part of North America, almost the entire Amazon and Parana River
Basins, the dominant part of Africa, and most of India.
At the grid cell level, the projected impacts for the 2090s have a slightly lower
agreement among the different scenarios than those for the 2030s. The grid cells with a high
level of confidence, either for increase or decrease, account for 66.7% and 62.9% of the total
grid cells simulated for the periods 2030s and 2090s, respectively.
At the global level, clear cut conclusions cannot be made on whether global crop
production will increase or decrease in the future. Compared to the 1990s, the total crop
production will change by -4.0% – +4.5% in the 2030s and -20.0% - +17.4% in the 2090s
depending on different climate scenarios (Fig. 3-1c). A continental breakdown reveals
considerable spatial heterogeneity across regions. In the 2030s, crop production in Africa and
South America is likely to increase with a high level of confidence compared to that in the
1990s. In contrast, crop production in North America and Oceania is likely to decrease with a
high level of confidence. Europe has more chances of higher crop production, while Asia does
not have a clear trend in changes in crop production. In the 2090s, Africa and North America
are likely to have lower crop production due to climate change, while in all other continent,
trends in crop production are not clear, indicating high uncertainties of the impacts in these
regions.
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Fig. 3-1: The impacts of climate change on crop production. (a) and (b) show the spatial distribution of
confidence levels of increase or decrease for aggregated crop production index (API) in the 2030s
and the 2090s, respectively, in comparison to the 1990s. (c) shows the relative change (%) of API
caused by climate change on the global and continental scales.

The country level projections are derived from aggregation of the grid cell simulation
results (Table S1). During the period 2030s the crop production in 107 countries (out of the
166 countries studied) will benefit from climate change with different levels of confidence. Of
which, 80 countries indicated an increase with a high level of confidence. Particularly, a large
number of countries in African display an increase with a high level of confidence in the
2030s. However, during the period 2090s, the number of countries benefiting from climate
change with a high level of confidence is reduced to 39. On the contrary, the number of
countries with a high level of confidence for decrease rises from 33 in the 2030s to 55 in the
2090s. Many African countries turn to losses in crop production in the 2090s. Worldwide, a
general trend is that the countries with high levels of confidence for increase in crop
production in the 2030s remain an increase but with reduced levels of confidence. Many
countries with low levels of confidence for increase in the 2030s tend to shift to decrease with
low to high levels of confidence. The countries with the decreasing trend during the 2030s
mostly remain the same trend during the 2090s. The results suggest a non-linearity of the
impact of climate change over time (i.e. crop production is not directly proportional to climate
parameters over time) for most of the countries. In general, the confidence level of the impact
on crop production is lower during the period 2090s than the period 2030s. Crop production
will increase or decrease with a high confidence level in 68.1% and 56.6% of the countries in
the 2030s and the 2090s, respectively (Table S1).
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3.3.2.

Impacts of climate change on water use

Concerning the CWU for crop production, our results show that climate change will
alter the magnitude of this variable and also the aggregated consumptive water use index
(AWI, the total amount of consumptive water use for the representative crops) in cropland.
At the grid cell level, climate change will lead to lower AWI values in the 2030s with
high and medium confidence levels in a large part of North America, West Africa and East
Africa, India, North China Plain, southern parts of China, and Australia. In contrast, AWI will
increase in northeast and the Great Basin in the USA, the coastal areas in the west and
southeast of South America, a large part of Europe, the southern part of Africa, and the
northern part of China (Fig. 3-2a). In the 2090s, the decreasing trend of AWI will become
dominant with only a few regions remaining increasing trends (Fig. 3-2b). At the global level,
climate change will reduce AWI. Compared to the 1990s, AWI will decrease in seven out of
eight scenarios (except for the PCM_B2 scenario) for both the 2030s and 2090s (Fig. 3-2c).
Climate change will reduce AWI values more significantly in the far future than in the near
future. In the seven scenarios, AWI will decrease by 0.96-4.41% in the 2030s and 3.9218.08% in the 2090s.

Fig. 3-2: The impacts of climate change on consumptive water use (CWU). (a) and (b) show the spatial
distribution of confidence levels of increase or decrease for aggregated CWU index (AWI) in the
2030s and the 2090s, respectively, in comparison to the 1990s. (c) shows the relative change (%) of
AWI caused by climate change on the global and continental scales.

At the continental level, in the 2030s lower AWI occurs with a high level of confidence
in all continents except for Europe which has no clear trend of increase or decrease (Fig.
3-2c). In the 2090s, all continents will have lower AWI. For Europe, lower AWI occurs in six
out of eight scenarios; while in all the other continents, AWI decreases in seven out of eight
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scenarios. This indicates less amount of water (i.e. ET) will be consumed in cropland in the
future. One possible reason for the lower AWI could be that higher CO2 concentration reduces
crop stomatal closure thus decreases actual crop ET by reducing plant transpiration. This
effect has been confirmed by several previous studies (Gedney et al., 2006; Heijmans et al.,
2001), and is one important reason for the decreasing AWI in our simulation.
Agricultural production is practiced in rainfed and irrigated systems. Under the irrigated
system, crop uses both rainfall and irrigation water brought to the field. An aggregated
irrigation water proportion index (AIWI) is calculated by dividing the total irrigation water
use by the total consumptive water use of the representative crops. Our results indicate a
general increase in AIWI in the future (Fig. 3-3a-b). On the global average, AIWI will
increase with a high confidence level. Increase in AIWI occurs in seven out of eight scenarios
with an increasing rate of 5.79-26.24%. The only exception is the A1FI scenario in PCM,
which will lead to a slight decrease by 0.71%. In the 2090s, uncertainties are high on the
global level. The change in AIWI will range between -25% - +29% on the world average.
Spatial heterogeneity exists among continents with a general decrease of AIWI in Asia,
and general increase of AIWI in North America, South America and Oceania and Africa. In
Europe, AIWI will increase in the southern parts while it will decrease in the northern parts in
the 2030s (Fig. 3-3c). In the 2090s, Asia will have a lower AIWI with a high confidence level,
Africa and South America will have a higher AIWI with high confidence level. For other
continents, uncertainties are very high, and there are no clear trends of increase or decrease in
AIWI.

Fig. 3-3: The impacts of climate change on irrigation water proportion. (a) and (b) show the spatial
distribution of confidence levels of increase or decrease for aggregated irrigation water
proportion index (AIWI) in the 2030s and the 2090s, respectively, in comparison to the 1990s. (c)
shows the relative change (%) of AIWI caused by climate change on the global and continental
scales.
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The future hotspots of climate change impacts on freshwater ecosystems are most likely
in the regions where water scarcity or stress problems already exist while irrigation water
proportion will increase. These hotspots include the southern part of India, a large part of
West Asia and the Mediterranean regions, a part of South Africa, and the Great Plains of the
U.S. (Fig. 3-4 and Fig. 3-5). In these regions, crops will depend more on irrigation in the
future as compared to the 1990s, though with different confidence levels. These regions are
located mainly in developed countries or in rapidly developing areas e.g. in India, where
mitigation and adaptation will more likely happen in these regions.

Fig. 3-4: Change of irrigation water proportion in the 2030s in relation to water scarcity.

Despite the above hotspots, our results also show that many people in regions with
current water scarcity problems will benefit from climate change. About 54.2% of the
population who are currently suffering from water scarcity reside in the grid cells with
reduced AIWI in the 2030s (Fig. 3-4). In contrast, 36.7% of the population in the water scarce
regions will confront with higher dependency on irrigation. The findings that more people
will benefit from climate change to alleviate water scarcity seem to conflict with the general
increasing trend of AIWI at the global level. A close look indicates that the higher AIWI
values occurs more often in regions where water is sufficient (e.g. in the Southeast of the
U.S., Southeast of the South America, etc.) than the water scarce regions (Fig. 3-4 and Fig.
3-5). This spatial distribution results in more beneficiaries though the global AIWI has an
upwards trend.
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Fig. 3-5: Change of irrigation water proportion in the 2090s in relation to water scarcity.

3.3.3.

Latitudinal distribution of the impacts on crop yield and CWU

The distribution of production of wheat, maize and rice varies in latitudinal gradients.
Wheat is produced predominantly in temperate regions, maize in the sub-tropics and rice in
the tropics (Fig. 3-6a, d, g). The impact of climate change in the short term (2030s) on wheat
does not display a clear pattern with regard to latitudinal gradients (Fig. 3-6b). For maize, the
large proportional increase is found in the high latitudinal areas, which are presently the
marginal areas for maize production under the current climate (Fig. 3-6e). For rice, the
relative increase is also mainly located in the high latitudinal marginal areas, while the
magnitude of variations is substantial among different climate scenarios, particularly for the
zone between 400N-600N (Fig. 3-6h). In the 2090s, variations among the different scenarios
increase. Although the increase in crop yield remains for the higher latitude areas, the
negative impact on the current major producing areas tends to become prominent (Fig. 3-6c, f,
i), particularly for wheat and maize.
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Fig. 3-6: Latitudinal distribution of harvest area, and impacts of climate change on crop yield for wheat,
maize and rice. A cut-off for changes in yield >150% is used to allow for a better interpretation of
the impacts of climate change in current major growing regions where changes are mostly within
a range of -50% - +50%. Cut-offs often occur at the latitudes where harvested areas are marginal
currently.

Changes in CWU under climate change scenarios display similar patterns as to crop
yields. In general, for the 2030s, the high latitudes outside the current major producing areas
for the respective crops tend to have higher percentage increase in CWU (Fig. 3-7). For maize
around 50°S, changes in the CWU in the 2030s are smaller than the changes in crop yield
(Fig. 3-6 and Fig. 3-7). Cold weather there is a limiting factor for the growth of maize. In the
future, temperature will become higher, leading to a more favorable climate and higher crop
yield for maize. Nevertheless, the harvest areas for maize, as well as rice and wheat are
currently marginal at this latitude. For the 2090s, the decrease in CWU is projected for many
scenarios in the major producing areas for the respective crops. This is consistent with the
lower crop yields resulted from climate change shown in Fig. 3-6. One exception is for the B2
scenario in PCM where the main producing areas of wheat, maize and rice are projected with
significantly higher CWU, particularly for the 2090s.
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Fig. 3-7: Latitudinal distribution of harvest area, and impacts of climate change on consumptive water use
(CWU) for wheat, maize and rice. A cut-off for changes in CWU >150% is used to allow for a
better interpretation of the impacts of climate change in current major growing regions where
changes are mostly within a range of -50% - +50%. Cut-offs often occur at the latitudes where
harvested areas are marginal currently.

3.3.4.

Uncertainties in yield and CWU projections

In the short run (i.e. in the 2030s), the GCM uncertainties are generally higher than the
emission scenario uncertainties (Fig. 3-8a). This applies to the results for five continents
(Asia, Europe, Africa, North America and Oceania) as well as for the world as a whole. The
only exception is South America, where GCM uncertainties are lower than that of the scenario
uncertainties. In the long run (i.e. in the 2090s), the GCM uncertainties are higher than the
scenario uncertainties for Asia, Europe, Oceania as well as the world, while contrasting
situations occur for Africa and North America. The magnitudes of GCM and emission
scenario uncertainties are similar for South America (Fig. 3-8b). For CWU (Fig. 3-8c,d), the
global simulation shows a smaller uncertainty for the emission scenarios than for GCMs for
both the short run and long run. The patterns, however, vary largely across different regions in
terms of the relative magnitude of uncertainties from GCMs and emission scenarios.
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Fig. 3-8: GCM and scenario uncertainties indicated by relative difference for crop production and CWU
at global and continental levels in the 2030s and the 2090s.

3.4. Discussion
3.4.1.

Comparison with other studies

At the pixel level, we compare our results for crop production with two studies, which
also demonstrate spatial patterns of the impacts of climate change on crop yield at a global
level with high spatial resolutions. Deryng et al. (2011) used a crop growth model PEGASUS
and presented the impacts of climate change on crop yield of maize and spring wheat in the
2050s in comparison to 1961-1990 with a spatial resolution of 10 arc-minutes. They presented
results for two conditions: fixed planting/harvest dates and planting/harvest dates allowed
changing. The later condition is similar to our assumption which allows adapting
planting/harvest dates with an automatic calendar algorithm (Liu et al., 2009). So we only
compare our results for the 2030s with those of the second condition. We find that our results
for maize in general compare very well with those from Deryng et al. (2011). Both the studies
show increasing maize yield in the high-latitude regions in the Northern Hemisphere. They
also show an increasing trend in maize yield in western part of North America, western
coastal areas of South America, Northern parts of Europe, northern parts of Asia, and eastern
coastal areas of Australia. Meanwhile, they both show a decreasing trend in the southeast and
Midwest of the US, the Amazon basin, Southern parts of Europe, a large part of India (except
the northwest), and many Central African countries. The large differences exist mainly in a
large part of Africa i.e. southern Africa, Eastern Africa, and western Africa, where increasing
trends happen in many grid cells in our study, but decreasing trends generally occur in many
pixels in Deryng et al. (2011). For wheat, large discrepancies exist between these two studies.
We simulate for both spring wheat and winter wheat, while Deryng et al. (2011) only
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simulated for spring wheat, and excluded regions where winter wheat is dominant. Since
winter wheat is dominant compared to spring wheat on a global scale, it may be not easy to
compare our results with Deryng et al. (2011).
Tatsumi et al. (2011) used an Improved Global Agro-Ecological Zones (iGAEZ)
model to simulate the impacts of climate change on cereal yields in the 2090s compared to the
1990s with a spatial resolution of 30 arc-minute. Our results show general agreements with
Tatsumi et al. for the impacts of climate change. For maize, agreements are found in most
parts of North America, Africa, Australia, India, China, northern Asia and Russia, East
Europe and Western Europe, while disagreements are mainly located in Central Europe and
South America. For wheat, agreements are found in North America (except for Mid-west),
South America, most parts of Africa, Australia, India, Northern Asia and Russia, while
disagreements mainly occur in China, Europe and mid-west of the US. For rice, agreements
are in North America, Western coastal regions of South America, Southern Africa, East
Africa, West Europe, northern Asia and Russia, and China, while disagreements are mainly
located in eastern coastal regions in South America, West Africa, East Europe, India and
Australia. Besides the different approaches, another reason causing the disagreements may be
the fact that Tatsumi et al. (2011) only used one scenario (A1B). For example, for rice, our
results indicate lower crop production in Southeast Asia with lower API values in most
scenarios, while Tatsumi et al. (2011) indicated higher crop production under A1B. According
to the study by Babel et al. (2011) in Thailand, an important rice producing country in
Southeast Asia, the future climate change is likely to decrease the crop yield and production.
The results from Babel et al. (2011) agree well with our findings.
We also compare our results with other studies for China and India. For China, several
crop models have predicted that cereal yields will increase under future climate change when
the fertilizing effect of elevated CO2 is taken into account (Tao et al., 2008; Chavas et al.,
2009; Xiong et al., 2009). According to a comprehensive study by Xiong et al. (2009), cereal
production in 2050 will increase by 13%-22% relative to the average of 1961-1990 in China.
Our results are consistent with these studies. For India, Aggarwal (2008) reviewed and
concluded that crop production will be reduced by 10-40% by 2100. Our simulations show a
general decreasing trend of crop production in India with lower API values of -33.4% - -7.5%
in the 2090s (Table S1).
For Africa, our results suggest that crop production will increase in the near future
(e.g. the 2030s) but decrease in the far future (e.g. the 2090s). The results for the far future are
consistent with the projections of the IPCC Synthesis Report (AR4), but those for the near
future conflicts with the report. For Africa, a key conclusion in the IPCC AR4 was that “[b]y
2020, in some countries, yields from rain-fed agriculture could be reduced by up to 50%
…would further adversely affect food security and exacerbate malnutrition” (IPCC, 2007).
This statement, however, is criticized for its nature of the underlying science (e.g., lack of
sufficient scientific evidence from peer-reviewed literature) and procedural issues (e.g.,
whether the knowledge contained in the underlying scientific literature was properly
represented on all levels of the report; Müller et al., 2011). Müller et al. (2011) provide a
comprehensive review for recent available literature based on multiple numbers of crops, and
report a large uncertainty with no clear trend of lower crop yield in the 2030s. For Africa in
the 2030s, three references were cited: Thornton et al. (2010) for maize and beans; Liu et al.
(2008) for six major crops including wheat maize, and rice; and Lobell et al.( 2008) for 15
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major crops also including wheat, maize and rice. Both Thornton et al. (2010) and Liu et al.(
2008) indicated higher crop production in Africa, whereas Lobell et al. (2008) show lower
crop production. Another independent study, Adejuwon (2006), also projected positive
impacts of climate change on crop yields in Africa based on simulations for maize, rice,
cassava, sorghum and millet. Hence, it still remains questionable for scientific robustness of
the IPCC statement of negative effects of climate change on crop production in Africa in the
near future.

3.4.2.

Spatial Neutral Effect

The projection of climate change impacts on crop production and water use show
lower uncertainties at smaller spatial scales (grid cell and country) than at higher spatial scales
(continent and globe). The “spatial neutral effect (SNE)” is an important reason for the high
uncertainties on large geographical scales. SNE here means that trends that are displayed in
small geographical scales are neutralized by aggregations and they become less obvious when
observed on large geographical regions. For example, at the grid cell level, there is an
increasing trend of crop production with a high confidence level for most grid cells at the
coastal areas of Chile, Peru, Argentina, Uruguay and Brazil, but a contrastingly decreasing
trend for many other regions in South America in the 2090s (Fig. 3-1b). However, the spatial
neutral effect leads to high uncertainties when results are aggregated at the continental level
(Fig. 3-1c). At the national scale, the confidence level of increase or decrease in crop
production is relatively high. However, for some large countries like China, the general
increasing trend of crop production hides the spatial variations among the country, e.g. the
decreasing trend in the Guangdong province (southern part of China) in the 2030s. The
generally higher confidence level at the smaller scale facilitates policy makers and investors
to formulate adaptive and mitigation measures without being puzzled by a highly uncertain
future on the global scale. The SNE phenomenon implies that climate change impacts should
be assessed with high spatial resolutions to gain more in-depth insights.

3.4.3.

Benefit in the Short Run, Prepare for the Long Run

Our study presents a generally less pessimistic perspective for climate change impacts
in the short run than many other studies (Fig. 3-1, Fig. 3-7). For the short run, the climate
change scenarios mostly projected small change in the yields in the current major producing
areas of wheat, maize and rice. The major change occurs in the high latitude areas, which are
outside of the current major producing zones for the respective crops. Hence, the climate
change in the short run will benefit the high latitude areas in term of crop production. In the
long run, the projections show large variations among climate scenarios. There is a high level
of confidence for a decrease in the yields of wheat and maize in the currently major producing
areas, although the increase remains for the high latitude areas. The projected increases in
high latitude areas can be in part explained by the temperature increase there (Gaiser et al.,
2011). The projected large percentage increase in these areas suggests that the future climate
change will lead to a geographical shift of major production areas of the three crops to
currently marginal areas.
For Africa, the results show that the crop production is likely to benefit from climate
change with a high level of confidence in the 2030s (Fig. 3-1). However, the continuous
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increase in temperature will lead to losses of crop production in the 2090s. The positive
impacts in the short run can help alleviate food shortage problems. However, they may
distract the attention paid to adapting and mitigating measures to combat the long-term
negative impacts of climate change. A long-lasting effort is needed for the world to increase
resilience to climate change and reduce the risks of future food and water security.
Impacts of climate change on Africa’s crop production are often a scientific and policy
concern. A more rigorous analysis is needed to assess the impacts for Africa, particularly by
integrating simulations from a combination of a few models, literature reviews, and expert
judgments including indigenous knowledge.

3.4.4.

Uncertainties

We demonstrate the uncertainties from GCMs and emission scenarios concerning the
impacts of climate change on crop production in the 2030s and the 2090s (Fig. 3-8). For the
2030s, the GCM uncertainties are generally higher than the emission scenario uncertainties.
This indicates the importance of selecting multiple GCMs rather than a single GCM to
analyze climate change impacts. For the 2090s, the GCM uncertainties and the emission
scenario uncertainties appear heterogeneous across continents. Hence, in the long run, both
the GCM and emission scenario uncertainties are important for analyzing impacts of climate
change on crop production. The increasing emission scenario uncertainties stems from the
difficulties in projecting the climate in the far future. To assess the climate change impacts, it
is necessary to select multiple GCM as well as scenarios due to the inherent uncertainties
among them.

3.4.5.

Limitations of this study

Given the current absence of simultaneous simulation of impacts of climate change on
crop production and consumptive water use with high spatial resolution, we consider the
results from this paper encouraging and reasonable as an early approximation. Nonetheless, a
number of limitations in our methodology and results still remain, and further research is
needed in the future. First, we only provide simulation result with one crop model, GEPIC.
Although the model has been validated at the global, continental and national scales in several
previous studies (Liu et al., 2007a; Liu et al., 2007b; Liu et al., 2008; Liu et al., 2009; Liu and
Yang, 2010), simulation results may be constrained by the fundamental assumptions and
approaches used in this model. This shortcoming can be overcome by comparing results from
several crop growth models, which use the same combination of climate, soil, land use,
management and other input data. An intercomparision of different models is currently being
conducted in the Agricultural Model Inter-comparison and Improvement Project (AgMIP)
(http://www.agmip.org/). Second, the results of this study may be influenced by the lack of
several spatially explicit data such as crop-specific fertilizer application rates, and cropspecific planting and harvesting data. Third, an unequivocal validation of our results for CWU
is difficult because this article provides an early comprehensive assessment of the impacts of
climate change on CWU. Forth, we have used a weather generator to disaggregate monthly
data into daily data, and this disaggregation may give additional uncertainty. However, to the
best of our knowledge, daily weather data are not yet available at the global level with a
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spatial resolution of 30 arc-minutes. There is a need for further improvements of spatially
explicit daily weather data, but this is beyond our capacity as well as the scope of this study.
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Table S1-1: Ranges and confidence levels of the impacts of climate change on aggregated production index (p), aggregated consumptive water use index (w), aggregated
water footprint index(f) and aggregated blue water proportion index (b)
(1) A positive pencentage (e.g. +3.3%) shows that climate change will lead to an increase of the output variable (by 3.3%), while a negative percentage (e.g. -2.3%) shows that climate change will lead to a decrease of the
output variable (by 2.3%)
(2) The subscripts of 30 and 90 indicates the periods of the 2030s and 2090s, respectively
(3) Δ p30 indicates the relative change of p (in percentage) in the 2030s compared to the 1990s
(4) The colors indicate different confidence levels of the impacts of climate change as follows:
Increase with high confidence
Increase with medium confidence
Increase with low confidence
Increase/decrease mixed
Decrease with low confidence
Decrease with medium confidence
Decrease with high confidence
Countries where no irrigation is applied (b=0)
Country Name
Δ p30
Δ p90
Δ w30
Δ w90
Δ f30
Δ f90
Δ b30
Δ b90
Afghanistan
3.3% - 14.7%
9.6% - 28.8%
-2.3% - -0.3%
-14.2% - 2.2%
-13.6% - -3.7%
-25.2% - -7.7%
-4.9% - 8.8%
-32.9% - 4.5%
Albania
-6.7% - 1.8%
-28.1% - 5.7%
-3.9% - 3.7%
-32.7% - 7.6%
-2.4% - 11.2%
-16.9% - 12.1%
11.3% - 72.0%
-12.8% - 45.7%
Algeria
-19.8% - 7.2%
-16.0% - 23.2%
-14.5% - 0.5%
-26.8% - 1.4%
-7.2% - 6.6%
-21.9% - 2.3%
-7.2% - 84.6%
-18.1% - 81.4%
Angola
-6.0% - 5.8%
-5.1% - 11.2%
-1.2% - 9.8%
1.3% - 26.5%
-2.6% - 14.8%
-1.2% - 26.0%
-16.1% - 14.4%
-44.0% - 4.2%
Argentina
-2.8% - 11.0%
-7.2% - 13.7%
-1.6% - 1.9%
-4.4% - 0.9%
-8.3% - 4.0%
-14.4% - 6.0%
10.0% - 65.8%
-54.4% - 117.1%
Armenia
3.0% - 11.6%
-1.0% - 10.7%
-5.0% - 6.6%
-16.1% - 3.9%
-8.8% - 3.5%
-20.3% - -1.8%
-6.8% - 14.9%
1.2% - 36.7%
Australia
-15.7% - 1.4%
-19.3% - 13.2%
-15.2% - -4.6%
-27.1% - 2.0%
-5.9% - 1.9%
-16.1% - -3.9%
12.5% - 39.5%
-6.3% - 62.4%
Austria
-4.1% - 8.7%
-4.4% - 25.2%
-2.8% - 5.3%
-16.2% - 9.8%
-8.3% - 9.9%
-16.0% - 9.4%
6.7% - 68.1%
-37.8% - 148.3%
Azerbaijan
0.0% - 4.5%
4.4% - 12.3%
-2.7% - 5.2%
-14.7% - 2.6%
-5.3% - 5.2%
-24.0% - -3.3%
-12.0% - 5.5%
-16.1% - 14.0%
Bangladesh
-9.6% - 7.2%
-11.3% - 13.2%
-5.6% - 29.7%
-21.5% - 37.8%
-10.3% - 43.5%
-25.8% - 37.0%
-10.0% - 50.4%
-28.5% - 82.7%
Belgium
-2.3% - 7.7%
-18.1% - 29.2%
-6.3% - 10.6%
-30.3% - 15.3%
-8.1% - 13.2%
-20.4% - 16.2%
-26.4% - 64.2%
-23.7% - 274.5%
Belize
0.9% - 5.8%
-20.8% - -1.5%
-3.4% - 23.3%
-15.9% - 20.6%
-4.8% - 22.2%
-4.8% - 22.5%
-41.3% - 42.4%
-92.5% - 181.9%
Benin
-2.1% - 2.3%
-16.9% - -2.5%
-3.3% - 20.7%
-10.4% - 23.8%
-2.4% - 23.3%
0.6% - 33.1%
-32.7% - 0.3%
-77.9% - 81.8%
Bhutan
8.4% - 11.3%
13.2% - 36.5%
-1.1% - 22.4%
3.8% - 39.2%
-9.5% - 11.7%
-17.9% - 22.9%
-29.7% - 9.1%
-35.1% - 48.0%
Bolivia
-5.0% - 4.9%
-16.2% - 11.0%
0.4% - 5.2%
-11.4% - 7.1%
-3.3% - 10.0%
-5.9% - 11.8%
-16.5% - 3.6%
-59.4% - 54.1%
Bosnia & Herzegovina
-8.1% - 3.7%
-26.1% - 11.8%
-4.6% - 4.2%
-25.7% - 3.1%
-3.4% - 13.4%
-11.8% - 16.8%
8.2% - 34.0%
0.0% - 85.2%
Botswana
-2.8% - 11.4%
-29.5% - 6.2%
-10.5% - 4.7%
-32.9% - -8.8%
-12.3% - 1.7%
-17.6% - 3.1%
5.2% - 19.7%
-41.9% - 56.6%
Brazil
-1.6% - 5.5%
-22.4% - 6.2%
-4.8% - 7.5%
-23.0% - 5.9%
-7.6% - 9.3%
-13.5% - 11.6%
-2.1% - 70.1%
-67.4% - 89.9%
Brunei
1.9% - 9.0%
-9.4% - 13.4%
-3.9% - 23.0%
-16.3% - 34.6%
-11.1% - 19.5%
-19.9% - 18.7%
-99.7% - 275.5%
-98.9% - 1270%
Bulgaria
-13.8% - -1.1%
-13.5% - 0.3%
-9.0% - -0.7%
-21.0% - -2.8%
-2.3% - 15.2%
-14.9% - 8.4%
13.4% - 51.6%
-16.4% - 44.5%
Burkina Faso
-0.1% - 5.8%
-19.0% - -4.6%
-6.4% - 12.1%
-12.7% - 14.4%
-10.1% - 12.2%
-2.7% - 21.6%
-21.9% - 105.7%
-51.0% - 114.6%
Burundi
0.7% - 4.5%
-9.2% - 4.5%
-3.7% - 6.1%
-13.2% - 5.9%
-7.8% - 4.3%
-15.6% - 8.6%
-17.7% - 20.0%
-45.2% - 34.7%
Byelarus
10.8% - 23.8%
2.4% - 39.4%
6.7% - 21.8%
-10.0% - 27.3%
-10.5% - 9.9%
-25.3% - 15.9%
-35.1% - 31.7%
-79.6% - 161.1%
Cambodia
1.3% - 8.2%
-15.8% - 7.8%
-3.5% - 27.8%
-11.5% - 33.8%
-9.0% - 26.1%
-14.5% - 24.1%
47.5% - 424.7%
145.7% - 700.4%
Cameroon
1.6% - 5.8%
-16.1% - 0.0%
-4.1% - 20.5%
-12.5% - 22.3%
-8.0% - 15.9%
-5.7% - 22.3%
22.3% - 225.6%
-17.5% - 238.4%
Canada
-16.4% - -2.0%
0.4% - 25.7%
-8.5% - -2.7%
-8.5% - 12.4%
-0.8% - 15.8%
-19.3% - 9.7%
16.7% - 57.7%
-42.7% - 29.4%
Central Africa Republic
-6.0% - 1.1%
-30.1% - -3.2%
-1.5% - 18.5%
-8.9% - 16.6%
-1.7% - 22.4%
-2.2% - 30.2%
-15.9% - 338.9%
30.2% - 2396%
Chad
-6.4% - 0.7%
-21.5% - -0.8%
-6.3% - 5.6%
-14.4% - 8.2%
-5.1% - 12.8%
-4.5% - 18.5%
-5.0% - 32.9%
-36.6% - 23.6%
Chile
6.0% - 16.9%
12.6% - 48.9%
4.8% - 12.1%
5.1% - 32.1%
-5.4% - 5.8%
-15.3% - 4.4%
8.9% - 43.7%
-39.7% - 59.3%
China
-1.1% - 6.6%
-19.8% - 14.0%
-2.9% - 13.9%
-15.8% - 20.7%
-7.1% - 15.2%
-16.0% - 15.2%
-14.4% - 20.1%
-34.1% - 27.7%
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Colombia
Comoros
Congo
Costa Rica
Croatia
Cuba
Cyprus
Czech Republic
Denmark
Dominican Republic
Ecuador
Egypt
El Salvador
Equatorial Guinea
Eritrea
Estonia
Ethiopia
Fiji
Finland
France
French Guiana
Gabon
Gambia
Georgia
Germany
Ghana
Greece
Guadeloupe
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti
Honduras
Hungary
India
Indonesia
Iran
Iraq
Ireland
Israel
Italy
Ivory Coast
Jamaica
Japan
Jordan

-2.7%
-0.8%
-5.9%
0.4%
-12.3%
-4.3%
-13.7%
0.0%
9.0%
3.5%
2.7%
-6.9%
-3.2%
-5.2%
-9.9%
4.3%
-1.6%
-7.2%
4.7%
-8.1%
2.2%
-6.5%
-6.1%
-2.9%
1.4%
0.8%
-15.1%
-5.2%
-3.4%
-0.8%
-0.7%
0.7%
3.6%
-4.3%
-7.3%
-12.9%
0.3%
-3.3%
-15.0%
-1.8%
-33.5%
-6.6%
0.0%
-8.1%
0.3%
-8.6%

-

2.9%
8.7%
0.0%
7.8%
1.6%
17.4%
-4.5%
11.0%
20.8%
10.6%
8.7%
4.4%
5.0%
-2.3%
1.3%
11.4%
1.5%
1.0%
19.3%
0.7%
5.9%
-0.6%
-0.4%
3.2%
12.8%
2.9%
-6.1%
-1.9%
4.8%
1.9%
4.1%
7.5%
10.0%
4.7%
6.4%
1.2%
4.4%
9.6%
5.7%
5.7%
12.3%
2.4%
4.0%
-0.4%
11.1%
18.9%

-23.9%
-9.6%
-21.5%
-18.6%
-32.1%
0.0%
-13.3%
3.3%
-0.3%
-6.9%
-24.5%
-46.6%
-23.2%
-14.9%
-15.0%
0.1%
-17.5%
-13.1%
-16.1%
-23.4%
-2.5%
-13.9%
-35.3%
-19.2%
2.1%
-15.7%
-17.4%
0.0%
-27.6%
-18.0%
-25.6%
-5.0%
-9.8%
-28.4%
-24.0%
-33.4%
-7.0%
5.5%
-27.7%
3.5%
-38.9%
-25.4%
-16.1%
-12.4%
0.1%
-9.6%

-

0.3%
5.6%
-4.0%
10.9%
3.4%
22.0%
4.3%
23.9%
25.8%
9.0%
12.8%
-1.3%
7.2%
-5.2%
15.9%
15.3%
0.3%
10.0%
27.2%
11.0%
3.7%
-4.3%
-3.8%
-0.2%
36.1%
-4.1%
13.5%
3.5%
2.1%
1.0%
3.5%
12.1%
4.9%
3.1%
4.5%
-7.5%
6.4%
26.1%
6.1%
11.6%
11.1%
6.7%
-1.3%
0.5%
39.3%
20.8%

-2.2%
-14.5%
-8.2%
-6.5%
-11.6%
-4.3%
-3.8%
1.9%
3.0%
-2.8%
0.0%
-4.8%
-4.7%
-8.4%
-5.5%
4.9%
-10.0%
-11.8%
-1.8%
-5.3%
-7.6%
-14.0%
-8.0%
-1.8%
-1.1%
-3.9%
-11.2%
-1.9%
-4.0%
-7.1%
-8.2%
-4.0%
-1.5%
-1.1%
-7.9%
-13.0%
-7.5%
-1.9%
-5.1%
-6.7%
-11.1%
-3.1%
-4.3%
-3.3%
-2.9%
-3.2%

-

19.8%
18.2%
13.3%
19.5%
0.9%
60.1%
18.8%
10.0%
16.6%
26.2%
11.6%
18.1%
18.8%
24.3%
1.9%
14.9%
9.4%
10.2%
10.2%
10.8%
28.1%
20.3%
5.8%
7.5%
12.0%
18.7%
-2.1%
28.7%
21.4%
20.9%
25.6%
39.6%
31.3%
23.1%
5.7%
18.4%
16.6%
1.2%
-2.1%
9.5%
3.9%
8.7%
14.2%
19.0%
17.3%
7.0%

-21.0%
-31.7%
-16.4%
-18.6%
-29.1%
0.0%
-17.4%
-6.7%
-6.7%
-17.2%
-11.3%
-18.6%
-17.4%
-22.0%
-21.3%
-13.2%
-29.8%
-10.9%
-25.3%
-23.9%
-27.3%
-19.1%
-12.3%
-20.7%
-16.1%
-11.9%
-19.3%
0.0%
-13.4%
-15.0%
-16.2%
-18.7%
-17.8%
-15.9%
-30.4%
-28.2%
-15.5%
-12.1%
-21.0%
-20.2%
-31.5%
-13.2%
-12.5%
-13.5%
-4.3%
-17.7%

-

20.4%
27.9%
16.8%
22.2%
-1.1%
64.5%
20.8%
11.6%
13.8%
27.7%
6.9%
18.6%
22.3%
35.3%
13.7%
13.1%
6.3%
16.7%
4.6%
13.0%
36.0%
26.9%
9.2%
2.6%
15.8%
21.8%
4.3%
37.1%
24.3%
26.8%
30.8%
46.5%
29.1%
24.1%
3.7%
22.3%
23.3%
-0.5%
-3.3%
17.4%
-1.3%
12.0%
17.0%
18.4%
31.4%
-0.3%
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-2.6%
-20.9%
-2.5%
-8.9%
-3.3%
-2.4%
0.8%
-6.1%
-10.9%
-9.2%
-4.7%
-7.0%
-3.4%
-6.2%
-3.8%
-3.5%
-9.7%
-11.9%
-11.2%
-1.3%
-9.9%
-8.0%
-7.0%
-3.2%
-8.8%
-6.1%
-0.1%
0.2%
-3.8%
-8.2%
-9.2%
-9.2%
-8.3%
-4.2%
-5.6%
-3.9%
-10.1%
-8.7%
-7.7%
-9.0%
-7.5%
-2.0%
-6.9%
-2.8%
-10.8%
-17.6%

-

21.4%
19.1%
20.1%
10.8%
13.8%
36.3%
37.7%
10.0%
6.9%
22.0%
8.6%
26.9%
13.1%
30.1%
13.1%
10.2%
9.0%
15.9%
2.5%
20.6%
24.1%
28.1%
10.2%
10.7%
10.4%
17.6%
15.4%
31.3%
15.9%
19.3%
24.0%
29.9%
19.4%
17.6%
10.4%
27.2%
16.0%
4.0%
11.6%
11.5%
33.6%
16.4%
14.2%
21.8%
17.0%
17.0%

-6.0%
-24.4%
-2.8%
-15.3%
-8.5%
0.0%
-13.4%
-15.6%
-18.6%
-13.7%
-10.0%
-6.7%
-2.8%
-8.4%
-13.4%
-18.4%
-15.9%
-18.1%
-25.5%
-12.3%
-26.9%
-10.0%
-3.3%
-9.3%
-22.4%
1.8%
-17.3%
0.0%
-5.6%
-8.0%
-10.7%
-22.2%
-11.5%
-6.5%
-10.2%
-4.2%
-14.5%
-26.7%
-14.8%
-24.6%
-11.1%
-9.3%
-2.6%
-13.5%
-31.3%
-28.2%

-

26.4%
30.6%
29.7%
10.2%
17.7%
34.9%
32.6%
8.1%
14.1%
20.2%
17.6%
52.4%
14.1%
44.4%
13.1%
13.0%
15.1%
20.5%
3.3%
20.4%
31.1%
41.0%
38.7%
9.6%
11.2%
27.1%
4.8%
35.5%
21.7%
25.5%
29.3%
30.8%
23.1%
20.4%
10.4%
32.2%
15.9%
-5.6%
18.2%
9.7%
36.2%
17.9%
24.0%
22.2%
31.3%
10.2%

-6.7%
0.0%
0.0%
-23.8%
6.0%
0.0%
-13.9%
-37.7%
-50.7%
-24.1%
-5.4%
-0.6%
-5.8%
0.0%
-26.4%
-14.1%
-7.7%
0.0%
-44.1%
-11.2%
141.3%
-41.7%
-32.2%
2.3%
-14.3%
-0.9%
19.7%
0.0%
-0.3%
-33.8%
-33.8%
41.7%
-49.2%
-29.1%
-7.4%
-16.4%
11.8%
-4.6%
-1.9%
0.0%
-26.1%
-9.1%
-32.9%
0.0%
-46.5%
-21.8%

-

43.2%
0.0%
0.0%
177.2%
52.1%
0.0%
1.7%
19.0%
-9.3%
48.2%
10.9%
1.8%
80.6%
0.0%
22.3%
75.7%
52.8%
0.0%
-4.5%
47.8%
2853%
62.4%
5.9%
24.5%
78.0%
136.4%
57.2%
0.0%
28.2%
179.7%
65.2%
194.1%
105.2%
83.7%
25.2%
47.7%
61.5%
7.8%
19.7%
0.0%
108.3%
42.4%
222.9%
0.0%
14.3%
28.4%

-6.6%
0.0%
0.0%
-28.9%
-61.3%
0.0%
-21.2%
-48.5%
-34.1%
-51.0%
-16.2%
-3.9%
-62.7%
0.0%
-86.1%
-31.6%
-41.8%
0.0%
-43.9%
3.7%
116.9%
-29.2%
-60.0%
-14.3%
-82.5%
-33.2%
-11.4%
0.0%
-37.1%
-46.4%
-6.7%
28.9%
-62.9%
-33.7%
-13.7%
-38.0%
4.1%
-24.6%
-18.1%
0.0%
-21.0%
-19.5%
-47.5%
0.0%
-48.7%
-25.0%

-

196.5%
0.0%
0.0%
510.0%
114.4%
0.0%
-0.2%
100.0%
51.0%
63.2%
25.4%
18.9%
127.7%
0.0%
2.2%
143.4%
112.8%
0.0%
99.4%
140.7%
8415%
171.0%
69.8%
113.8%
379.3%
803.4%
45.4%
0.0%
37.5%
193.9%
197.4%
813.5%
165.2%
186.3%
56.7%
56.4%
114.2%
5.2%
9.6%
0.0%
113.4%
68.0%
418.3%
0.0%
105.4%
36.9%

Kazakhstan
Kenya
Kuwait
Kyrgyzstan
Laos
Latvia
Lebanon
Lesotho
Liberia
Libya
Lithuania
Luxembourg
Macedonia
Madagascar
Malawi
Malaysia
Mali
Mauritania
Mexico
Moldova
Mongolia
Montenegro
Morocco
Mozambique
Myanmar
Namibia
Nepal
Netherlands
New Caledonia
New Zealand
Nicaragua
Niger
Nigeria
North Korea
Norway
Oman
Pakistan
Panama
Papua New Guinea
Paraguay
Peru
Philippines
Poland
Portugal
Puerto Rico
Qatar

-15.2%
-1.0%
-57.2%
5.4%
-0.4%
-2.1%
-18.9%
24.5%
-0.5%
-26.1%
4.8%
-3.0%
-17.3%
-0.1%
1.5%
1.0%
-3.7%
-11.0%
-3.8%
-5.8%
1.5%
-8.8%
-18.2%
-5.2%
0.1%
-4.4%
-48.9%
-0.2%
-5.5%
13.0%
-2.0%
-9.5%
-1.5%
-2.6%
3.3%
-71.7%
-21.4%
-1.3%
-8.1%
-8.2%
4.1%
-1.5%
3.3%
-8.9%
-8.7%
-11.2%

-

13.8%
6.3%
3.4%
18.3%
6.1%
8.3%
33.6%
30.6%
3.7%
6.7%
12.3%
16.0%
-8.0%
10.4%
16.1%
9.3%
3.4%
4.4%
4.3%
6.8%
8.8%
11.6%
8.3%
8.9%
8.7%
18.3%
0.3%
10.3%
20.5%
17.8%
6.8%
-3.2%
3.4%
8.5%
18.1%
1.2%
3.7%
3.3%
-2.2%
-2.8%
19.0%
1.5%
11.7%
1.6%
-4.0%
0.3%

-36.5%
-11.3%
-60.1%
4.8%
-10.9%
-2.0%
-14.1%
20.1%
-19.9%
-22.9%
-2.7%
-1.3%
-15.2%
5.7%
-4.8%
-9.2%
-27.1%
-44.8%
-34.0%
-21.6%
-11.0%
-8.0%
-19.0%
-15.0%
-10.5%
-47.8%
-56.3%
4.8%
-10.8%
14.9%
-29.2%
-14.4%
-17.3%
-15.1%
-3.8%
-76.5%
-57.2%
-20.0%
-22.8%
-33.0%
1.8%
-8.9%
4.2%
-47.0%
0.0%
-91.8%

-

89.5%
3.9%
5.1%
39.4%
12.7%
10.1%
56.0%
47.5%
-5.7%
13.2%
15.3%
25.6%
14.6%
17.7%
16.6%
13.4%
-0.3%
2.2%
0.1%
3.5%
17.7%
33.1%
11.1%
8.0%
12.0%
36.5%
-1.7%
44.9%
8.1%
36.9%
7.2%
-6.8%
-3.3%
20.5%
30.4%
-18.3%
-6.8%
2.5%
0.6%
-7.5%
44.9%
2.3%
26.0%
0.5%
2.4%
-5.2%

-8.3%
-0.1%
-11.6%
1.9%
-3.5%
1.3%
3.0%
6.8%
-4.1%
-6.5%
4.7%
-6.8%
-9.4%
-6.2%
3.5%
-3.4%
-7.4%
-9.9%
-6.6%
-3.3%
-4.8%
1.4%
-5.3%
-5.7%
-2.8%
-12.6%
-50.0%
-4.1%
-12.9%
9.1%
-3.7%
-10.9%
-4.5%
-1.2%
0.7%
-12.4%
-15.6%
-2.6%
-1.3%
-11.4%
1.5%
-3.9%
0.2%
-6.5%
-3.7%
4.6%

-

6.2%
8.7%
-0.1%
8.4%
33.0%
11.5%
15.6%
12.9%
18.4%
-0.6%
14.1%
13.4%
-2.6%
21.6%
19.4%
24.0%
10.9%
2.5%
9.7%
12.9%
3.4%
5.8%
-0.5%
17.7%
43.5%
27.3%
20.4%
10.5%
85.6%
23.9%
23.9%
0.0%
13.7%
17.2%
9.3%
-3.0%
6.4%
27.4%
17.9%
1.7%
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23.1%
22.3%
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28.9%
10.7%
-13.2%
8.4%
36.4%
18.1%
-3.9%
26.9%
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4.1. Introduction
In recent years, large-scale crop growth modeling has received increasing attention in
assessing agricultural water productivity and impacts of climate change, as well as in finding
ways to increase agricultural outputs. Several studies have shown that SSA is a region with
very low crop water productivity and yields (Liu et al., 2007; Liu, 2009), being at the same
time most vulnerable to climate change impacts on agricultural production (Liu et al., 2008;
Rockström et al., 2009; Fader et al., 2010).
Most prior studies applying large-scale crop growth models were carried out at the
global level (Liu et al., 2007; Liu, 2009; Fader et al., 2010). They are useful in providing
comprehensive overviews and allow for a comparison between different regions of the world.
The reproduction of reported crop yields is usually quite satisfactory for industrialized
countries with high-input agriculture, whereas yields are often far over- or underestimated for
regions with low yields, such as SSA (Priya and Shibasaki, 2001; Stehfest et al., 2007; Wu et
al., 2007; Liu, 2009). One reason for the poor performance of crop models in low-yield
regions is that crop growth parameters in the models are generally calibrated in industrialized
countries for high yielding cultivars, which do not reflect varieties usually grown in low-yield
regions (e.g. Andersson et al., 2009; Gaiser et al., 2010b). Hence, it is essential to calibrate
crop growth parameters to local conditions or use parameters from local field studies when
applying large-scale crop growth models specifically for low yield regions.
Besides plant growth parameters, a reliable estimation of planting dates is also
important for an accurate simulation of crop growth. In the literature of large-scale crop
growth modeling, planting dates are often estimated on the basis of climate data only (e.g.
Bondeau et al., 2007; Waha et al., 2011). This corresponds to an optimization against
temperature ranges and water demand, which does not take farmers’ preferences into account
and neglects other environmental factors like the water holding capacity of soils. Another
common method for determining planting dates is to run the model for all 12 months of each
simulation year and then choose the month that gives the highest yield (e.g. Stehfest et al.,
2007; Liu, 2009). This method has several problems: a) the temporal resolution is quite
coarse; b) planting might not take place in the optimal season, especially in regions with two
growing seasons; and c) perfect knowledge of future weather by the farmer is assumed as the
method corresponds to a backward optimization. In SSA, the planting window is often shorter
than a month in climatically adverse environments, crops might be grown off-season if the
season is suitable for another crop, and farmers are mostly lacking access to reliable weather
forecasts.
A third crucial point is the incorporation of prevailing agricultural practices in SSA
into the model setup. Low soil fertility and insufficient nutrient inputs along with plant
residue removal from the field have since decades been identified as major causes for
extremely low crop yields in many parts of SSA (Brams, 1971). This situation has not
changed until today (Payne, 2010). On the contrary, soil nutrient depletion has increased over
the years in many areas. At the turn of the millennium, the extent of soil degradation was
estimated to be at about 65-72% of the arable land in SSA (Rosegrant et al., 2005; Vlek et al.,
2010), while fallow duration has been continuously declining (Brams et al., 1971; Bationo et
al., 1998; Murage et al., 2000; Rosegrant et al., 2005). Up to now, most large-scale crop
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growth models apply only a harvest operation which implies that plant residues are all left on
the field. However, in SSA and indeed in most developing countries a large portion of crop
residue is removed after harvest for fodder and fuel (e.g. Murage et al., 2000; Rosegrant et al.,
2005). As the removal of plant residue is an important factor for soil degradation, the
implementation of such agricultural practice is vital for representing changes in soil quality
correctly.
The aim of this study was to adapt GEPIC (see Chapter 2) to crop growth and
management conditions in SSA by (1) adjusting plant growth parameters to locally estimated
values based on literature, (2) applying an improved approach for estimating planting dates
based on reported planting windows and calendar weeks, and (3) including soil nutrient
depletion into the model setup in order to reproduce the reported yields correctly. Several
parameterization scenarios were performed to show the importance of implementing these
adaptations in large-scale crop growth modeling for a realistic representation of the crop
growth conditions and to improve the accuracy of the simulation results for SSA. The final
model setup can be expected to yield robust results for supporting policy making regarding
adaptation to climate change and improved management of water and soil fertility.

4.2. Data and methods
4.2.1.

Input datasets

The site-specific input variables used in this study were longitude, latitude, crop type
and management operations, maximum amounts of N and P fertilizer, maximum irrigation
volume, elevation, slope, soil properties, climate data, potential heat units (PHU), climate
region, and planting date.
We used daily climate data (min. temperature, max. temperature, precipitation, and
solar irradiance) from the CRU Mash-up v1.0.3 dataset provided by IFPRI Harvest Choice
Labs (2010) for the period 1970-2003. The dataset is based on two sources: the CRU TS 3
dataset from the Climate Research Unit (CRU) of the University of East Anglia and the
NASA POWER database. The CRU TS 3 dataset contains monthly observed climate statistics
for minimum temperature, maximum temperature, and precipitation for the years 1901-2006
on a 0.5°x0.5° resolution (Mitchell and Jones, 2005). The NASA POWER database provides
solar radiation and daily climate statistics (min. temperature, max. temperature, and
precipitation) on a 1°x1° resolution (Stackhouse, 2006) for the time period 1997-2008. The
two datasets were merged by IFPRI using the NASA daily climate statistics to temporally
downscale min. temperature, max. temperature, and precipitation from the high resolution
CRU dataset, and using the rainfall data from the CRU data to spatially downscale the solar
radiation from NASA POWER for years since 1997. For years prior to 1997, daily climate
statistics from NASA POWER were used according to similarity with monthly climate data
from CRU TS 3. The resulting dataset provides continuous daily climate variables from 19702003.
In addition, monthly long-term average wind speeds were generated from a dataset
compiled by Maurer et al. (2009), which is based on a NCEP/NCAR reanalysis project carried
out by Kalnay et al. (1996). As their data is only available up to the year 1999, we averaged
their monthly values for a period of ten years (1990-1999) in order to avoid outliers of a
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single year and long-term changes in wind regimes and applied this dataset for each year of
the entire simulation period.
Rain-fed and irrigated harvested areas for maize were obtained from the MIRCA2000
Version 1.1 dataset (Portmann et al., 2010). It represents averages for the period 1997-2003 in
each grid cell. A global dataset for soil parameters (OC [%], pH [-], cation exchange capacity
[cmol kg-1], sand [%], silt [%], bulk density [t m-3], layer depth [m], and electrical
conductivity [mmho cm-1]) was obtained from the ISRIC-WISE database (Batjes, 2006) and
spatially linked to the Digital Soil Map of the World (FAO, 1995).
Average fertilizer application rates for N and P on maize cultivation areas treated with
fertilizer were obtained from the FertiStat database (FAO, 2007) for countries that provide
data (Ethiopia, Kenya, Tanzania, Malawi, Zambia, Zimbabwe, South Africa, Togo, and
Guinea; Nigeria only N). Only rather small fractions of cropland are treated with fertilizer in
SSA. For example, according to FertiStat the average N application rate for maize in Tanzania
is 80 kg ha-1, but only applied on 10% of the maize cultivation area. We used the IFPRISPAM database (You et al., 2010) defining high-input irrigated, high-input rain-fed, and lowinput rain-fed areas for the sub-national distribution of the average fertilizer application rates.
As all irrigated maize cultivation areas are designated as high-input in the IFPRI-SPAM
database, we assumed that the average fertilizer application rate is applied on all irrigated
areas. For the simulations of rain-fed maize cultivation, we assumed that the average fertilizer
rates are only applied to areas designated as high-input and no fertilizer is applied to areas
designated as low-input. Thus, we scaled the average amounts of N and P application rates
according to fractions of high- and low-input rain-fed harvested areas in each grid cell using
the equation:
Arhi
Fa  Fn 
(Eq. 1)
Arhi  Arlo
where Fa is the scaled fertilizer application rate on rain-fed areas in a grid cell [kg
ha-1], Fn is the average fertilizer application rate [kg ha-1] on fertilizer treated land reported in
FertiStat, Arhi is the IFPRI-SPAM high-input rain-fed area [ha], and Arlo is the IFPRI-SPAM
low-input rain-fed area [ha] for maize in a given grid cell. The scaled rate Fa is substantially
smaller than Fn in most grid cells because of the dominance of low-input rain-fed maize
cultivation in most parts of SSA.

4.2.2.

Spatially explicit estimation of potential heat units and planting

dates
Potential heat units
PHU from planting to maturity were estimated with the PHU calculator from
Blackland Research Center (2010) based on the long-term average climate data of 1970-2003.
Base and optimum temperatures were left at the default values of 8°C and 25°C. Reported
(sub-)national average planting dates provided by Sacks et al. (2010) were used as an input
because PHU had to be estimated prior to the spatially explicit planting date estimation.
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The length of the growing season was set to 85 days for grid cells with (semi-)arid
climate and 110 days for all other. While 110 days correspond to cultivars with medium
duration until maturity in most environments, the growing season length is in (semi-)arid
regions usually shorter than 90 days (e.g. FAO AGL, 2003). Therefore, a faster maturing
cultivar was assumed to be grown there. The PHU also served to define the harvest date.
Reported national average harvest dates are available from Sacks et al. (2010), but these do
not provide spatially explicit distributions within countries, which can cause erroneous model
outputs as described below.

Planting dates
Earliest, average, and latest planting and harvest dates (day of year) are provided on a
sub-national (South Africa, Nigeria, Tanzania) or national (all other countries) scale by the
Center for Sustainability and the Global Environment (SAGE) at the University of Wisconsin
(Sacks et al., 2010). It is not feasible to use these data as a model input directly as the dates
can differ strongly within a country. But the earliest and latest planting dates were used for
limiting our estimates to a certain time window, which takes e.g. farmers’ preferences into
account.
In a first step, annual planting dates were estimated for a period of 20 years (19751994) using an annual yield optimization approach. This was done with three different
boundary conditions: GEPIC simulations were run at (a) a monthly or (b) a weekly time-step
for all months/weeks of the year and (c) at a weekly time-step with limitation of the planting
window by reported earliest and latest planting dates. This allows for a comparison of the
impact of the temporal resolution on estimated planting dates and resulting crop yields
(approach a vs. b). The comparison of (b) and (c) allows for assessing whether planting date
estimates without a limited planting window fall also into the reported time-span and can
hence be considered reliable if no data on planting windows is available.
For the scenario analysis (see 4.2.6), a planting date input dataset was derived by
calculating the 20-year long-term average (1975-1994) of annual optimal planting dates
obtained with setup (c) above. The estimation of individual planting dates for each year
corresponds to a backward optimization. This implicitly assumes that farmers know the
weather of the next growing season in advance, while the usage of long-term averages
assumes that farmers generally do not have reliable forecasts and hence often have to stick to
traditional or accustomed planting dates (e.g. Patt and Gwata, 2002; USDA PECAD, 2004;
Waha et al., 2011).
As growing seasons for rain-fed and irrigated maize are identical in the region
(Portmann et al., 2010), all cropland was treated as rain-fed for the planting date estimations
in order to avoid possible bias by additional water supply.

4.2.3.

Model parameterization

To better reflect the agronomic conditions in SSA, default plant growth parameters
were adjusted to values that had been estimated at 22 sites and validated for 141 cropping
seasons by Gaiser et al. (2010a) for small-holder farming systems in West Africa. The
potential HI was set to 0.35 (from default 0.5) in order to take into account the potential HI of
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traditionally used maize breeds. The minimum HI under water stress was set to 0.01 (from
0.4), which gives a stronger weight to water stress in the model’s calculation of the actual HI.
The aluminum tolerance (ALT) and critical aeration factor (CAF) were lowered from 5 to 3
and from 0.85 to 0.75, respectively. The plant density was set to 4 plants m-2 which is the
average of reported plant densities that vary from 2 to 6 plants m-2. The parameterization and
model performance were tested prior to the large-scale simulations with data from long-term
field experiments (Juo and Kang 1989; Nel et al., 1996; Moebius-Clune et al. 2011) for
different parts of SSA. The results are shown in Appendix A.

4.2.4.

Simulated crop management

Maize was assumed to be planted after phosphorous fertilizer application (see 4.2.1),
top-layer plowing, and field preparation. After planting, one cultivation operation was
simulated to take possible crop management operations into account that might take place
during the growing period (e.g. weeding). Harvest was assumed to take place at 115% of the
calculated PHU fraction, which is the default assumption in EPIC and takes post-maturity
drying of crops on the field into account. In this study, we assumed that 85% of the aboveground biomass was removed from the field after harvest. This corresponds to the prevailing
residue management practice in many sub-Saharan regions, where stover is used as animal
feed, fuel, or construction material (Murage et al., 2000; Rosegrant et al., 2005). Due to lack
of reliable information in the literature on crop residue removal rates for the different regions
in SSA, this rate was taken as a compromise. Similar values have been chosen by Stehfest et
al. (2007) with 75% residue removal at the global scale and Doraiswamy et al. (2007) with
85% residue removal in Mali. Automatic N fertilizer and irrigation options were used during
the growing season based on plant stress threshold factors. Hence, if N stress exceeded 20%
(in terms of limitation of biomass increase) on a given day, N was added up to the maximum
amount of N fertilizer application calculated according to Eq. 1. Water was added
automatically when water stress limited plant growth on a given day by >10% (Liu et al.,
2007). Due to lack of data about water withdrawal for irrigation, we assumed sufficient
irrigation water supply in grid cells that are equipped for irrigation. The maximum irrigation
volume was set to 2000 mm to ensure that this condition could be met in all irrigated grid
cells. Setting the maximum irrigation volume to 2000 mm may seem high, but we found that
an excessive water supply did not affect the magnitude of simulated yields significantly as
according to the MIRCA landuse dataset, the extent of the irrigated land for maize in SSA is
<3% of the total maize cultivation area and irrigated and rain-fed yields were weighted in
each grid cell as described below.
Irrigated and rain-fed fractions of the cropland were simulated separately for each grid
cell. The weighted yield for the respective grid cell was then calculated as:
Y c  AIc + YRc  ARc
YWc = I
(Eq. 2)
ATc
where YWc [t ha-1] is the average yield in grid cell c, YIc [t ha-1] is the yield on the
irrigated cropland, AIc [ha] is the irrigated area, YRc [t ha-1] is the yield on the rain-fed land,

ARc [ha] is the rain-fed area, and ATc [ha] is the total harvested area for maize.
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4.2.5.

Simulation run-time and evaluation of crop yields

A spatially explicit dataset of average reported yields for the years 1997-2003 is
provided by SAGE (Monfreda et al., 2008). The actual resolution of the dataset is at the 1st
administrative level whereas national averages are assigned to regions with lacking data. We
used simulated yields averaged for the same time period to evaluate the spatial representation
of crop yields by the model. Unless otherwise stated, the term “simulated yields” refers to this
averaged data. Area-weighted national average yields were calculated according to Eq. 2.
National average yields were in addition obtained from FAOSTAT (2010) in order to
compare reported yields from different sources and hence assess uncertainty associated with
validation data.
In order not to underestimate the reported yields in the simulations, we defined mean
error (ME)>0 of simulated vs. reported yields averaged across all grid cells as the main
criterion for fitting the magnitude of simulated yields to reported yields at the sub-continental
scale. The ME decreased continuously in a trial run with adjusted parameters and residue
removal (see 4.2.3 and 4.2.4) and became negative after 22 years. Therefore, we chose this
time period as the total simulation time, starting in 1982 and ending in 2003.

4.2.6.

Scenario design

We developed three scenarios to compare the results of different model setups
concerning parameter adjustment and plant residue removal. These are:





Default parameters with no residue removal (DPnRR)
Adjusted parameters with no residue removal (APnRR)
Adjusted parameters with residue removal (APRR)

In addition, planting dates estimated with a monthly and a weekly time step were
compared for setup DPnRR. Weekly based planting dates with and without limitation by
reported planting dates were compared for scenario APRR.

4.3. Results
4.3.1.

Estimated planting dates

Planting dates estimated at a monthly (Fig. 4-1a) and a weekly (Fig. 4-1b) time-step
were in 91% of all grid cells within a range of 1-28 days (Fig. 4-1f). Differences of more than
60 and up to 140 days occurred only in 2% of all grid cells, located in Southern Africa, parts
of eastern Africa, and the southeastern coast of Madagascar. Regions with distinct differences
of two to three months between the coastal and the Sahelian zones of West Africa were better
characterized in the calendar week than in the monthly approach.
Simulated yields with monthly-based planting dates (Fig. 4-1c) showed mostly the
same pattern as the weekly ones (Fig. 4-1d). The difference in 71% of the grid cells (mostly in
tropical regions) was ≤5% and in 96% of the grid cells ≤ 10% (Fig. 4-1e). Deviations of >10%
occurred in parts of the (Sudano-)Sahelian belt, the Horn of Africa, the Kalahari region, and
the eastern coast of Madagascar.
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We found no general relationship between differences in planting dates and
differences in yields. Larger differences between optimal planting dates (>30 days) as well as
yields (≥10%) were obtained for Southern and East Africa and in Madagascar. For arid
regions such as the (Sudano-)Sahelian zone, parts of the Kalahari region, and in Somalia the
two methods produced only minor differences in planting dates of mostly <14 days, but
comparatively large differences in yields of around 10%.

Fig. 4-1: (a) Estimated planting dates derived from monthly steps, (b) estimated planting dates derived
from weekly steps, (c) yield with monthly based dynamic planting dates, (d) yield with weekly
based dynamic planting dates, (e) difference in yield between monthly and weekly based planting
dates, and (f) difference between monthly and weekly based planting dates. All simulations were
carried out prior to implementation of adjusted plant growth parameters and residue removal
(setup DPnRR, Section 4.2.6).
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Weekly based planting dates assessed with scenario APRR with (Fig. 4-2a) and
without (Fig. 4-2b) limitation by reported planting seasons were identical in 49% of all grid
cells. Slight local differences of up to 28 days occurred in 35% of grid cells and were the only
deviation found for West Africa and the Sahelian countries. Differences of more than 50 and
up to 150 days were found for the coast of Southern Africa and in Botswana, East Africa
(especially Uganda, Tanzania, Kenya, and southern Somalia), southeastern Madagascar, and
the north of the Democratic Republic of Congo.

Fig. 4-2: Estimated planting dates (a) without and (b) with constraint to fit reported planting windows
within the country. The legend is given on a monthly base for better visualization while the actual
grid cell values show the planting date as day of year. Simulations were carried out with adjusted
plant growth parameters and residue removal (setup APRR, see Section 4.2.6).

4.3.2.

Impact of plant growth parameter adjustment in scenarios

DPnRR and APnRR on crop yields

Fig. 4-3: Simulated maize yields in sub-Saharan Africa (a) before (DPnRR) and (b) after (APnRR)
adjustment of crop growth parameters and (c) change in simulated yields due to the adjustment.
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Yields were mostly between 2 and 4 t ha-1 with scenario DPnRR (Fig. 4-3a) with an
area-weighted average of 2.66 t ha-1, which is 1.8 times the reported average yield of 1.44 t
ha-1 in SSA. Extreme overestimations by up to 40 folds were found in Botswana, Zimbabwe,
and Sudan. They were mostly limited to grid cells with reported yields well below 0.5 t ha-1
and down to 0.03 t ha-1, which are difficult to simulate even with a well-adjusted model.
Underestimations were rare but reached >40% only in parts of the Sahel and the Kalahari,
mostly in the grid cells that were assigned national or regional average yields (see 4.2.5).

Fig. 4-4: Influence of (a) water stress and (b) aeration stress on yield decline after crop growth parameter
adjustment from DPnRR to APnRR. The water stress harvest index was lowered from 0.4 to 0.1
and the critical aeration factor from 0.85 to 0.75. The line shows the smoothed regression, the
band the 68% confidence interval.
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With APnRR (Fig. 4-3b), the model calculated an area-weighted average yield of 2.19
t ha , which is still 1.5 times the reported average yield. For most grid cells, adjusted
parameters gave around 80-90% of the yield calculated with default parameters, but dramatic
decreases in simulated yields due to parameter adjustment occurred in grid cells of semi-arid
and arid regions (Fig. 4-3c). In grid cells with more than 15-20 water stress days per year, the
parameter adjustment decreased the simulated yield with increasing number of water stress
days until yields approached a value of around 20% of the yields obtained with default
parameters (Fig. 4-4a).
In a few grid cells, there was a strong decrease in yield due to the adjustment of the
aeration stress coefficient (Fig. 4-4b). These grid cells were mostly located in southeastern
Sudan with Vertisols as a dominating soil type, which are known for their vulnerability to
compaction and water logging under continuous cultivation.
-1

4.3.3.

Impact of continuous cultivation on crop yield, soil fertility, and

plant stresses with different scenarios
Crop yield and nutrient depletion
Simulating 22 years of continuous cultivation with biomass removal resulted in
dramatic changes in yield, topsoil OC content, and soil N content (Fig. 4-5a-d).
Scenario DPnRR gave the highest initial yield with about 5.3 t ha-1, which decreased
to about 1.9 t ha-1 (Fig. 4-5a). Scenarios APnRR and APRR resulted in very similar initial
yields of around 3.7 t ha-1. But the yield decline was more pronounced in scenario APRR,
reaching a final yield of about 1.2 t ha-1 as compared to 1.5 t ha-1 in APnRR and the reported
average of 1.16 t ha-1.

Fig. 4-5: Changes in (a) yield, (b) soluble nitrogen content, (c) total nitrogen content, and (d) topsoil
organic carbon content over time under continuous cultivation with DPnRR, APnRR, and APRR.
Points show the mean of all grid cells, lines represent a smoothed fitting.
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The decrease of the average annual concentration of soluble NO3-N in the soil profile
(Fig. 4-5b) was slightly stronger in scenario APRR than in the other scenarios. APnRR
showed the lowest N mining rate, but still a fairly low concentration of soluble N was left in
the soil at the end of the simulation period. This difference can be attributed to the higher
supply of NO3 from mineralized plant residues in the scenarios without residue removal. In all
three approaches, the concentration of soluble N remaining in the soil after 22 years
corresponded to 31-39% of the initial concentration.
Total soil N (Fig. 4-5c) also decreased in all three scenarios. The initial amount of
about 5.9 t ha-1 decreased exponentially to a final value of 3.9 t ha-1 in the simulation with
default parameters, 4.0 t ha-1 in APnRR, and 3.8 t ha-1 in APRR. The initial N mining rates
decreased from 175-220 kg ha-1 yr-1 to <100 kg ha-1 yr-1 within 10 years. The final rates were
between 40-50 kg ha-1 yr-1. The average rates over the whole simulation period were 94 kg ha1
yr-1 in DPnRR, 90 kg ha-1 yr-1 in APnRR, and 100 kg ha-1 yr-1 in APRR.
In APRR, the OC concentration (Fig. 4-5d) in the topsoil increased slightly during the
first three years from initially 0.96% to 0.99%. This time period has to be considered an
initialization period as stated in section 4.2.1 and the increase of OC took mainly place on
sandy soils with an initial OC concentration of 0.2-0.3%. The concentration decreased
subsequently to 0.79% with an average rate of about 0.011% OC a-1. With default parameters,
there was an initial increase in OC with a peak of 1.20% after 10 years, followed by a
decrease at a slightly higher rate (0.013%) than in APRR to a final OC concentration of
1.05%. In APnRR, the OC concentration increased to 1.33% within the first half of the
simulation period. After this point it declined slowly to 1.20%.

Evolution of plant stress factors
The evolution of plant stresses with and without parameter adjustment and residue
removal is shown in Fig. 4-6. Only water, temperature, and nitrogen stresses are presented
here. The simulated magnitudes of the other three stresses (phosphorus, salinity, and aeration)
were not important on the large scale.
Corresponding to changes in soil N contents (Fig. 4-5b and Fig. 4-5c), there was no
significant difference between N stress development in DPnRR and APRR. But the number of
stress days in APnRR at the end of the simulation was 15% lower. Water stress decreased
slightly over time from about 10 to 6 stress days in all three scenarios. Temperature stress was
on the average between 1-2 stress days throughout the whole simulation period and did not
differ significantly in different scenarios.
Water stress was important primarily in grid cells where plant growth was already low
at the beginning of the simulation and hence N depletion was comparably slow. This was
mostly the case in parts of the Kalahari and the Horn of Africa. On the other hand, N stress
mostly developed in grid cells with rather little water stress. Thus, the occurrence of extreme
values (>40-50 stress days) was only limited to one of the two major stresses. If plant growth
is already limited by water stress, then the rate of nutrient removal through biomass is small;
and vice versa, water stress is lower if the development of biomass is already limited by
nutrient stress. But medium amounts of simultaneous water and nitrogen stresses (up to 20-30
stress days each) occurred in the (Sudano-)Sahelian belt and the Horn of Africa.
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Fig. 4-6: Changes in nitrogen, water, and temperature stress over time under continuous cultivation with
DPnRR, APnRR, and APRR.

4.3.4.

Simulated yields in comparison with reported yields

There is a good agreement between the two datasets of reported maize yields (Fig.
4-7a and Tab. 4-1). One reason for this is that the SAGE data are partially based on or have
been corrected according to FAO data (Monfreda et al., 2008). The fact that there are still
differences between the two datasets shows that some uncertainty remains in the reported
data. The residual error of the regression is about ±0.14 t ha-1. This range was used as an
uncertainty range for the comparison of simulated and reported yields (Fig. 4-7b and Fig.
4-7c).
Simulated yields were overestimated for several countries as compared to reported
yields (Fig. 4-7b and Tab. 4-1). The largest overestimations with 100-200% occurred for
Rwanda, Angola, and Botswana. As national average yields have been estimated by FAO for
18 countries with lacking data (Tab. 4-1), these countries were excluded from the regression
in Fig. 4-7c in order to obtain a comparison only for countries with reported data. Predictions
for 12 out of the remaining 20 countries, including the two main producers Nigeria and South
Africa, were within the uncertainty range. The standard deviation of another four countries
was overlapping with the uncertainty band. Underestimations occurred for only two of the
larger producers, Ethiopia (-22%) and South Africa (-1%).
When including all countries in a regression of reported and simulated yields (Fig.
4-7b), the coefficient of determination was very small (R2=0.24; p=0.0016). The deviation
from the 1:1-line was mainly due to overestimations in countries with reported yields <1.5 t
ha-1 and little area harvested with maize. When excluding countries with reported crop yields
that had been estimated by FAO (Fig. 4-7c), the coefficient of determination and the level of
significance increased significantly (R2=0.49; p=0.0006), while the slope of the regression
line increased to 0.73 and the intercept decreased to 0.62. When looking only at the three
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major producers (Nigeria, South Africa, Kenya) in Fig. 4-7c, the coefficient of determination
improved further to R2=0.99 with y=0.87x+0.32 (not shown).

Fig. 4-7: (a) Reported yields from FAO and SAGE, (b) reported yields from SAGE and simulated yields
from APRR for all countries, and (c) reported yields from SAGE and simulated yields from
APRR only for countries without estimated production data from FAO (see Tab. 1). Error bars
represent the standard deviation, circle sizes show harvested area on a continuous scale. The grey
ribbon embraces the regression and range of residual error for reported yields from FAO and
SAGE in (a) as a measure of uncertainty in reported data. The 1:1 line is presented for facilitated
comparison of the regressions.
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Tab. 4-1: Reported harvested areas, reported and simulated yields, and difference between simulated and
reported yields for sub-Saharan Africa (based on Monfreda et al., 2008; Portmann et al., 2010;
FAO, 2010). All data refers to the period 1997-2003.
Country1)

Harvested area

Yield

FAO

C.V.

MIRCA

FAO

C.V.

SAGExMIRCA

GEPIC

[ha]

[%]

[ha]

[t ha-1]

[%]

[t ha-1]

[t ha-1]

C.V.

GEPIC
SAGExMIRCA

[%]

[%]

10.49

729122

0.65

10.75

0.60

1.32

15.77

+120

635323

6.59

462007

1.13

10.63

1.16

1.43

14.79

+23

44369

65.19

53966

0.19

45.27

0.39

0.81

29.00

+108

Burkina Faso

312678

23.35

226098

1.62

9.38

1.55

1.57

13.69

+1

Burundi*+

114429

1.22

99966

1.13

5.98

1.25

2.41

12.57

+93

Cameroon*

368005

17.94

323239

2.21

12.60

2.33

1.74

11.04

-25

Central African Rep.*

100714

13.87

103607

1.00

5.96

1.01

1.57

13.85

+55

Chad

128504

27.97

99943

0.85

33.22

0.88

1.08

15.40

+23

Angola*+

713733

Benin
Botswana

Congo, D. R.

*

Congo*+

1471244
9025

Cote d'Ivoire

1.60 1482060
14.23

12131

0.80

2.40

0.88

1.55

14.10

+89

0.84

8.10

0.93

1.27

15.56

+49

300949

15.30

746781

1.95

14.80

0.88

1.49

15.98

+60

Eritrea*+

19038

48.26

19009

0.50

54.17

0.62

0.75

25.82

+23

Ethiopia

1666462

9.24 1194710

1.69

6.61

1.93

1.51

14.60

-22

Gabon*+

17143

11.13

16645

1.54

12.22

0.97

1.00

16.64

+0

Gambia2)

14201

35.21

4942

1.44

17.66

-

-

-

Ghana

740660

13.14

734043

1.48

6.32

1.5

1.41

14.00

-6

Guinea*+

232260

15.40

80463

1.40

5.29

1.06

1.76

12.15

+66

19965

31.89

15247

1.12

19.72

1.15

1.95

15.10

+70

4.77 1552700

1.56

6.76

1.53

1.70

11.46

+11

Guinea-Bissau*+
Kenya

1564433

-

Lesotho

138074

19.67

102734

0.89

25.25

1.22

1.59

15.13

+30

Madagascar

191336

2.16

118578

1.00

27.75

0.98

1.61

14.44

+64

Malawi
Mali
Mauritania*
Mozambique

*+

1411886

9.05

679934

1.35

22.70

1.33

2.09

11.87

+57

274826

31.91

172278

1.41

15.26

1.28

1.55

12.44

+21

9879

38.97

11597

0.84

17.41

0.84

0.64

39.43

-24
+70

1232813

5.90

895402

0.94

10.62

0.92

1.56

15.65

Namibia

29074

29.50

27956

1.05

38.69

1.09

1.03

30.91

-6

Niger*+
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Fig. 4-8: (a) Simulated yields after calibration and soil nutrient depletion (APRR), (b) reported yields
(adopted from Monfreda et al., 2008), and (c) difference between simulated and reported yields.

Regarding the spatial distribution of simulated yields, the highest values were obtained
for the east African coast, the lowest for (semi-)arid regions of Southern Africa, the Horn of
Africa, and the Sudano-Sahelian belt (Fig. 4-8a). West Africa had overall low yields and
showed a strong gradient from the tropical humid, coastal Guinea zone with about 1.3 t ha-1 to
the tropical Sudanian zone with up to 1.8 t ha-1, and further to the arid Sahelian zone with
about 0.5 t ha-1.

4.4. Discussion
4.4.1.

Estimation of planting dates

The fact that unconstrained estimates of planting dates (Fig. 4-1a, Fig. 4-1b, Fig. 4-2a)
lie mostly within the reported season (Fig. 4-2b) and are in nearly 50% of the grid cells
identical to planting dates estimated with a limited planting season indicates that the applied
method of planting date estimation is quite reliable. The higher temporal resolution of
planting dates was important especially in (semi-)arid environments as yields were at least
locally significantly higher (Fig. 4-1e) and the deviation in estimated planting dates was larger
in these regions (Fig. 4-1f). The high temporal resolution was therefore used for generating
the input dataset of fixed planting dates for the scenario analysis (see 4.2.2).
Major differences between reported and estimated planting dates were found mostly in
regions of East Africa with bimodal seasonal rainfall distributions (Fig. 4-2a and Fig. 4-2b).
In Tanzania and Kenya for example, about 85% of maize is grown during the long rain period
with planting at the beginning of the year (USDA PECAD, 2004). When not taking reported
planting seasons into account, the model mainly selected the shorter season, which starts in
late autumn. This is not necessarily a shortcoming of the model, as in these regions actual
planting dates are often based on farmers’ preferences, which could be tackled by taking the
reported planting season into account.
A comparison with other studies can only be carried out visually as planting date
estimates are usually presented as maps. Our planting dates estimated for East and Southern
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Africa without limitation of the growing season (Fig. 4-1a, Fig. 4-1b, Fig. 4-2a) resemble
largely those determined by Stehfest et al. (2007) using the Daycent crop growth model and
are very similar to those calculated by Waha et al. (2011) based on temperature and
precipitation. But for West Africa, Stehfest et al. (2007) estimate sowing of maize to take
place mostly throughout July and August and Waha et al. (2011) report mostly June as a
planting month. In contrast, according to our model as well as reported data from e.g. Sacks et
al. (2011) planting takes place between March and April in the Guinea zone (coast line) and
from May to July in the Sudano-Sahelian zone (North). This gradient is not captured by the
estimates of Stehfest et al. (2007) and only visible for the coast lines of Ghana and Ivory
Coast in Waha et al. (2011). One reason might be the usage of different climate datasets as
solar radiation was only used in the present study and is of great importance in West Africa
due to dense cloud covers during the rainy season. Furthermore, the usage of climate data
alone does not account for soil parameters such as water storage capacity.

4.4.2.

Effect of model setup on simulated crop yields and soil

dynamics
Yields decreased after parameter adjustment in most grid cells to about 80% of the
initial value, which is slightly higher than the ratio (70%) of adjusted potential HI (0.35) to
the default HI (0.5). More dramatic changes in yield were found in grid cells with high water
stress, suggesting that the most important parameter adjustment in our setup was the lowering
of the minimum HI under water stress from 0.4 to 0.01 (see 4.2.3). Overall, the actual HI
estimated by the model with adjusted parameters was in >80% of the grid cells >0.3 and in
>92% greater than 0.2. This corresponds to average HI values reported for example by Jensen
et al. (2003) for local cultivars in Tanzania with 0.22-0.34 or by Yunusa and Gworgwor
(1991) with a HI of 0.10-0.32 for cultivars in Nigeria. Extremely low actual HI values of <0.1
were estimated by the model only for 3.2% of all grid cells and could be found in extremely
dry regions. It has been reported by e.g. Gaiser et al. (2010a) that prolonged drought can
cause barrenness in maize flowers that may cause complete yield losses, which is represented
by this model parameterization.
The similar developments in soil constituents and plant stress in scenarios DPnRR and
APRR can be attributed to the high HI in DPnRR, which results in a large portion of the plant
being removed from the field as crop yield. The fact that APnRR resulted in yields quite close
to those of APRR makes it appear as a valid approach for assessing agricultural production in
SSA by simply extending the simulation run-time until yields drop further to the range of
reported values. But looking at the changes in soil parameters over time reveals that this
scenario simulates carbon sequestration (Fig. 4-5d) and low nutrient mining (Fig. 4-5b and
Fig. 4-5c), which renders it invalid for making a reliable assessment of the environmental
implications of current landuse practices and ways to improve agricultural production in SSA.
This highlights the importance of accounting for agricultural practices in crop growth models
instead of solely adjusting crop growth parameters to values estimated in field experiments.
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4.4.3.

Simulated and reported nutrient mining and effects on crop

yields
Patterns of total N depletion over time similar to ours have been reported by du Preez
and du Toit (1995) from South Africa. The average rate of soil N mining by crops in SSA is
estimated to be about 60 kg ha-1 yr-1 (e.g. Rosegrant et al., 2005), and local estimates show
similar values for maize of e.g. 50-60 kg ha-1 yr-1 in southwestern Uganda (Bekunda and
Manzi, 2003) or 40-110 kg ha-1 yr-1 in different regions of Kenya (Nandwa and Bekunda,
1998). In our simulation with APRR, the rate of N depletion decreased from about 200-500 kg
ha-1 yr-1 to around 50 kg ha-1 yr-1 over 22 years with a total average of about 100 kg ha-1 yr-1.
The average rate for the period 1997-2003 was 45 kg ha-1 yr-1, which is in the lower to midrange of the reported estimates above, while the long-term average is in the upper range.
We did not find literature that deals with plant stress development over decades in
SSA to compare with our results. But there are indications that the final state of stress factors
presented here (Fig. 4-6) can be considered representative for many regions in SSA.
Andersson et al. (2009) found that N stress was the major plant growth limiting factor in
simulations of maize cultivation in the Thukela basin of South Africa using the SWAT model.
Rockström and Karlberg (2010) concluded from a review of several projects on measures to
increase yield in Burkina Faso, Ethiopia, Kenya, and Tanzania that improvements in water
management had often only small effects on plant growth, while yields increased in most
cases dramatically when nutrients were added. Breman et al. (2010) found that crop yields did
not increase with rainfall >600 mm in Ougadougou because a large yield gap was related to
nutrient limitation. Bindraban et al. (2000) attributed a higher priority to nutrients than to
water in yield gap calculations for SSA. The correct accounting for this plant stress pattern in
the model is not only crucial for representing current yields reliably, but also matters for
assessing the impact of agricultural management practices on crop yields under current and
future climate conditions.
As mentioned in section 4.3.3, we found barely any phosphorus stress in our
simulations, although there is growing concern about P depletion in sub-Saharan agricultural
soils (Payne, 2010). A reason for this might be that N and P contents were estimated from soil
OC by the model.

4.4.4.

Comparison of yield estimates with other studies

The scenario APRR shows only slight underestimations relative to reported yields
whereas previous modeling efforts resulted in considerable under- and overestimations of
crop yields (Stehfest et al., 2007, Wu et al., 2007, Liu, 2009), especially for countries with
yields below 3 t ha-1. This is expected as most global studies did not implement a regionspecific adjustment of model parameterization and agricultural practice. But as different input
datasets were used in all of these studies, it is not possible to attribute the differences in model
outputs to model setup or input data directly. A good agreement with reported yields also for
low values was achieved by Fader et al. (2010) using the model LPJmL at the global scale.
They fitted their model by calibrating a management factor, which substitutes fertilizer
application rates and scales the maximum leaf area index and potential HI. The disadvantage
of this approach is that crop management effects are incorporated into plant growth
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parameters, which might limit the eligibility of the model setup for studying effects of crop
management scenarios on crop growth.
There are only few studies that use spatially explicit crop growth models for
assessments of agricultural yields in SSA and often they do not provide a thorough validation
of the model (e.g. Liu et al., 2008; Thornton et al., 2009). The validation published by Jones
and Thornton (2003) contains far over- and underestimations of crop yields and shows no
significant correlation between reported and simulated yields for all countries (R2=0.01) or
only for countries with actual reported yields (R2=0.17) compared to R2=0.24 (Fig. 4-7b) and
R2=0.49 (Fig. 4-7c) in our study. At the time of the publication by Jones and Thornton (2003),
crop-specific landuse datasets were not available and they compared their simulation only
with one year of observed data. Hence, the poor agreement of their results could be attributed
largely to poor input and validation datasets.

4.4.5.

Limitations in input and validation data and model setup

Soil parameters in the ISRIC-WISE database refer to soil samples that are
representative of large areas and the landuse system is for most samples (61%) unknown
whereas only 14% are from annually cropped land and only a small fraction of these is
located in SSA (Batjes, 2004). Therefore, the available soil data does most likely not represent
long-term cultivated, nutrient depleted soils. A new soil database for Africa that is currently
being developed (Walsh et al., 2009) for assessments of agricultural productivity in Africa can
be expected to provide more appropriate chemical and physical soil properties in the future.
A shortcoming of our approach is the static fitting of the magnitude of crop yields as
an average of the time period 1997-2003. Simulated yields steadily decreased with increasing
soil nutrient depletion (Fig. 4-5a) during the simulation period. Hence, it was not possible to
validate crop yields with reported data over time. As Tab. 4-1 shows, there is a variability of
10-30% in harvested areas in most countries over time, which renders a temporal validation
difficult without spatially explicit datasets of harvested areas year by year.
The large underestimation of yields in Ethiopia by 22% might be due to the
parameterization of solely low-yielding cultivars or due to inconsistencies in input data as this
underestimation occurred also in DPnRR (not shown). This can either be because of too low
reported fertilizer application rates (7 kg N ha-1 national average for Ethiopia) or
discrepancies between reported yield and harvested area datasets from which area-weighted
national average yields were calculated. The fact that the yield reported by FAO is lower
(1.69 t ha-1) than that calculated from the SAGE and MIRCA datasets (1.93 t ha-1) suggests
that this might be the case (Tab. 4-1).
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Supporting Information for

Regionalization of a large-scale crop growth model for sub-Saharan Africa:
model setup, evaluation, and estimation of maize yields
Comparison of EPIC performance with long-term field trials in SSA
The performance of EPIC with the parameterization according to Gaiser et al. (2010a)
was tested prior to the large-scale assessment using published data from field trials in order to
assess the model behavior throughout extended time periods.
There is globally only a small number of long-term agricultural experiments and in
SSA such field trials are extremely few - especially when it comes to certain crops (here
maize) and management strategies (with and without residue removal). In addition, the
existing experiments often lack detailed documentation of parameters like (complete) initial
soil status, daily weather records, and crop management. Furthermore, management strategies
might change during the experimentation period. All of these factors render a difficulty in
comparing our model results, which account for dynamic soil degradation and nutrient
depletion during long-term cultivation under specific agricultural practices, with experimental
data. Nevertheless, we evaluated the performance of EPIC for simulating soil degradation and
nutrient depletion with published results from three long-term field experiments in different
parts of SSA. Graphs from these publications were digitized using the software Engauge
Digitizer 4.1. The results are evaluated below.

a) Chronosequence in Kenya
Moebius-Clune et al. (2011) have published an analysis of soil quality degradation
under continuous cultivation of maize in two villages (Nandi and Kakamega) in western
Kenya. The publication provides only the most vital soil data (OC, CEC, EC, pH, texture) for
the topsoil (0-15 cm) and no characteristics of the subsoil (15-60 cm). To evaluate the EPIC
model with the data from this experiment, we treated the subsoil identical to the topsoil but
with a lower OC content assuming that there are strong decreases in OC with soil depth (e.g.
Jobbágy and Jackson, 2000). We tested different OC contents for the subsoil (1, 2, and 3%) in
order to take into account the uncertainty associated with this estimated parameter.
As Fig. A1 shows, yields decreased during the first years of the experiment exponentially
from about 4 t ha-1 and reached an equilibrium after about 25 years at 1 t ha-1. The EPIC
model in contrast has a lag phase of nearly 20 years during which maize yields are around 5 t
ha-1. After this, there is also an exponential but slower decrease in yields to a final equilibrium
of about 1.0-1.3 t ha-1, which is reached after 40-50 years. Thereby, the estimated magnitude
of the subsoil OC content governs the slope of the yield decrease as well as the magnitude of
the final equilibrium with a slower decrease and higher equilibrium at higher initial OC
contents.
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Fig. A1: Yield decrease under continuous maize cultivation in Nandi, Kenya.
The comparison shows that apart from the lag phase and the slightly lower decrease
rates there is no large difference between reported and simulated results, especially regarding
the magnitude of the final equilibrated yield. Remaining differences must be attributed –
besides the aforementioned constraints in soil data – to missing information about exact crop
management and cultivars.

Fig. A2: Changes in topsoil OC over time at two sites Nandi and Kakamega, Kenya.
In addition to crop yields, changes in OC were also tested (Fig. A2). It can be seen that
reported and simulated OC changes correspond relatively well with a slight overestimation of
OC content, especially towards the end of the simulation period. This can most likely be
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attributed to the fact that information about the composition of different OC fractions especially the amount of litter – is not provided by the authors. EPIC initializes therefore the
different OC pools according to standard values which might not correspond to those found in
freshly cleared tropical forest soils.

b) Long-term trial in South Africa
Nel et al. (1996) tested in a long-term experiment the influence of different nutrient
management strategies on a maize-pea rotation field in Pretoria, South Africa. Only three soil
parameters (OC, pH, texture) were provided with no information about climate. Soil data was
provided for three horizons. But we had to estimate the respective depths of the horizons,
which were set to 0-10 cm, 10-30 cm, and 30-100 cm. The site had been cultivated for about
20 prior years with cereals. As Gaiser et al. (2010a) have shown that EPIC requires four times
longer estimated cultivation periods for correct OC initialization in previously cropped
tropical soils, we set the years of prior cultivation to 80. Because cultivars were changed
during the experiment several times, we used only the first 32 years of measured yields for a
comparison with the EPIC model as hybrid cultivars (e.g. R200) were sown after this period.
On the study site, maize stover was removed from the field whereas field pea was only
harvested and residue left on the field. This led to N input and does hence not correspond
exactly to a continuous soil nutrient depletion.

Fig. A3: Reported and simulated yields in a long-term experiment in Pretoria, South Africa.

As Fig. A3 shows, reported yields are fairly constant at 1.68 t ha-1 during the first
decades of the experiment. The EPIC estimates are very high during the first seven simulation
years, which can be attributed to the equilibration of soil water and nutrient cycles, in
particular the turnover of the different SOM pools. During the years 7-32 they fluctuate
around the reported yields with an average of 1.45 t ha-1 and a wider range of about 0.8 t ha-1.
The latter can most likely be attributed to climate characteristics that might not be reflected in
the dataset used in the EPIC model. The lower average might also be caused by the lack of
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detailed soil data and the fact that the field pea parameterized in the model might have other N
fixation and growth properties than the field pea that was used in the experiment.

c) Crop management experiment in Nigeria
Juo and Kang (1989) have published – in a review of their field experiments - data
from a field trial in Ibadan, Nigeria investigating the impact of (a) residue removal or (b)
mulching on maize yields over a period of nine years. They have found decreasing yields in
both trials with a similar slope while yields on plots without residue removal were higher
(Fig. A4). The soil type in the field experiment was classified as Alfisol. Fig. A4 shows a
quite good agreement between simulated and measured yields, although maximum (potential)
HI had to be increased to 0.5. This appears reasonable as there is no information about the
cultivar and the experiments were carried out at an agricultural research station in the 1970s
and 1980s where new maize hybrid cultivars with higher maximum HI were being developed.

Fig. A4: Yield decline during a long-term field trial in Ibadan, Nigeria with residue removal (RR) and
without residue removal (nRR) and two different harvest indices (HI).

Estimated yields with mulching are slightly lower than measured yields with an
average of 5.45 t ha-1 vs. 5.81 t ha-1 (RMSE=0.931). Estimated yields with residue removal
are slightly overestimated with an average of 5.06 t ha-1 vs. 4.34 t ha-1 measured yields
(RMSE=1.097). The underestimation of the beneficial effect of mulching might be due to
higher than assumed mineralization rates or other effects of plant residue. Further remaining
differences such as the inter-annual fluctuation of yields can most likely be attributed to
missing information about OC fractions and in addition to the uncertainty in climate data.
Especially the peaks in the measured yield curves might be from years with very favorable
weather conditions. But due to the lack of information about the point of time when the
experiment was carried out, this cannot be represented here. Due to these missing peaks
which results in stronger nutrient depletion, the decline of the simulated yields is not as sharp.
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We conclude that, the comparison of the EPIC simulation results with the three
experimental data sets shows that EPIC performs well with the applied parameter setup in
different regions of SSA.
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5.1. Introduction
Maize is an important staple food crop in SSA, covering about 20% of the calorie
intake and 13% of the total cultivated land (FAO, 2010). Yet, SSA is the region with the
lowest maize yields in the world. Maize yields are mostly in the range of 0.5-2.5 Mg ha-1
compared to the global average of 6-7 Mg ha-1 and high-yield regions like the Corn Belt in the
USA with 10-12 Mg ha-1 (Monfreda et al., 2008). To meet the growing demand – mainly due
to population growth - cultivation areas have been expanded, the duration of fallows has been
shortened, and imports have been increased. Still many regions depend on foreign food aid
(Rosegrant et al., 2005).
It has been widely recognized that the main reasons for the persistent low yields are
soil degradation and nutrient depletion. Continuous removal of crop residues from cultivated
land and insufficient nutrient replenishment have led to serious soil nutrient depletion in most
parts of SSA (Saïdou et al., 2004; Bationo et al., 2006; Liu et al., 2010). Nitrogen fertilizer
application rates for maize are currently at about 3-5 kg ha-1 in SSA, with most areas not
being fertilized at all due to lack of local fertilizer production facilities, transport
infrastructure, and financial means for investment. In contrast, the world average lies at 134
kg N ha-1, up to 180 kg ha-1 are applied in some states of the USA, and some countries such as
Spain even report application rates of up to 220 kg N ha-1 (FAO, 2007).
Besides nutrients, low water availability has been recognized as a yield limiting factor
in arid regions. Erratic rainfalls and inter-annual rainfall variability pose high risk of yield
losses in semi-arid and tropical regions (Barron et al., 2003; Faurès and Santini, 2008). This
has led to severe famines due to droughts in the past (Faurès and Santini, 2008). The current
extent of irrigated areas for maize production in SSA is only about 3% of the total maize
cultivation area, of which nearly 90% are located in the five countries South Africa, Somalia,
Ethiopia, Sudan, and Tanzania (Portmann et al., 2010).
A third concern in sub-Saharan maize cultivation is the use of low-yielding cultivars.
Local varieties are prevalent. Physiological as well as social research have been focusing on
the development and adoption of high-yielding cultivars (Gabre-Madhin and Haggblade,
2004). These are mainly bred for providing a higher yield fraction (harvest index), and for
drought and heat tolerance, specific times until maturity, and specific nutritional
characteristics. But the usage of high-yielding cultivars is still rare in most parts of SSA.
These issues lead to questions as to how maize yields will respond to different levels
of improvement in inputs concerning fertilizer, irrigation, and high-yielding cultivar in SSA,
what combinations of inputs would provide the optimum effect, and where the potentials for
increasing maize yields are high for a given level of improved inputs. Recently, various
studies have been published dealing with different aspects of maize yield gaps at the global
scale (Licker et al., 2010; Neumann et al., 2010) or at the (multi-)site scale in SSA (Breman et
al., 2001; Verdoodt et al., 2003; Sileshi et al., 2010). The former used statistical and climatic
data for estimating potential yields, which are estimated to be at up to 8-9 Mg ha-1 in tropical
regions. The latter used data from field trials to assess effects of different agronomic measures
for increasing maize yields. As there are diverse concepts of crop yield gaps (Lobell et al.,
2009), the definition of obtainable or potential yields does often differ. Statistical approaches
for example assume usually that potential yields are already achieved in certain places of the
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study region, which may not be the case in SSA, while experimental approaches may not
address all yield limiting factors at the same time. This renders the application of a processbased crop growth model suitable, which allows for quantifying the potential effects of
different levels of inputs on maize yields based on bio-physical algorithms. Such an approach
is particular useful for countries in which no or little agricultural research is currently taking
place. Coupled with a GIS, crop models can assess yield responses and identify variations in
the returns to the inputs over large geographical areas with high spatial resolution.
It is worth noting that the agricultural ministers of the African Union have vowed to
increase the average N fertilizer application rates for all crops in SSA to 50 kg N ha-1 by 2015
(African Union, 2006) in order to lift the very low productivity. The experience from Malawi
has suggested a very positive outcome. Maize yields have doubled in Malawi with the
implementation of a program subsidizing fertilizers and improved cultivars. This has allowed
the country to become a net exporter of maize, after being dependent on maize imports for
years (Denning et al., 2009).
The aim of this study was to assess the maize yield responses to the improvement of
inputs on the SSA scale and with high spatial resolution. Agricultural inputs taken into
account were N and P fertilizers, irrigation, and cultivars. In addition to projecting the yield
potential under high supply of nutrients, water and usage of high-yielding cultivars, yield
responses to different levels of fertilizer inputs were also assessed.
The EPIC model has been used globally for more than 20 years in a wide range of
(agricultural) studies (Gassman et al, 2004). Also for the present study region, EPIC, GEPIC
and other GIS-based EPIC frameworks have been applied at different scales, e.g., field scale
in Nigeria (Adejuwon, 2006), (sub-)national scale in Benin (Gaiser et al., 2010a; Gaiser et al.,
2010b; Kuhn et al., 2010), regional and continental scale (Liu et al., 2008; Gaiser et al., 2011;
Folberth et al., 2012), as well as the global scale (e.g. Liu, 2009; Liu and Yang, 2010). The
model has shown satisfactory reproduction of reported crop yields and crop water use. The
good performance of the model in the previous studies renders EPIC highly suitable for the
purpose of the present study. We have further evaluated the model performance for different
input management strategies based on literature from the Malawian fertilizer and seed subsidy
program and field studies. The results of this assessment are presented in the Supplementary
Information S1 of this paper.

5.2. Methods and data
5.2.1.

Model description and setup

In this study, we updated GEPIC (see Chapter 2) with the recently released version
EPIC v0810. Depending on the employed scenario (see Section 5.2.3 and Tab. 5-1), each grid
cell (with a resolution of 0.5° x 0.5°) is treated as a homogenous area that is either rain-fed or
irrigated or partially irrigated and partially rain-fed. In the latter case, irrigated and rain-fed
yields are modeled separately for each grid cell and the mean yield is calculated as a weighted
average:
Y  AI + YR  AR
YW = I
(Eq. 1)
AT
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where YI [t ha-1] is the yield of the irrigated fraction, AI [ha] is the irrigated area,

YR [t ha-1] is the yield of the rain-fed fraction, AR [ha] is the rain-fed area, and AT [ha] is
the total planting area for the specific crop in grid cell c.
The model setup was adopted from Chapter 4, the study of Folberth et al. (2012) who
adjusted and evaluated the model for simulating maize cultivation in SSA. The run-time was
set to 31 years and the model outputs were averaged over the last seven simulation years, i.e.
1997-2003, as the datasets of harvested areas and reported yields represent this time-period
(see Section 2.2). The initial 24 simulation years served as a warm-up period for equilibrating
soil functions and soil nutrient contents. This includes water and wind erosion as well as soil
nutrient depletion. As the ISRIC-WISE soil database is based mostly on soil samples from
natural ecosystems (Batjes, 2004), this approach is essential for representing degraded
agricultural soils under long-term cultivation, which is prevailing in most parts of SSA
(Rosegrant et al., 2005).
This study uses automatic irrigation scheduling due to lacking data for the exact time
of water supply to the field. Irrigation water was applied automatically to alleviate water
stress if the water deficit would limit plant growth by more than 10% on a given day (Liu et
al., 2007). The minimum interval was set to 5 days. Water was supplied through a furrow
irrigation system, which is dominant in surface irrigation in SSA (Riddell et al., 2006). As
there is currently no spatially explicit data on crop-specific irrigation volumes for SSA, a
maximum irrigation volume for each year was set to 2000 mm in each grid cell, which
corresponds to sufficient water supply (Folberth et al., 2012). The assumption of sufficient
water supply on the irrigated land is based on the common situation that water supply to the
irrigated land generally exceeds the actual amount taken by crops (e.g., irrigation water use
efficiency is generally below 0.5 in SSA). Here we did not consider the situation that part of
the water supply may not be at the time when crops need due to lacking information. In
essence, whenever irrigation is available, sufficient water supply to crops is assumed.
Similarly, the model assumed that fertilizer was applied automatically based on plant stress,
but with fertilizer application rates based on reported data (see Section 4.2.1) or set under
different scenarios (see Section 5.2.3).
General management operations carried out by the model in scenarios were field
preparation before planting, two cultivation operations during the growing season, and the
removal of 85% of plant residue from the field after harvest. This corresponds common
practice as plant residue is often needed as fuel, fodder or for other purposes (e.g. Rosegrant
et al., 2005). The 15% left on the field are considered losses.

5.2.2.

Input datasets

The site-specific input data used in this study were longitude, latitude, elevation, slope,
soil properties, climate data, potential heat units (PHU), climate region, planting dates, crop
cultivar, N and P fertilizer applications rates, and extents of irrigated and rain-fed maize
cultivation areas.
Downscaled observed daily climate input data (min. temperature, max. temperature,
precipitation, and solar irradiance) for the years 1901-2009 were derived from the SLATE
v1.1 database provided by IFPRI Harvest Choice Labs (2010). The database combines the
CRU TS 3 dataset (temperature, precipitation) from the Climate Research Unit (CRU) of the
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University of East Anglia (Mitchell and Jones, 2005) and the POWER database (solar
radiation) of the NASA Langley Research Center (Stackhouse, 2006). In addition, monthly
long-term wind speed averages were derived from a dataset compiled by Maurer et al. (2009).
Rain-fed and irrigated harvested areas for maize around the year 2000 were obtained
from the MIRCA2000 Version 1.1 dataset (Portmann et al., 2010). Soil parameters (texture,
layer depth, bulk density, organic carbon (OC) concentration, pH, cation exchange capacity
(CEC), and electrical conductivity (EC)) were obtained from the ISRIC-WISE database
(Batjes, 2006) and spatially linked to the Digital Soil Map of the World (FAO, 1995).
National average fertilizer application rates for N and P on maize cultivation areas
treated with fertilizer were obtained from the FertiStat database (FAO, 2007) for countries
that provide data (Ethiopia, Kenya, Tanzania, Malawi, Zambia, Zimbabwe, South Africa,
Togo, and Guinea; Nigeria only N). We used the IFPRI-SPAM database (You et al., 2010)
defining high-input irrigated, high-input rain-fed, and low-input rain-fed areas for the subnational distribution of the fertilizers. As all irrigated maize cultivation areas are designated as
high-input in the IFPRI-SPAM database, we assumed that the average national fertilizer
application rate is applied on all irrigated areas. Application rates for rain-fed areas were
scaled in each grid cell based on the ratio of high-input to low-input agriculture according to
IFPRI-SPAM.
Potential heat units (PHU), i.e. the cumulative heat requirement by the plant until
maturity, were estimated for each grid cell using the PHU calculator from Blackland Research
Center (2010). They were calculated by adding up the difference between average
temperature and a crop-specific base temperature (here 8 °C) for all days of the growing
season, in case the mean temperature was above the base temperature.
Planting dates were estimated inversely based on annual yield optimization, while
limiting the possible sowing dates to planting seasons as reported by Sacks et al. (2010). This
allows for taking into account sub-national variation in planting dates while preserving the
reported major growing season. Subsequently, the annual planting dates were averaged for a
period of 20 years in order to take into account that farmers in SSA often have to stick to
traditional or accustomed planting dates due to lack of access to weather forecasts (e.g. Patt
and Gwata, 2002). The estimation of PHU and planting dates is described in more detail by
Folberth et al. (2012).

5.2.3.

Management scenarios

The management schemes used in the scenario analysis are defined in Tab. 5-1. The
low-yielding cultivar, which can be considered representative for currently prevalent local
varieties, was parameterized according to Gaiser et al. (2010a), who calibrated EPIC for fieldscale applications in small-holder environments of West Africa using data from 22 sites and
141 cropping seasons. It has a potential harvest index (HI) of 0.35 and a minimum HI under
water stress of 0.01. The high-yielding cultivar is based on a maize hybrid parameter set that
comes with the EPIC model (Williams et al., 1989). In agreement with current literature, its
potential HI was increased from 0.5 to 0.55 (Kiniry et al., 2004; Capristo et al., 2007). The
lower limit of the HI under water stress was set to 0.01, which is slightly lower than values
found by Farré and Faci (2006) for maize hybrids under Mediterranean climate conditions
with 0.03, but allows for better comparability with the low-yielding cultivar. The estimation
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of actual HI based on water stress corresponds to reported data for selected cultivars.
However, as other studies state, nutrient deficits can as well have an effect on HI (e.g. Pandey
et al., 2000), which is currently not being taken into account in EPIC like in many other crop
growth models. Therefore, the maize cultivars parameterized here have to be considered
rather insensitive towards nutrient impact on HI and rather sensitive towards water stress. As
a wide variety of cultivars exists, it needs to be noted that the main purpose of the cultivarrelated scenarios in this study is to assess nutrient and water limitations for a currently
representative cultivar and to assess potential yields if an optimized cultivar would be used.
Tab. 5-1: Scenarios used in the study. Each scenario represents a combination of fertilizer application
rates, extent of irrigated areas, and cultivar.
No.
Description
Abbreviation1)
Fertilizer as „around 2000“
Current extent of irrigated areas
FcIcCc
I
Low-yielding cultivar
(baseline)
Fertilizer as „around 2000“
II
Irrigation on all harvested land
FcIsCc
Low-yielding cultivar
Fertilizer as „around 2000“
III
Current extent of irrigated areas
FcIcCh
High-yielding cultivar
Fertilizer as „around 2000“
IV
Irrigation on all harvested land
FcIsCh
High-yielding cultivar
Sufficient fertilizer supply
V
Current extent of irrigated areas
FsIcCc
Low-yielding cultivar
Sufficient fertilizer supply
VI
Irrigation on all harvested land
FsIsCc
Low-yielding cultivar
Sufficient fertilizer supply
VII
Current extent of irrigated areas
FsIcCh
High-yielding cultivar
Sufficient fertilizer supply
VIII
Irrigation on all harvested land
FsIsCh
High-yielding cultivar
Fertilizer supply at different levels x2
Current extent of irrigated areas
FxIcCc
IX
Low-yielding cultivar
Fertilizer supply at different levels x
X
Irrigation on all harvested land
FxIsCh
High-yielding cultivar
1) F: fertilizer supply (c=current | s=sufficient)
I: irrigated (c=current | s=all area)
C: cultivar (c=low-yielding | h=high yielding)
2) This scenario was mostly evaluated for a level of 50 kg N ha-1

In assessing the yield responses to improved inputs, two groups of scenarios were set.
In the first group, scenarios I-VIII were set for the combinations of the current and the
sufficient supply of fertilizer, irrigation and cultivar. For fertilizer, the sufficient level was set
to 200 kg N ha-1, which represents the currently highest application rates in high-input
countries. For irrigation, the upper limit was set to 2000 mm as defined earlier (see Section
5.2.1).
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The second group of scenarios IX-X focuses on assessing the yield responses to
different levels of fertilizer inputs under the current and sufficient levels of irrigation and
cultivar usage. N supply is set for 10, 30, 50, 70, 100, 130, 150, 170, 200, 250 kg N ha-1.
Given the goal of the African Union (2006) to increase fertilizer use in SSA to an average of
50 kg N ha-1 by 2015, the analysis pays attention particularly to this level of application. The
application of P was left to the model without setting an upper limit in all management
scenarios except for those using current reported inputs (I-IV).

5.3. Results
5.3.1.

Management and cultivar related yield responses at the

continental scale
Concerning the first set of scenarios, the estimated maize yields at current input levels
(baseline I-FcIcCc) were around 1.4 Mg ha-1 on average. Nutrient deficit was the main
constraint as illustrated in Fig. 5-1a. When irrigation was expanded to the whole sub-continent
(scenario II-FcIsCc), the average yield did not change significantly. When a higher yielding
cultivar was used (III-FcIcCh), yields did not increase by more than 50%. This was also the
case when irrigation and higher-yielding cultivar were combined (IV-FcIsCh). Holding other
factors at the current level, sufficient N and P supply led to about a tripling of yields from
1.40 Mg ha-1 (I) to 4.52 Mg ha-1 (V-FsIcCc). Additional irrigation increased yields for the
current low-yielding cultivar with sufficient nutrients by about a further 10% (V to VIFsIsCc) with significant lifting of the lower end of yields. Then, a higher yielding cultivar
allowed for an additional increase by about 50% to 7.02 Mg ha-1 (VII-FsIsCh). The average
potential yield with sufficient nutrients, high-yielding cultivar, and sufficient water was 7.82
Mg ha-1 with a wide range of 2-13 Mg ha-1.
The actual HI was identical in all scenarios with the same combination of cultivar and
extent of irrigated areas (Fig. 5-1b). For scenarios I and V, it had a median of 0.35 corresponding to the maximum value - and a lower 25th percentile of 0.34 but went down to
0.01 in grid cells with extreme water stress. In the corresponding scenarios with omnipresent
irrigation (II and VI), the actual HI was at 0.35 in nearly all grid cells, except for two with
large water stress, where the HI values were 0.34. This can be attributed to the fact that
irrigation took place only when water stress limited plant growth by more than 10% on a
given day (see Section 5.2.1). In scenarios III and VII, the actual HI was at 0.55 in most grid
cells with a lower 25th percentile of 0.53 and values down to 0.01 similarly to scenarios I and
V. For the scenarios IV and VIII, the actual HI was at 0.55 in nearly all grid cells except for
few grid cells again with extreme water stress, where it amounted to 0.54. Hence, actual HI
was in most grid cells close to or at the maximum HI in both irrigation scenarios, but could be
very low in (semi-)arid regions like the Sahel, Kalahari, and Horn of Africa.
Evapotranspiration was nearly identical for all scenarios for a given extent of irrigated
areas (Fig. 5-1c). The mean for scenarios with an extent of current irrigated areas was at
approx. 325 mm and increased in the scenarios with irrigation in all grid cells to an average of
360 mm due to additional water supply. The mean increase was mainly due to higher ET in
water-limited grid cells with very low ET under rain-fed conditions. The fact that the upper
75th percentile in scenarios with area-wide irrigation was lower than in scenarios with current
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extent of irrigated areas was caused by a larger number of outliers with very high ET values in
the former scenarios.

Fig. 5-1: Simulated (a) crop yield, (b) actual harvest index (HI), (c) evapotranspiration, and (d) crop water
productivity under different management scenarios. Roman numerals refer to the scenario
numbers provided in Tab. 4-1.

Crop water productivity (CWP) increased from the baseline scenario to the sufficient
input scenario with a high-yielding cultivar from about 0.45 kg m-3 to about 2.25 kg m-3 (Fig.
5-1d). The increase in CWP was similar to increases in yield for scenarios with sufficient
nutrient supply (V-VIII), but slightly dampened in the scenarios with area-wide irrigation due
to increases in ET (Fig. 5-1c). For the scenarios with current N and P application levels and
irrigation (II and VI), the increase in ET in some grid cells caused CWP to be even slightly
lower than with current irrigation (I and III).
Concerning the second set of scenarios (IX-FxIcCc and X-FxlsCh), the fertilizer
increases to different levels while the irrigation and cultivar are set at the current level and
sufficient level, respectively. Under Scenario IX (FxIcCc), yields increased linearly with
incremental N supply from 10 to 50 kg N ha-1 (Fig. 5-2). Between 70 and 150 kg N ha-1 the
marginal yield increase started to narrow down. The yield was leveled off at maximum
application rates of about 200-250 kg N ha-1. The pattern for scenario X (FxIsCh) was quite
similar, but yields continued to increase nearly linearly up to an application rate of 100 kg N
ha-1 and leveled off at 200 kg N ha-1. The higher marginal yield increase at higher N
application rates might be attributed to the sufficient supply of irrigation water in all grid cells
in this scenario.
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Fig. 5-2: Simulated maize yield at different rates of N fertilizer application. The blue line indicates the
results of scenario X-FxIsCh. The red line indicates the results of scenarios IX-FxIcCc. Point text
labels show the maximum N application rate [kg ha-1] used as a simulation parameter while the
points themselves are located at the actual application rate that has been employed by the model.

It should be pointed out that the model applied N automatically up to a maximum
amount of 200 kg ha-1 based on plant demand (see Section 5.2.1). The actually applied
amount was on the average lower than the maximum rate because in some regions the
maximum N requirement to reach the potential yield is lower than 200 kg ha-1. On average,
the rate of N applied by the model in scenario IIIV to reach the yield potential was 161 kg N
ha-1. For scenario IX-F50IcCc, it was about 45 kg N ha-1.

5.3.2.

Region-specific yield responses

The lowest yields for the baseline scenario occurred for semi-arid regions with little or
no fertilizer and irrigation water supply, which is the case mainly in the (Sudano-)Sahelian
belt (Fig. 5-3a). The highest yields were estimated for South Africa and parts of East Africa,
where the current fertilizer application rates amount already to around 40 kg N ha-1 in some
regions.
The potential yields (Fig. 5-3b) under the sufficient input scenario (VIII) were highest
for South Africa and along the Great Rift Valley in East African countries like Zambia,
Kenya, Tanzania, and Uganda with up to 12 Mg ha-1 and an average of 7-9 Mg ha-1.
Throughout the Guinea zone of West Africa, yields of about 8-9 Mg ha-1 could potentially be
obtained. The lowest yield potential was estimated for Central African countries, especially
Southern and Western D.R. Congo, Northern Angola, Congo, and Gabon with mostly 3-6 Mg
ha-1.
Crop yields at the fertilizer input level of 50 kg N ha-1, current extent of irrigated
areas, and the current low yielding cultivar (IX-F50IcCc) displayed similar spatial patterns as
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in the sufficient input scenario (VIII) (Fig. 5-3c). The highest yields, with up to 7 Mg ha-1 but
mostly around 3.5-5 Mg ha-1, could be found along the Rift valley of East Africa, and in the
tropic regions of West Africa. The lowest yields were found for Southwestern Africa, but also
dry parts of Somalia, the Sudano-Sahelian belt, and extremely humid parts of Gabon and D.R.
Congo.

Fig. 5-3: Simulated yield and yield gaps in SSA. (a) Crop yield under current practice, (b) crop yield for
the FsIsCh scenario, (c) crop yield for the F50IcCc scenario, (d) absolute yield gap between
baseline and FsIsCh, and (e) absolute yield gap between baseline and F50IcCc.

For scenario VIII, the largest estimated yield gaps (Fig. 5-3d) existed in Southwestern
Africa, the highlands of East Africa, and the tropical Guinea zone of West Africa with
amounts of 7-10 Mg ha-1. Analogously, the smallest absolute yield gaps were found in the
Sahel zone, around the Horn of Africa, and in the humid tropics of Central Africa. Similarly,
the currently attained yields were fairly close to potential yields in regions with already
reasonable yield levels and modest potential yields. Among those are Northeastern and
Southwestern parts of South Africa where up to 70% of the potential yield were already
reached. Also some East African regions, equipped with irrigation infrastructure and
reasonably high fertilizer inputs, approached already more than 50% of potential yields.
Western Kenya for example has current yields of around 2-4 Mg ha-1 according to our
simulations and a potential of 5-8 Mg ha-1. Along the Western coast of Central Africa, the
very low relative yield gap is caused by the estimated yield potential of around 3-4 Mg ha-1.
For scenario IX-F50IcCc, the yield gap was largest in West to Central Africa (Fig.
5-3e) with mostly 2-3 Mg ha-1. The lower yield gaps in East Africa can be explained by
already substantial fertilizer application rates in several countries like South Africa, Kenya,
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and Tanzania. Current fertilizer application rates in some grid cells within these three
countries already exceed 50 kg N ha-1. The yield gap was in this case set to zero. The relative
increase in yields remained fairly low in many arid regions as this scenario did not include an
expansion of irrigated areas and in humid regions of Central Africa due to strong N leaching,
which made the N applied unavailable to plants.

5.3.3.

The role of irrigation in stabilizing yields

As illustrated in Section 5.3.1, irrigation mainly contributed to lifting very low yields
below 2 Mg ha-1 when sufficient N and P were supplied (Fig. 5-1a; scenarios II, IV, VI and
VIII). Grid cells that had a mean yield in the range 0-2 Mg ha-1 when no irrigation was
supplied often showed a large inter-annual yield variation of up to 200% (Fig. 5-4a), which
was mainly driven by the variability in annual precipitation in grid cells with mean
precipitation < 500 mm (Fig. 5-4c). While a fairly large number of grid cells around 4-7 Mg
ha-1 mean yield – visualized by the black lines in the Fig. - exhibited still quite large
variability of up to 70%, the yield variation decreased with increasing yield down to 10-20%
for yields around 11-12 Mg ha-1.
There were barely grid cells with mean yields < 2 Mg ha-1 and variation > 100% when
sufficient irrigation water was supplied (Fig. 5-4b). Grid cells that showed a mean yield < 2
Mg ha-1 under rain-fed conditions moved with irrigation mostly to the range 4-12 Mg ha-1 and
showed rarely a variation > 50% with sufficient water supply (not shown). The fairly high
yields in formerly low-yielding water limited grid cells could be attained due to their high
incident solar radiation, which was negatively correlated with precipitation (Fig. 5-4d;
R2=0.48; p<0.001). Despite sufficient irrigation, there was still a number of grid cells with a
high coefficient of variation of 20-100%. Most of them were concentrated at a mean yield
around 6 Mg ha-1 and a variability of 60-70% as depicted by the black circle in this region of
the plot. The variation of crop yield in these grid cells was driven by a mixture of variation in
(low) solar radiation, temperature stress, and especially inter-annual variability in nutrient
stresses. These grid cells were mostly located in the tropical regions of Central Africa where
soils have high leaching potential for N, strong sorption potential for P, and solar radiation is
fairly low.

5.3.4.

Amounts of fertilizer and water demand for filling the yield gaps

under different scenarios
The largest N inputs required to reach sufficiency were needed in tropical regions (Fig.
5-5a). These regions are also the ones with high potential yields as described in Section 5.3.2.
The amount of N applied by the model was close to or at the maximum of 200 kg N ha-1 in
these grid cells. Fairly low application rates of around 100 kg N ha-1 with a range of mostly
60-130 kg N ha-1 occurred in the humid tropics of Central Africa, in Madagascar, and in the
semi-arid regions.
The magnitude of required P application rates (Fig. 5-5b) did not follow exactly the
pattern of N application. The highest P application rates were found for the West African
countries Guinea, Sierra Leone and Cameroon with up to 60 kg P ha-1. Rates of 40-50 kg ha-1
were found for some East African countries like Tanzania, Kenya, and Ethiopia. For
Madagascar, P demand was fairly high with about 32 kg P ha-1, while N demand was
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comparably low with mostly 100 kg N ha-1. The lowest P demands were found for regions in
which yields are limited by high temperature like the Sahel zone, the Horn of Africa, and
Southwestern Africa with estimated application rates of 15-20 kg P ha-1 and in humid regions
of Central Africa with around 20-25 kg P ha-1. The mean application rate across all grid cells
was 31 kg P ha-1.

Fig. 5-4: (a) Mean yield and coefficient of variation for a high-yielding cultivar and sufficient nutrient
supply if all grid cells are treated as rain-fed only. (b) Mean yield and coefficient of variation for a
high-yielding cultivar and sufficient nutrient supply if all grid cells are treated as sufficiently
irrigated. Black lines represent the density of points. (c) Comparison of mean and variation of
annual precipitation. (d) Comparison of mean annual precipitation and mean daily solar
radiation.

The amount of irrigation water applied by the model in order to level out plant water
stress was equally high in all simulation scenarios with irrigation (II, IV, VI, VIII). The
highest application rates with > 400 mm were found for arid regions, especially in South
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Africa and some grid cells that are located in the Sahara of Northern Chad and Sudan (Fig.
5-5c). In the Sahel and other semi-arid regions, the application rate was mostly at about 200300 mm, and tropical and humid regions showed no average water application rate > 50 mm,
which was often only applied in years with low rainfall. Overall, the model applied water in
grid cells encompassing 72% of the area harvested with maize. Average irrigation rates > 50
mm occurred only in grid cells encompassing 24% of the total maize cultivation area. Half of
this area was located in South Africa, mainly in the provinces Free State, North West, and
Western Cape, which poses an extraordinary combination of high water application rates with
large areas cultivated with maize.

Fig. 5-5: Application rates in the scenario VIII (FsIsCh) for (a) nitrogen, (b) phosphorus, and (c) water. As
application rates were estimated by the model based on plant stress they reflect the plant demand
for inputs rather than actual application rates.

Maize yields and production volumes under the baseline scenario (I), 50 kg ha-1
fertilizer scenario (IX-F50IcCc), sufficient input scenario (VIII) and the corresponding
amounts of inputs are provided in Tab. 5-2 for each country and the whole sub-continent. For
the sufficient input scenario, an annual total of 3.5 x 109 kg N, 6.4 x 108 kg P, and 1.2 x 1010
m3 water would be necessary. For the scenario F50IcCc, the total N and P will increase
substantially over the current level, but still less than one third of the N and about half of the P
required under the sufficient scenario.

5.3.5.

Climate constraints on potential yields

As could be expected, yields under rain-fed only conditions were constrained by
precipitation in grid cells with mean annual precipitation < 800-1000 mm (Fig. 5-6a). Beyond
this threshold, decreasing solar radiation had apparently a negative impact on yields, which
was not significant, though.
Potential irrigated yields were constrained in different climate regions by different
climatic factors. Average daily solar radiation was a major limiting factor in non-arid grid
cells (Fig. 5-6b) with the highest yields of up to 12 Mg ha-1 occurring at average solar
radiation intensities > 20 MJ m-2 d-1 and the lowest yields of up to 7 Mg ha-1 at < 15 MJ m-2 d1
. The wide scattering of yields between these extreme values was due to other stresses such
as aeration, temperature, or soil stresses.
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Tab. 5-2: Yield, production, and necessary inputs per country for the baseline, F50IcCc, and FsIsCh (yield potential) scenarios.
Country
Angola
Benin
Botswana
Burkina Faso
Burundi
Cameroon
Central Afr. Rep.
Chad
D.R. Congo
Congo
Cote d’Ivoire
Eritrea
Ethiopia
Gabon
Gambia
Ghana
Guinea
Guinea Bisseau
Kenya
Lesotho
Madagascar
Malawi
Mali
Mauritania
Mozambique
Namibia
Niger
Nigeria
Rwanda
Senegal
Sierra Leone
Somalia
South Africa
Sudan
Swaziland
Tanzania
Togo
Uganda
Zambia
Zimbabwe
Total/Mean

Yield
Mg ha-1
1.58
1.33
0.81
1.36
2.35
1.59
1.46
1.25
1.25
1.14
1.21
1.79
1.92
0.84
0.03
1.02
0.84
1.23
1.60
1.18
1.23
1.71
1.27
1.11
1.26
1.03
0.84
1.09
2.65
1.34
1.37
1.44
2.28
2.43
1.86
2.19
1.09
1.61
1.95
1.51
1.58

Prod.
Mg
1.11E+06
5.84E+05
4.05E+04
2.88E+05
2.76E+05
5.09E+05
1.38E+05
1.21E+05
1.81E+06
1.43E+04
9.33E+05
3.17E+04
2.26E+06
1.33E+04
3.66E+02
7.07E+05
6.11E+04
1.66E+04
2.35E+06
1.46E+05
1.38E+05
1.10E+06
1.92E+05
8.22E+03
1.09E+06
2.65E+04
3.40E+04
3.91E+06
2.25E+05
9.40E+04
1.09E+04
2.50E+05
6.97E+06
2.06E+05
1.11E+05
2.91E+06
3.50E+05
1.05E+06
1.02E+06
1.58E+06
3.27E+07

Baseline
Tot. N
kg
3.59E+05
2.24E+05
4.84E+04
1.83E+05
8.70E+04
5.45E+05
5.74E+04
8.25E+04
5.03E+05
9.70E+03
3.43E+05
6.59E+03
3.82E+06
1.22E+04
1.13E+04
1.82E+06
1.33E+04
6.16E+03
1.48E+07
1.29E+05
3.45E+04
5.17E+06
9.76E+04
5.39E+03
4.06E+05
1.71E+04
3.94E+04
2.74E+06
7.28E+04
5.61E+04
2.51E+03
1.65E+05
7.00E+07
7.95E+04
5.25E+04
2.16E+07
2.18E+05
9.75E+05
1.81E+06
4.04E+06
1.31E+08

Tot. P
kg
0.00E+00
0.00E+00
6.15E+04
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
1.42E+04
0.00E+00
2.03E+05
0.00E+00
6.25E+06
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
1.02E+07
1.51E+05
0.00E+00
1.62E+06
1.70E+04
0.00E+00
2.23E+05
7.11E+03
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
2.64E+04
4.12E+07
0.00E+00
5.21E+05
1.04E+07
7.12E+04
0.00E+00
8.45E+05
6.32E+05
7.25E+07

Tot. Irr.
m3
3.96E+06
1.95E+05
6.15E+05
4.26E+05
4.73E+05
6.54E+05
1.65E+05
6.14E+06
2.35E+06
3.63E+04
1.10E+06
8.78E+04
7.12E+07
4.66E+04
1.13E+05
1.40E+06
3.85E+04
2.98E+04
1.75E+07
1.25E+06
4.69E+05
3.84E+06
3.88E+05
3.80E+05
1.02E+07
2.33E+06
6.31E+05
5.87E+06
3.05E+05
4.90E+05
1.95E+04
1.11E+08
2.06E+08
8.37E+07
9.82E+05
5.48E+07
9.54E+04
4.98E+06
2.86E+06
2.24E+07
6.19E+08

IX-F50IcCc (Low-yielding cultivar, suff. P, 50 kg N ha-1)
Yield
Prod.
Tot. N
Tot. P
Tot. Irr.
Mg ha-1
Mg
kg
kg
m3
2.99
2.11E+06
2.58E+07
9.90E+06
3.98E+06
3.83
1.69E+06
2.20E+07
1.04E+07
1.95E+05
2.14
1.07E+05
2.21E+06
2.65E+05
6.20E+05
3.63
7.69E+05
1.06E+07
3.87E+06
4.23E+05
3.78
4.45E+05
4.86E+06
1.33E+06
4.73E+05
3.94
1.26E+06
1.59E+07
1.26E+07
6.54E+05
3.89
3.68E+05
4.72E+06
2.38E+06
1.65E+05
3.41
3.28E+05
4.80E+06
1.61E+06
6.19E+06
2.93
4.23E+06
5.72E+07
2.37E+07
2.37E+06
2.25
2.81E+04
5.24E+05
1.73E+05
3.62E+04
3.86
2.98E+06
3.84E+07
1.85E+07
1.07E+06
3.28
5.82E+04
6.12E+05
2.07E+05
8.78E+04
3.86
4.53E+06
5.85E+07
2.78E+07
6.99E+07
1.76
2.78E+04
5.86E+05
2.29E+05
4.69E+04
0.04
4.79E+02
5.67E+05
1.58E+05
1.13E+05
3.44
2.38E+06
3.46E+07
1.42E+07
1.41E+06
3.46
2.50E+05
3.61E+06
2.02E+06
3.85E+04
3.57
4.83E+04
6.76E+05
3.56E+05
2.98E+04
2.99
4.38E+06
7.31E+07
2.96E+07
1.75E+07
2.94
3.62E+05
4.41E+06
1.74E+06
1.25E+06
3.06
3.43E+05
3.72E+06
2.49E+06
4.68E+05
3.68
2.35E+06
2.29E+07
1.20E+07
3.85E+06
3.70
5.60E+05
7.56E+06
2.77E+06
3.85E+05
2.81
2.09E+04
3.52E+05
1.04E+05
3.80E+05
3.34
2.90E+06
3.28E+07
1.37E+07
1.02E+07
2.44
6.30E+04
1.07E+06
3.26E+05
2.34E+06
3.15
1.27E+05
1.97E+06
6.62E+05
6.31E+05
3.30
1.18E+07
1.79E+08
7.79E+07
5.76E+06
3.75
3.18E+05
3.80E+06
4.37E+05
3.05E+05
3.49
2.44E+05
3.47E+06
1.28E+06
4.91E+05
3.82
3.03E+04
3.97E+05
3.85E+05
1.95E+04
3.24
5.63E+05
8.61E+06
2.70E+06
1.12E+08
2.90
8.88E+06
1.23E+08
2.71E+07
2.06E+08
3.82
3.24E+05
4.12E+06
1.25E+06
8.37E+07
3.28
1.96E+05
2.27E+06
8.79E+05
9.83E+05
3.45
4.57E+06
6.41E+07
2.92E+07
5.49E+07
3.54
1.14E+06
1.61E+07
6.88E+06
9.54E+04
3.58
2.35E+06
3.27E+07
1.42E+07
4.98E+06
3.91
2.05E+06
1.94E+07
8.31E+06
2.87E+06
3.25
3.40E+06
4.21E+07
1.11E+07
2.24E+07
3.32
6.86E+07
9.33E+08
3.75E+08
6.19E+08
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VIII-FsIsCh (High-yielding cultivar, suff. P, 200 kg N ha-1)
Yield
Prod.
Tot. N
Tot. P
Tot. Irr.
Mg ha-1
Mg
kg
kg
m3
5.86
4.12E+06
9.43E+07
1.52E+07
1.71E+08
8.99
3.96E+06
8.81E+07
1.38E+07
1.45E+07
8.02
4.02E+05
7.88E+06
1.02E+06
7.90E+07
8.67
1.84E+06
4.19E+07
6.12E+06
2.14E+07
7.19
8.45E+05
1.76E+07
1.92E+06
1.51E+07
8.64
2.76E+06
6.19E+07
1.61E+07
1.90E+07
8.76
8.27E+05
1.89E+07
3.37E+06
7.77E+06
7.22
6.95E+05
1.60E+07
2.39E+06
3.17E+07
6.09
8.80E+06
1.94E+08
3.65E+07
9.67E+07
5.15
6.43E+04
1.78E+06
2.45E+05
1.02E+06
9.65
7.44E+06
1.54E+08
2.90E+07
6.26E+07
7.31
1.30E+05
2.17E+06
4.14E+05
7.35E+06
8.89
1.04E+07
2.25E+08
4.07E+07
5.34E+08
3.77
5.96E+04
1.97E+06
3.81E+05
1.56E+06
6.66
7.55E+04
2.27E+06
3.35E+05
3.94E+07
9.11
6.31E+06
1.38E+08
2.38E+07
9.08E+07
9.20
6.65E+05
1.45E+07
3.45E+06
7.45E+05
8.33
1.13E+05
2.70E+06
5.08E+05
6.36E+05
8.46
1.24E+07
2.74E+08
4.77E+07
1.68E+09
7.22
8.88E+05
1.96E+07
3.53E+06
1.23E+08
6.84
7.56E+05
1.19E+07
3.70E+06
2.87E+07
8.62
5.51E+06
7.73E+07
2.16E+07
1.28E+08
8.59
1.30E+06
2.89E+07
4.46E+06
1.18E+07
5.62
4.17E+04
8.82E+05
1.37E+05
5.92E+06
8.21
7.13E+06
1.11E+08
2.21E+07
4.81E+08
8.11
2.09E+05
4.16E+06
7.03E+05
3.87E+07
7.45
3.02E+05
7.79E+06
1.05E+06
9.81E+06
8.54
3.06E+07
7.04E+08
1.23E+08
2.61E+08
6.62
5.61E+05
1.20E+07
1.57E+06
2.17E+07
7.63
5.34E+05
1.34E+07
1.94E+06
8.72E+06
7.96
5.81E+04
1.39E+06
4.16E+05
3.44E+05
6.26
1.09E+06
2.69E+07
3.68E+06
1.67E+08
8.96
2.74E+07
4.31E+08
7.49E+07
4.94E+09
6.94
5.89E+05
1.10E+07
1.70E+06
9.28E+07
8.10
4.84E+05
7.35E+06
1.64E+06
6.01E+07
9.80
1.30E+07
2.61E+08
5.30E+07
8.15E+08
9.00
2.89E+06
6.37E+07
1.11E+07
6.14E+06
9.44
6.18E+06
1.30E+08
2.49E+07
5.44E+08
9.27
4.86E+06
6.42E+07
1.47E+07
1.25E+08
8.29
8.66E+06
1.44E+08
2.52E+07
9.54E+08
8.46
1.75E+08
3.49E+09
6.38E+08
1.17E+10

Area
Ha
7.04E+05
4.41E+05
5.01E+04
2.12E+05
1.17E+05
3.20E+05
9.45E+04
9.62E+04
1.44E+06
1.25E+04
7.71E+05
1.78E+04
1.17E+06
1.58E+04
1.13E+04
6.92E+05
7.23E+04
1.35E+04
1.47E+06
1.23E+05
1.12E+05
6.39E+05
1.51E+05
7.42E+03
8.68E+05
2.58E+04
4.05E+04
3.58E+06
8.48E+04
6.99E+04
7.93E+03
1.73E+05
3.06E+06
8.48E+04
5.97E+04
1.33E+06
3.22E+05
6.55E+05
5.25E+05
1.05E+06
2.07E+07

Fig. 5-6: (a) Simulated rain-fed yields compared to mean annual precipitation for all grid cells. The
regression reaches from 0-1000 mm mean annual precipitation. Black dots show in addition fully
irrigated yields. (b) Simulated irrigated yields compared to solar radiation in non-arid grid cells.
(c) Simulated irrigated yields compared to temperature stress and solar radiation in (semi-)arid
grid cells.

Yields were limited in grid cells designated as semi-arid, but with no or low
temperature stress, by incident solar radiation also (Fig. 5-6c). In grid cells with more than
two temperature stress days caused by sub-optimal temperature, yields decreased with
increasing number of temperature stress days, while the magnitude of yield at each level of
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temperature stress was driven by solar radiation. This was the case at least in the range of 510 stress days. The overlapping of the regressions at large numbers of stress days might have
been caused by small sample sizes and three outliers.

5.4. Discussion
5.4.1.

Spatial variations in yield responses under different input

scenarios
Due to already reasonable fertilizer inputs, yield increase under scenario IX-F50IcCc
(Fig. 5-3e) was often low in regions of East Africa and in South Africa compared to the rest of
the sub-continent where fertilizer application rates can often be close to zero (FAO, 2007). An
analysis of nitrogen use efficiency (NUE; Supplementary Information S2) shows that the ratio
of yield to fertilizer application is also highest in these regions (Fig. S2.1b), which indicates
that the current fertilizer application patterns roughly match the most productive regions.
Central Africa showed only small increases in yields due to the strongly weathered soils
combined with high precipitation, which cause nutrient leaching even despite the timely
fertilizer application by the model. The large yield gaps found for the Guinea and SudanoSahelian zones can be attributed to currently very low fertilizer application rates and a
favorable climate.
For the sub-continent as a whole, the return to the increase in N fertilizer application
diminished with increasing rates (not shown). The return decreased for scenario X-FxIsCh,
from 63 kg yield kg-1 N additionally applied when increasing the N application rates from 1 to
10 kg N ha-1 to a ratio of <20 kg yield kg-1 N when increasing the application rate to 150 kg N
ha-1. For scenario IX-FxIcCc, the yield return had a similar trend as in X-FxlxCh, but at a
slightly lower level for each N application rate. From 1 to 10 kg N ha-1, the yield increased by
44 kg yield kg-1 N and slightly beyond 150 kg N ha-1, the ratio dropped <10 kg yield kg-1 N.
Hence, irrigation increased the nitrogen use efficiency by about 50-100% depending on the
level of fertilization.
The response to increasing extent of irrigated land was largest in semi-arid regions
where precipitation is permanently low. Small amounts of irrigation were also necessary in
some tropic regions due to erratic rainfalls. The increased ET in the scenarios with
omnipresent irrigation compared to the current extent of irrigated areas can hence be
attributed to the additional water supply. Otherwise, ET was quite similar in all input
scenarios with the same extent of irrigated areas. This is in agreement with several
experimental studies showing that crop yields can increase due to improved nutrient supply
while ET remains fairly constant (e.g. Pilbeam et al., 1995; Rockström and Falkenmark, 2000;
Gaiser et al., 2004; Zougmoré et al., 2004). The crop yield-ET response to nitrogen is
influenced by water availability as well as CO2 concentration and soil properties such as field
capacity.
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5.4.2.

Input requirements and remaining crop yield limiting factors

Region-specific input requirements
The amount of N applied by the model varied from the maximum of 200 kg N ha-1
down to < 50 kg N ha-1 (Fig. 5-5a) as the yield potential was constrained in some regions by
solar radiation, extreme temperature or other stresses (Fig. 5-6). With 31 kg P ha-1, the mean P
application rate was more than twice as high as the current global average of 13 kg P ha-1
(FAO, 2006), but only about half of the application rates in the USA (70 kg P ha-1), Germany
(50 kg P ha-1), France (59 kg P ha-1) and other industrialized countries (FAO, 2007).
Application rates for N and P in scenario VIII (FsIsCh) followed roughly the pattern of
obtained yields, but there were also regional differences mainly due to different soil types.
High P application rates occurred for example in rather low-yielding regions of Western
Cameroon and the highlands of Madagascar (Fig. 5-3b), where Ferrasols and Acrisols are
dominating. Both of these soil types exhibit a strong P fixation (Bationo et al., 2006). Also
Sierra Leone with fairly low potential yields and high P application rates has a mixture of
Ferrasols, Acrisols, and Lithosols, whereas the latter have often low endogenous nutrient
contents and are prone to nutrient leaching. In Tanzania on the other hand, the high yield
potential with a national average of 9.8 Mg ha-1 can be considered the main driver for high P
demand. The prevalence of partly Andosols - a soil type with high P fixation potential - in this
country might still have added to the P demand. Modest N application rates of 100 kg N ha-1
were estimated for Eastern Madagascar, where potential yields are often as low as 4-6 Mg ha1
. The same holds true for humid regions of Central Africa. In both cases, a combination of
weathered soils with high N leaching potential, low solar radiation, and very high mean
annual precipitation of 1800-2500 mm are dominating. Especially this combination of soil and
precipitation caused a large portion of N fertilizer to leach despite the timely application by
the model. Another hotspot for N leaching was found for the Southern end of the Sudanian
zone of West Africa, where soils based on quartz are dominating. In this region, also the
potential for P leaching was highest with often around 20% of the applied amount, which
renders it quite distinct from tropical regions where P losses or unavailability was mainly
caused by fixation.
Water supply was of importance mainly in semi-arid regions (Fig. 5-5c) as could be
expected. To reach sufficient irrigation water supply, South Africa would have to increase the
application volume by 20-fold compared to the baseline scenario (Tab. 5-2), but could then
benefit from very high yields in many regions due to the fact that grid cells with low rainfall
have rather high solar radiation (Fig. 5-4d and Fig. 5-6a).
In scenario IX-F50IcCc the maximum of 50 kg N ha-1 was applied in most grid cells,
while the P application rate was on the average about 50% lower than in scenario VIII-FsIsCh
(Tab. 2). Nearly identical rates of 50-60 kg P ha-1 occurred for Western Cameroon and Sierra
Leone, rendering these parts of SSA highly P deficient, respectively having strong P sorption
capacities. Substantially lower P application rates were mostly found for Southern Africa and
parts of East and Central Africa with around 30-50% of the application rate of scenario VIIIFsIsCh as the sorption capacity is lower and the P application rate depends more on the
additionally applied N.
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Regarding the effect of cultivars, our results show that the simulated yield increase is
proportional to the maximum HI. Due to the identical values for minimum HI in the model
setup for both cultivars, yields in drought-prone regions did not increase massively under
rain-fed conditions. As is known from the literature, there are vast efforts of selecting and
breeding maize cultivars not only for increasing HI but also for increasing the tolerance
against drought stress, nutrient deficits, strong wind, pests, and many other environmental
adversities to crop growth and yield formation (e.g. Bänziger et al., 2006; Araus et al., 2008).
However, a detailed investigation of the suitability and best choice of a wide range of
cultivars for certain regions is beyond the scope of this study and can only be addressed in
detail when full parameter sets have been established for different cultivars.

Remaining yield limitations with sufficient N, P, and water supply
Similar effects of solar radiation and extreme temperatures on maize yield have been
found by Grassini et al. (2009) for high-input maize production in the US Western Corn belt.
The authors concluded from model results and field data that grain yield under irrigated
conditions was positively correlated mainly with solar radiation while it was negatively
correlated with maximum temperature. Under rain-fed conditions, crop yield revealed a strong
positive correlation with rainfall, while it was negatively correlated with solar radiation
amongst others. Similarly, rain-fed only yields were in our simulation positively correlated
with mean annual precipitation up to a threshold of 1000 mm (Fig. 5-6a).
An issue important for intensive agricultural production, but currently not taken into
account for in crop growth models known to the authors, is the deficiency of soil
micronutrients in many regions of SSA. As reviewed and summarized by Voortman et al.
(2003) most soils in SSA are formed from the Precambrian Basement Complex as parent
rock. Due to the chemical composition of this parent material and strong weathering over long
geological time periods, these soils contain low concentrations of macro- as well as
micronutrients, especially in regions with high rainfall like Central Africa, coastal regions of
West and partly East Africa, and Eastern Madagascar. While micronutrients are rarely
limiting under current low input conditions, they can constrain plant growth massively under
continuous high input agriculture with supply of major macronutrients, especially if plant
residues are removed (e.g. Gaiser et al., 1999). Hence, especially regions with high potential
yields but low prevalence of micronutrients, like the coastal regions of West Africa, will
require a careful management of micronutrients when adopting high-input agriculture.
Similarly, the potential occurrence of potassium (K) deficits under other-wise high input
conditions should be taken into account. Currently, soils in SSA are not considered to be K
limited in terms of maize cultivation, but this can be expected to change with increasing
application rates of other nutrients in the long run (Sanchez et al., 1997). Although the current
version of the EPIC model does not take K stress into account as the underlying routines
require further development (Williams, 2012), the magnitude of K demand under high-input
conditions can be approximately estimated from the N and K uptake parameters implemented
in EPIC. These have a ratio of 1.5:1. Hence, for every 1.5 kg net N application, 1 kg net K
would have to be applied in order to fully replenish K absorbed by the crop. The
concentration in the maize grain is far lower, though, with a N:K ratio of about 5:1.
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Conservation agriculture with the return of crop residues to the soil would in this case lower
the potential demand for K massively.
Due to the lack of data at the investigated scale, the model assumed full control over
insect pests and weeds. While pests appear usually irregularly and region-specific, the weed
Striga sp., which accounts for yield reductions of up to 80% (Ejeta, 2007), is a permanent pest
in large parts of West and East Africa. It will therefore also depend on the development and
adoption of measures to control this plant.
Last but not least, maize yields can be lowered on long-term sub-continental average
by about 10% due to untimely planting (e.g. Folberth et al., 2012). However, optimal planting
dates cannot be identified even in countries with good weather forecasts, which is why we
opted not to include this option in the simulation scenarios. Instead, planting dates were kept
constant, which reflects the lack of weather forecasts in most parts of SSA (see Section 4.2.1).

5.4.3.

Doubling maize production with modest increase in nutrient

supply
The amounts of N and P applied in the sufficient input scenario VIII (Tab. 5-2)
correspond to 36% and 46% of the amounts applied globally on maize (FAO, 2006). One of
the major limiting factors for supplying these nutrients is the virtual absence of a fertilizer
industry in most countries in SSA and the high cost of the imports. Only South Africa,
Zimbabwe, and Senegal have relatively large capacity in fertilizer industry (FAO, 2010). In
addition, the production of N fertilizer depends mainly on energy, which is scarcely available
in most countries of SSA. Although there are large deposits of phosphate rocks in many parts
of the sub-continent (van Straaten, 2002), their low solubility often limits plant bioavailability
without further processing (Vanlauwe and Giller, 2006). These constraints and the high cost
for importing and transporting fertilizer make it not possible for SSA to implement high-input
maize production any time soon.
The production volume obtained at an application rate of 50 kg N ha-1 (IX-F50IcCc)
would allow SSA to become self-sufficient in maize supply when taking the current
consumption level as a benchmark. According to FAOSTAT (2010), the sum of net imports
of maize and food aid (cereals) was 0.36x107 tons. The increased production under this
scenario is 3.59x107 t over the current level and therefore about ten times more than the
current net inflow of maize. The nutrient inputs required for obtaining this production volume
would be 73% and 41% lower than the inputs needed for the maximum production, but still
far higher than current application rates with 712% of the current N supply and 525% of P. In
order to further increase the nutrient use efficiency, a higher yielding cultivar could increase
the yield of scenario F50IcCc by another 45% to 4.56 Mg ha-1 (not shown), which would
render a higher return for nutrient investments.
Besides lower input requirements and a higher NUE, sub-optimal fertilization can, in
addition, contribute to avoiding adverse environmental effects from mineral fertilizer
application like increased N2O emissions, nitrate leaching to ground waters or phosphate and
nitrogen emissions into surface water bodies. This has been a concern already for several
decades in other regions of the world in which high fertilizer application rates are prevailing
(e.g. Foley et al., 2005). As stated in Section 3.2, especially Central African countries like
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D.R. Congo can be considered prone to N leaching and conventional mineral N fertilizers
should be used with care.
The need for improving nutrient inputs and the lack of capacity and affordability to
obtain chemical fertilizers in most parts of SSA gives rise to looking for alternative sources of
fertilizers. Their evaluation is beyond the scope of this study, but worth a short review.
Animal manure, which is currently only used at low levels as fertilizer in SSA, could
massively contribute to increasing yields on mixed farms (e.g. Bationo and Waswa, 2011). In
contrast to NP(K) fertilizers, it contains also substantial amounts of micronutrients and
organic carbon, depending on the specific animal feed. Various studies have in addition
addressed the usage of human excrements, especially urine as fertilizer (e.g. Cordell et al.,
2009; Andersson et al., 2011). Furthermore, “green manures” or legumes have been widely
studied for increasing crop yields and soil nutrient contents in SSA (Sileshi et al., 2010).
Although these plants are known for fixing N, they are partly also able to mobilize P, and
their contribution of OC to the soil can increase the nutrient retention capacity. Last but not
least, leaving plant residue after harvest on the field can massively decrease the nutrient
mining rate (Liu et al., 2010) and improve the nutrient retention capacity of the soil (Breman
et al., 2001). As outlined by Vanlauwe and Giller (2006), a combination of different nutrient
management strategies fitted for the individual farm will provide the best results.
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Supplementary Information for

Modeling maize yield responses to improvement in nutrient, water and cultivar inputs in subSaharan Africa
Comparison of simulated yields with reported data
This section provides (1) an assessment of model performance at the sub-continental
level and comparisons of model derived maize yields with reported data from (2) a subsidy
program implemented in Malawi since 2005, (3) field trials, and (4) other large scale studies.
Assessment of model performance at the continental scale
The performance of GEPIC for reproducing reported yields and maize growth
constraints in SSA has been evaluated in detail in Folberth et al. (2012) for the earlier model
version EPIC v0509. The applied model setup corresponded to scenario I-FcIcCc (current
fertilizer application rates and extent of irrigated areas and low-yielding cultivar) in this paper
(Tab. 1). The spatial representation and a regression between reported and simulated national
average yields for countries reported data in FAOSTAT have proven to be satisfactory with
y=0.73x+0.49 and R2=0.49. A re-evaluation of EPIC v0810, which is more sensitive to P
deficit, showed a further improvement (Fig. S1.1) to R2=0.64 (p=0.00002).

Fig. S1.1: Comparison of reported and simulated yields for 21 countries that provide actual reported
yields during the study period.

Larger under-estimations occurred only for Ethiopia (around 1.5 Mg ha-1 reported
yield) and South Africa (2.5 Mg ha-1). In both cases, small deviation sin the distribution of
fertilizer application and irrigated areas may result in these deviations and both countries are
known to already employ improved cultivars in some regions which cannot be reflected in a
large-scale setup due to the lack of information on distribution of cultivar usage. Further
issues addressed in the aforementioned publication are evaluations of planting date
estimation, plant stresses and impacts of crop management setups in the model.
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Modeling the effect of recent fertilizer and seed promotion strategies in Malawi
Malawi has initiated several fertilizer and seed subsidy programs during the past two
decades. A highly successful and well documented program was started in 2005/2006 and has
led to a doubling of maize yields (Dorward et al., 2008; Denning et al., 2009). We used the
data available from this subsidy program to test the performance of the model under
conditions of differing nutrient and cultivar supply at the country level. Until 2005, the
baseline fertilizer rates were used as described in sections 4.2.1 and 5.2.3 with 8 kg N ha-1 and
3 kg P ha-1. For the increased fertilizer application rates in the 2005/2006 season, fertilizer
values estimated by Dorward et al. (2008) amounted to 32 kg N ha-1 and 9 kg P ha-1. As the
total fertilizer application increased further by 15% in the seasons 2006/2007 and 2007/2008,
N and P rates were scaled proportionally to 37 kg N ha-1 and 11 kg P ha-1.

Fig. S1.2: Reported and simulated maize yields for Malawi under different fertilizer policies.

As a result of Malawi’s fertilizer subsidy program, maize yields increased in the
season 2005/2006 by about 100% compared to the season 2004/2005 and by another 60% in
the season 2006/2007 (Fig. S1.2). Simulated yields corresponded on average fairly well to the
reported yields for the time-period 1998-2004. Yields were slightly over-estimated for the
05/06 season with both cultivars. The reported yield was in between the simulations,
respectively both cultivars, in the simulated season 06/07 and again above reported yields in
the season 07/08. The model can hence be considered capable of reproducing the order of
magnitude of yields for given input levels satisfactorily at the country level despite the lack of
detailed input data. Because several fertilizer subsidy programs led to varying N and P
application rates during the period 1998-2004, the inter-annual variability could not be
reproduced well. Extreme yield losses in 2004/2005 due to a combination of droughts and
floods (Dorward et al., 2008) were not fully captured by the model as each grid cell is treated
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as an independent agricultural unit and therefore there is no spatial connection between
different cells that would allow for the simulation of floods.
The overestimation in the 05/06 season might be caused by difficulties and
inefficiencies in the voucher exchange program that led to untimely delivery of fertilizers or
delivery of fertilizers that were sub-optimal for maize (Dorward et al., 2008). During the
06/07 season, the subsidy program was fully implemented and climate favorable. As only
about 50% of the farmers received improved seed, the overestimation in the model by the
high-yield cultivar and the underestimation by the low-yielding cultivar is what could be
expected. In the 08/09 season, private retailers were excluded from the subsidy program,
which led to a decrease in private sales and might explain the observed yield decrease
(Dorward and Chirwa, 2011). As there was no quantification of the resulting change in
fertilizer application available at the time this study was conducted, it could not be
incorporated in the model setup.

Comparison with reported field and experimental data
A good agreement was found also when comparing simulated potential yields with
experimental yields measured under high-input conditions at agricultural stations from
different regions of SSA. According to Mulatu and Zelleke (2002) attainable on-station yields
with improved cultivars in the Ethiopian highlands are in the range of 5.5-12 Mg ha-1,
whereas the trend for hybrids released since the mid-1990s shows a trend towards 10-12 Mg
ha-1. This corresponds quite well to our simulated potential yields of 8-10 Mg ha-1 in this
region, which renders the yield gap between our simulated yields and experimental yields
small. The partially higher experimental yields might be due to differences in soil types or
cultivar characteristics. Kwesiga and Coe (1994) measured a yield of 6.8-7.6 Mg ha-1 at
Kakamega in Western Kenya depending on different fallow types and 112 kg N ha-1 of
inorganic fertilizer. Our yield estimate for the high-yielding cultivar in the corresponding grid
cell was slightly higher with 8.8 Mg ha-1 and 9.4 Mg ha-1 at 100 or 130 kg N ha-1 and
sufficient P supply. Breman et al. (2001) report maize yields of around 5 Mg ha-1 for the
coastal Savanna of Togo using inputs of 90 kg N ha-1 and 60 kg P ha-1, but do not provide
information about the cultivar. Our model estimate in the grid cells covering this area was
about 7.5-8 Mg ha-1 for 100 kg N ha-1, 28 kg P ha-1, and the high yielding cultivar. The
difference might be due to a lower yielding cultivar being applied in the trial or small scale
differences in soil properties and climate. Reported and simulated for a site in Ikuwala, Kenya
also agreed fairly well when using the reported soil data from Jensen et al. (2003). Without
fertilizer inputs, reported yields on two locations for three seasons were 1.26-1.78 Mg ha-1,
1.27-1.65 Mg ha-1 and 2.02-2.13 Mg ha-1 while simulated yields were at 3.04 Mg ha-1, 1.52
Mg ha-1 and 2.07 Mg ha-1. With sufficient fertilizer supply (140 kg N ha-1 and 40 kg P ha-1),
reported yields were at 3.75-4.22 Mg ha-1, 2.86-2.91 Mg ha-1 and 5.17-5.60 Mg ha-1 with
simulated yields at 6.17 Mg ha-1, 2.44 Mg ha-1 and 5.96 Mg ha-1. The overestimation in the
first season can be attributed to equilibration of soil nutrient contents in the model.
The values estimated for potential CWP were in the range of globally measured data
on irrigated maize as reviewed by Zwart and Bastiaanssen (2004). The measured values show
a range of 0.36-3.26 kg m-3 with a mean of 1.83 kg m-3 but without information about nutrient
supply. Our estimate with scenario VIII had a mean of 2.25 kg m-3 and a range of about 1.096

3.5 kg m-3. It is hence in the upper range of reported values, which might be due to suboptimal nutrient supply in some of the experimental studies.

Comparison with other large-scale studies
Licker et al. (2010) have assessed yield gaps for maize at the global scale by defining
the potential yield for each of 100 climate regions as the 90th percentile of reported yields
within the respective climate region. They estimated a potential yield of about 3-5 Mg ha-1 in
most regions of East and West Africa and up to about 8 Mg ha-1 in some regions of Southern
and Central Africa. Especially the first value is far below the estimates of our study. This
difference might be due to the assumption in the cited study that there are actually grid cells
within each climate region in which the potential yields are already achieved. That might no
be the case in most of SSA. Neumann et al. (2010) employed a frontier production function
based on environmental, socio-economic, and management related factors for an assessment
of amongst others maize yield gaps at the global scale. Their estimated maize yield gaps are
mostly in a range of 4-9 Mg ha-1 and thus generally lower than our yield gap estimates for
most regions. For Central Angola, though, the authors estimated a gap of > 5 Mg ha-1, which
is higher than our estimate of 2.5-5 Mg ha-1 in this region. Differences between the cited and
the present study are most likely due to the wider range of (socio-economic) yield limiting
factors in the former.

Nitrogen use efficiency

Fig. S2.1: Ratio of maize yield to nitrogen application level with (a) a maximum N application rate of 200
kg N ha-1, a high-yielding cultivar, and irrigation in all grid cells (scenario FsIsCh) or (b) a
maximum N application rate of 50 kg N ha-1, a low-yielding cultivar, and the current extent of
irrigated areas (scenario F50IcCc).

The ratio of yield to the amount of applied N fertilizer indicates the N use efficiency.
Fig. S2.1 provides a spatial comparison of the ratios for the scenarios VIII-FsIsCh and IXF50IcCc. The ratio is mostly in the range of 60-115 kg yield kg-1 N for scenario F50IcCc
compared to 35-90 kg yield kg-1 N for scenario FsIsCh. The highest ratios were found in both
scenarios for the savannahs of the East African highlands in Zambia, Zimbabwe, Malawi,
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Mozambique, and South Africa as well as Western Madagascar. Low ratios were found for
arid regions especially in Southern Africa as well as in humid regions of Central Africa.
The spatial pattern of NUE in scenario FsIsCh (Fig. S2.1a) was mostly similar to the
pattern in scenario F50IcCc (Fig. S2.1b), but NUE ratios were in general far lower. This can
be attributed on the one hand to an increase in nutrient leaching at higher N application rates,
which can make up for up to 80% of the applied fertilizer (not shown). On the other hand, the
marginal yield gain decreases at higher fertilizer application rates (Fig. 2), which has also
been shown in experimental studies (e.g. Vanlauwe et al., 2011). The lowest NUEs for
scenario FsIsCh were found for arid regions and the humid tropics. Both of these areas have
soils with rather low nutrient retention capacities (Bationo et al., 2006) and the substantial
water supply due to high rainfall (tropics) favors the loss of nutrients before they can be taken
up by plant.
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6.1. Introduction
Maize is the most important staple food and accounts for nearly 20% of total calorie
intake in sub-Saharan Africa (SSA) (FAO 2012). It is mostly cultivated under rainfed
conditions with an extent of irrigated areas < 3% across the sub-continent (Portmann et al
2010). From the 1990s to the 2010s average maize yields have increased from around 1.4 t ha1
to 1.8 t ha-1 in SSA, and from 2.5 t ha-1 to 4.5 t ha-1 in South Africa, but are still at the very
bottom of globally reported maize yields (FAO 2012). Main reasons include soil nutrient
depletion, soil erosion, and erratic or low precipitation in many parts (Rosegrant et al 2005;
Rockström et al 2009). The fact that SSA is expected to face adverse impacts of climate
change on crop production adds further pressure on the future food security of the region
(IPCC 2007; Schlenker and Lobell 2010; Müller 2011; Roudier et al 2011; Liu et al 2013).
The prevailing practice of low-input agriculture is not only providing little outputs, but
also detrimental to soils (Akinnifesi et al 2010). Various approaches have been proposed to
overcome soil nutrient limitations. These can be grouped into three major categories: (a)
conventional intensification based mainly on increased use of mineral fertilizer (Larson and
Friesvold 1997; Quiñones et al 1997; Kelly et al 2003; Crawford et al 2006), (b) soil
conservation and “eco-intensification” using legumes as a green manure in short- or long-term
rotation or intercropping systems (Rockström et al 2009; Akinnifesi et al 2010), or (c) a mix
of both by rotation with legumes and supplementary mineral N supply (Denning 2009;
Sánchez 2010). Such a mixed eco-intensification approach is the rotation with fast growing N
fixing tress like Sesbania or Glyricidia species combined with supplementary N fertilizer
supply (Denning 2009; Palm et al 2010). Due to strong evidence that detrimental
consequences on soil productivity are likely if western-style industrialized agriculture is
adopted in the tropics (Stocking 2003), the mixed approach is widely being promoted in
agricultural development programs for small-scale farming in SSA (Akinnifesi et al 2010;
Palm et al 2010), while conventional intensification is the approach mostly taken currently in
large-scale farming.
An open question is how these management options will perform under conditions of
climate change and whether they can add resilience to crop production systems in terms of
slowing and reducing the adverse impacts of climate change on crop yields. Up to now, most
crop modeling studies covering SSA are based on the assumption that current management
practices and levels of inputs will be maintained over the coming decades (Parry et al 2004;
Fader et al 2010; Liu et al 2013). Few regional studies addressed climate change interactions
with fallow duration (Gaiser et al 2011) or sowing dates and crop choice (Waha et al 2013a),
but without specification of agricultural intensification. Provided the economic growth and
political and social stabilization in SSA continues, it is likely that agricultural intensification
will increase in the coming decades (Rosegrant et al 2005). In addition, there is a gap
remaining in the investigation of changes in agro-environmental variables like soil OC,
erosion, runoff, and soil humidity and their interaction with yields although the problem has
been raised partly a decade ago (Feddema and Freire 2001).
Here, we use an agronomic modelling framework GEPIC to project climate change
impacts on yields of rainfed maize grown (a) under conventional intensifications with high
mineral N input and a bare fallow, (b) in rotation with cowpea with or without supplementary
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mineral N, or (c) in rotation with Sesbania with or without supplementary mineral N (see
Section 6.2.2 and Tab. 6-1 for details). As there is a wide range of possible crop rotation
schemes, cowpea should be considered as representative for an “herbaceous fallow”, and
Sesbania sesban as a short-term “improved fallow” using fast growing N fixing shrubs. A
business as usual scenario was not considered here as (a) the currently very low or even
absent fertilizer application rates would lead to ever decreasing yields in the simulations as
well as in practice and (b) an outlook for current management conditions has been provided
already in several other studies:
Sileshi et al (2010) report yield decreases of 50-100% due to soil degradation under
low-input conditions in the tropics depending on soil type and cover. Using EPIC simulations,
Gaiser et al (2011) found that climate change may account for maize yield losses of up to
18% in the sub-humid savanna of West Africa until 2050 under current land use intensity in
the worst case climate scenario. Without considering climate change, a decrease in fallow
duration due to projected population increase would in the same time period outweigh this
impact with losses of up to 24%. The combined effect would lead to a yield loss of up to 38%.
Also an earlier study of ours using the GEPIC model framework (Folberth et al 2012) showed
that maize yields decrease continuously in SSA under present crop management conditions
due to soil N depletion. This results in a yield reduction by 70% after 30 years if prior
uncultivated soils are used as a starting point.
Recent estimates vary greatly for yield changes caused by climate change in Africa:
they range from -30 - -5% for cereals in the 2050s and 2080s, respectively, with SRES
emission scenario A1FI (Parry et al 2004) to mostly up to -30% in tropic regions and up to
+30% in presently arid regions and highlands in the 2060s and 2080s for maize under SRES
emission scenario A1B (Waha et al 2013b) and further to -3 - +5% (mainly positive trends)
for major cereals in the 2030s and -15 - +3% (mainly negative trends) in the 2090s with
different GCM projections for SRES emission scenarios A1FI and B2 (Liu et al 2013).

6.2. Methods and data
6.2.1.

GEPIC framework for large-scale agronomic modelling

We used the field scale agronomic model Environmental Productivity Integrated
Climate (EPIC; Williams, 1995) within a GIS-based framework GEPIC (Liu 2009) to
simulate impacts of climate change on maize yields and agro-environmental variables in SSA.
GEPIC runs EPIC for each grid cell of the sub-continent at a spatial resolution of 0.5° x 0.5°
using grid cell specific climate, soil, growing season, and topographic data. The (G)EPIC
model has been validated and applied for simulating maize growth at the global scale (Liu
2009; Liu et al 2013) and at the regional scale in SSA (Gaiser et al 2011; Folberth et al 2012;
Folberth et al 2013). Further information on the GEPIC framework, the EPIC model, and
input datasets is provided in SI1.
Simulations were carried out for the time period 1996-2090, while the first five
simulation years were considered a spin-up period and hence not evaluated. To bracket a
range of possible changes in climate, we used projections from three GCMs for the highly
contrasting representative concentration pathways (RCP) 2.6 (lowest emissions) and 8.5
(highest emissions). In order to compare long-term cultivation with and without climate
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change, baseline climate data for 2001-2010 were cycled for the whole simulation period as
an additional climate input dataset. Supplementary SI3 presents an overview of changes in
climate variables.
Besides time-continuous annual results, outputs were averaged over ten years for the
periods 2001-2010 (baseline), 2041-2050 (near future) and 2081-2090 (far future) for spatial
analyses and direct comparison.

6.2.2.

Crop management scenarios

All grid cells were assumed to be rainfed only in order to ensure spatial comparability.
As the current extent of irrigated areas in SSA is < 3% (Portmann et al 2010), the ignorance
of irrigated areas will not affect the general conclusion.
We defined five management scenarios concerning N supply (Tab. 6-1). A
Conventional Intensification (CI) was mimicked by planting maize as a single season crop
with high mineral N supply and leaving the fallow bare. “Eco-intensification” consisted of
maize with or without low mineral N supply and planting of Sesbania sesban as a fallow
outside the maize growing season. Plants were cut and incorporated into the soil shortly
before the next maize season. As a step in between these two scenarios, cowpea (Vigna
unguiculata) was planted outside the maize growing season. The crop was harvested at
maturity and plant residue treated as described for S. sesban. In all management scenarios,
one maize crop was planted per year and the management differed only outside the maize
growing season apart from different mineral N application levels.
Tab. 6-1: Crop management scenarios. Throughout the text, Sesbania(+N) and Cowpea(+N) refer to both
scenarios of each cover crop with and without supplementary N.
Scenario name
Scenario description
N fertilizer input
Fallow/rotation
High
mineral
N
fertilizer with bare
fallow
Cowpea rotation with
supplementary N

150 kg N ha-1 with 1/3
applied at planting, and 2/3
one month after germination
50 kg N ha-1 at planting

Sesbania+N

Sesbania rotation with
supplementary N

50 kg N ha-1 at planting

Cowpea

Cowpea
rotation
without supplementary
N
Sesbania
rotation
without supplementary
N

No supplementary N

Conventional
intensification (CI)
Cowpea+N

Sesbania

No supplementary N

Bare fallow
Cultivation of cowpea between
maize seasons. Plant residue
left on field.
Cultivation
of
Sesbania
between
maize
growing
seasons. All biomass left on the
field
Cultivation of cowpea between
maize seasons. Plant residue
left on field.
Cultivation
of
Sesbania
between
maize
growing
seasons. All biomass left on the
field

High mineral N supply was provided by mineral N application only at a level of 150
kg N ha-1. Moderate supplementary mineral N supply took place at a level of 50 kg N ha-1.
150 kg N ha-1 correspond to the level that is currently common in industrialized countries or
regions like the USA, China and EU (FAO 2007) and has prior been found to be close to
sufficient N supply in most regions of SSA (Folberth et al 2013). A mineral N fertilizer
supply of 50 kg N ha-1 has been set as a target for N application by the African Union (2006)
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and was here used for the rotations with cowpea or Sesbania sesban. Phosphorus (P) was
applied in all scenarios in sufficient amounts as it is solely available from mineral sources in
contrast to N.
Further information on the parameterization and evaluation of the crops in the model
are provided in SI2.

6.3. Results
6.3.1.

Average

temporal

changes

in

maize

yields

and

agro-

environmental variables
All management scenarios resulted in an increase in maize yields for the initial
simulation years from 2000-2020 for both RCPs (Fig. 6-1a). In the case of RCP8.5, yields
decreased thereafter for CI and Cowpea+N throughout the simulation period until 2090. For
Sesbania+N, they continued to increase into the 2030s, reaching a peak of around 6.2 t ha-1,
and then slightly decreased to about 5.1 t ha-1 in 2090. For CI and Cowpea+N, yields were
predicted to peak at 6.1 and 5.8 t ha-1 in the early 2020s and then decline to about 4.6 t ha-1 by
the end of century. For Sesbania without supplementary mineral N, yields increased first
rapidly and from the 2030s more slowly until the 2060s where after they decreased towards
the end of century. Cowpea rotation without supplementary mineral N followed the pattern of
Cowpea+N, but at an overall lower level.

Fig. 6-1: Evolution of maize yields under different intensification scenarios as smoothed regression across
the means of 3 GCMs for each RCP. The ribbon reflects the 95% confidence interval. (a) Maize
yields under climate change using GCM projections and (b) relative difference between maize
yields under cycled baseline climate data and maize yields under climate change.
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In the case of RCP2.6, average yields showed a similar development until the 2060s as
for RCP8.5 in all management scenarios with mostly (except for scenario CI) slightly lower
values. As a main difference to RCP8.5, yields increased during the last three decades in all
management scenarios, except for Cowpea, where they remained rather stable.

Fig. 6-2: Evolution of agro-environmental variables under different intensification scenarios as smoothed
regression across the means of 3 GCMs for each RCP. The ribbon reflects the 95% confidence
interval (a) Total soil OC, (b) total soil N, (c) runoff, (d) root zone water content, (e) water
erosion, (f) wind erosion.

When using constant climate and CO2 data as an input, yields would remain rather
constant and close to those at the baseline level of 2001-2010 in the order CI > Cowpea+N >
Sesbania+N > Cowpea > Sesbania (not shown). The order of performance of management
scenarios would change after the 2030s, when Sesbania+N slightly outperforms Cowpea+N.
As Fig. 6-1b shows, yields would be lower in the management scenarios CI and Cowpea(+N)
for both RCPs under climate change beyond the 2030s with a recuperation in RCP2.6 towards
the end of the century. The two management scenario with Sesbania(+N) in contrast show an
increase in yields under both RCPs and only Sesbania+N decreases below 100% at the end of
the century. This renders Sesbania the only management scenario with an average net yield
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increase at the end of the century under RCP8.5.Soil OC and N contents were fairly similar in
all management scenarios after the model equilibration and during the baseline period (Fig.
6-2a; Fig. 6-2b). Both variables declined for CI and N stocks started to level off in the
rotations with Cowpea+N between 2040-2060, while they continued to increase for
Sesbania+N. In addition, Sesbania+N caused lower runoff rates and provided more water for
the subsequent maize crops with high root zone water (RZW) at a fairly constant level while
keeping soil erosion (Fig. 6-2c-f) low. Differences in OC and N stocks between the two RCPs
could mainly be found in higher values for RCP8.5 for Cowpea+N and Sesbania+N and lower
values for the same RCP with CI management.

Fig. 6-3: Evolution of (a) water, (b) nitrogen and (c) temperature stresses under different intensification
scenarios as smoothed regression across the means of 3 GCMs for each RCP. The ribbon reflects
the 95% confidence interval. The unit “stress days” [d] is the cumulative stress throughout the
growing season and can range on each day from 0 (no stress) to 1 (complete inhibition of biomass
accumulation).
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Runoff and RZW values were very similar in the first half of the century and higher in
the second half with RCP8.5. Also water erosion was quite similar in both RCPs during the
first simulation decades and increased with Cowpea+N and CI in RCP8.5 thereafter, while it
was slightly higher with RCP2.6 and Sesbania+N in the same time period. Wind erosion
exhibited a very distinct temporal pattern with higher values with RCP2.6 after the 2040s with
management CI, but lower values with Cowpea+N, while it was negligible with Sesbania+N
for both RCPs at all times.Cumulative water stress decreased in all management scenarios
over time (Fig. 6-3a) with less stress in RCP8.5 than in RCP2.6. Water stress was lowest in
the Sesbania(+N) scenarios followed by Cowpea(+N) and CI. N stress decreased over time
constantly with RCP8.5 and increased in RCP2.6 in all management scenarios (Fig. 6-3b). It
was for each RCP lowest with CI followed by Cowpea(+N), and highest with
Sesbania(+N).Temperature stress was lower than water stress in all scenarios and increased
for RCP8.5 massively after the 2040s, while it remained fairly constant in RCP2.6 (Fig. 6-3c).

6.3.2.

Spatial differences and changes in maize yields

In all management and RCP scenarios, the lowest yields were initially obtained in arid
regions and the highest yields in the warm tropics of Central Africa (Fig. 6-4). Cowpea+N
gave the most extreme yield pattern. As cowpea has the highest stomatal conductance of the
crops studied here (see SI2), competition for water between cowpea and maize can be
considered a comparative trade-off under water-scarce conditions with respect to the other
management scenarios. The yield pattern was more balanced for CI, with yields varying
mostly in the range of 6-8 t ha-1 in semi-arid and tropic regions. Sesbania+N produced a
similar pattern, but with lower yields in tropical regions of Central Africa and higher yields in
the West African Guinea zone. Slight differences between the RCPs within each management
scenario were mainly found along the borders of (semi-)arid regions.
For RCP2.6, yields decreased with CI or Cowpea+N in most arid regions, but also in
parts of the tropics until the 2040s (Fig. 6-4). Sesbania+N led to increases in most non-arid
grid cells and lower rates of decrease in tropic regions of Central Africa. The largest yield
increases in all management scenarios occurred for the Gulf of Guinea, southern Mauritania,
and northeastern Kenya/southern Somalia, where growing season precipitation is expected to
increase (Fig. SI3.4). For RCP8.5, the picture was quite similar with more and stronger
increases under Sesbania+N management. A major difference to RCP2.6 was the large
increase in all management scenarios in southern Africa due to increases in presently very low
growing season precipitation.
Until the 2080s, the pattern of yield increases and decreases remained fairly stable for
all management scenarios, but the magnitude of changes became more evident in RCP2.6. In
general, strong increases were found in northern Botswana, northeastern Kenya, and the Gulf
of Guinea. Strong decreases occurred for Central Sudan in all management scenarios, while
they had been pronounced only in scenario CI in the 2040s. In many parts, Sesbania+N
exhibited again more positive impacts than the other two management scenarios, which had
yield decreases e.g. in northern Angola, northern Nigeria, eastern South Africa, and the
western half of Tanzania. Correspondingly to Fig. 6-1, yields decreased in most parts of the
continent with management scenarios CI and Cowpea+N for RCP8.5. Yield increases
occurred only in the Guinea and Sudano-Sahelian zones of West and Central Africa, at the
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Horn of Africa, and in southern Africa, for Cowpea+N also in few central parts. For
Sesbania+N increases were found mostly in the same regions, but covered larger areas, e.g. in
West Africa, and stretched in Central Africa out to parts of the western coast.

Fig. 6-4: Absolute yields for the 2000s and changes in yields until the 2040s and 2080s for the three major
intensification scenarios with mineral N supply (see Table 1). All graphs show averages over 3
GCMs.

107

6.3.3.

Management mix for obtaining highest maize yields

Fig. 6-5a-c shows the management practice that provides the highest yield in each grid
cell for each time period in RCP2.6. Fig. 6-5d-f shows the corresponding yield and future
yield changes. During the first simulation decade, CI covered the largest number of grid cells,
especially in (semi-)arid and some tropic regions along the Rift Valley, while Cowpea+N
provided the highest yields in very humid regions of Central Africa, Madagascar, and parts of
the East African coast (Fig. 6-5a; Fig. 6-5d). Sesbania+N provided the highest yields in semiarid parts of West Africa and parts of East Africa. From the 2000s to the 2040s, yields would
increase or remain stable in the majority of grid cells (Fig. 6-5b; Fig. 6-5e), except for the
eastern Sahel, Kalahari, southern parts of the Rift Valley, eastern Madagascar, and parts of
Central Africa, which are expected to experience decreases in precipitation (Fig. SI3.4). By
the 2080s, yields were predicted to decrease substantially in the entire Sahelian belt and the
Kalahari and to a lesser extent around the east African coast and northern Madagascar (Fig.
6-5c; Fig. 6-5f). Regions with still increasing yields were mostly those that gave the highest
simulated yields under Sesbania+N management.

Fig. 6-5: Management practice that can provide the highest yield in each grid cell and decade for (a-c)
RCP 2.6 and (d-f) RCP 8.5. Absolute yields for the 2000s and changes in yields until the 2040s and
2080s for the intensification scenario that provides the highest yield for (g-i) RCP 2.6 and (j-l)
RCP 8.5. The highest yield is assessed based on the mean from three GCMs for each RCP in each
grid cell.
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For RCP8.5, the pattern and yields of the baseline period (Fig. 6-5g; Fig. 6-5j) was
nearly identical to the ones obtained for RCP2.6. Until the 2040s, yields increased
significantly in southern Africa, to a lower extent in the Guinea zone of West Africa and in
the Central African tropics. While the grid cells with increases in southern Africa showed a
mix of all three major management scenarios, grid cells with increases in the tropics were
mostly planted with Sesbania+N or in regions with very high precipitation (Fig. SI3.4) with
Cowpea+N. Until the 2080s, yields decreased in the majority of grid cells. Stable or increased
yields occurred only in very few places, where maize was mostly planted with Sesbania+N,
except for western South Africa, where Cowpea+N provided the highest yields with some
increases compared to the baseline period.

6.3.4.

Impact of changes in precipitation on maize yields

Change in yield showed a weak correlation with change in growing season
precipitation (Fig. S4.1) and no relationship with changes in mean annual precipitation or
minimum and maximum temperatures (Fig. S4.2-S4.4). As Fig. 6-6 illustrates, however, there
was a strong correlation between yield change and precipitation change in grid cells with
growing season precipitation <500 mm yr-1. For RCP2.6, this relationship was rather weak in
the 2040s and became quite strong in the 2080s. The opposite was the case for RCP8.5.
The slope of all area-weighted regressions regardless of management and climate
change scenario was very similar, ranging between 2.13-2.69, except for the rather diffuse
scattering of results with RCP8.5 in the 2080s. The intercepts in contrast showed a clear
ranking according to the management scenario whereas Sesbania+N had always the highest
intercept, followed by Cowpea+N and finally CI.

6.4. Discussion
6.4.1.

Climate related effects on plant physiology

Mean annual precipitation does not change dramatically in absolute terms (Fig.
SI3.3a), but relative changes can be at up to -20 - +40% (Fig. SI3.3b). Hence, spatio-temporal
shifts in annual and growing season precipitation (Fig.s SI3.4) are obviously of more
importance. A clear relationship between changes in precipitation and changes in yields could
be observed for grid cells with growing season precipitation < 500 mm yr-1(Fig. 6-6). But also
there, a correlation between changes in yields and changes in precipitation was only evident in
scenarios with modest changes in temperature and CO2, while precipitation appears not to be
a major or single driver for yield changes in RCP8.5 in the 2080s. The dramatic changes in
temperature and atmospheric CO2 may be especially in this time period and emission scenario
of higher importance although again a direct relationship between relative changes in
temperature and yields could not be detected (Fig. S4.4). As shown by Waha et al (2013),
changes in precipitation and temperature affect maize yields in different regions of SSA to
different extents. Such a detailed analysis of climatic drivers in yield changes is, however,
beyond the scope of this management related study.
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Fig. 6-6: Density of grid cells based on similar change in yield versus change in precipitation for (a) RCP
2.6 and (b) RCP 8.5 for grid cells with growing season precipitation < 500 mm. The black line and
equations show the results of a regression weighted by spatial proximity in order to account for
spatial autocorrelation.

Based on model routines, changes in temperatures (Fig. SI3.1; Fig. SI3.2; Fig. SI3.5;
Fig. SI3.6) impact crop yields by a two-fold effect. As laid out in SI1, temperature has (a) an
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impact on phenological development besides (b) causing temperature stress and damage if
certain thresholds are crossed. The thermal time until maturity approach used in the model
(see SI1) has been observed in field experiments and historic cropping data for several plants
including maize. Temperature increase leads to earlier maturing of crops, which allows for
less time to accumulate biomass and form economic yield (Craufurd and Wheeler 2009;
Olesen et al 2012; Sacks et al 2010; Dominguez-Faus et al 2013). Heat stress on the other
hand constrains biomass accumulation directly e.g. by limiting photosynthesis due to enzyme
inhibition (Crafts-Brandner and Salvucci 2002). However, a temperature increase by a certain
percentage itself cannot serve for judging a negative or positive effect on crop yield as certain
minimum and maximum temperature thresholds have to be taken into account and the
physiological effects follow non-linear functions. In the simulations, temperature stress
increased towards the end of the century especially in RCP8.5, but remained still fairly low in
absolute terms compared to the other two major stresses (Fig. 6-3a-c). The decrease in
absolute stress days for N and water over time indicates in combination with the fact that
especially minimum temperatures increase (Fig. SI3.5; Fig. SI3.6) that the shortening of the
time until maturity must be considered the main temperature effect on crop yields.
The effect of increasing CO2 levels lies mainly in the CO2 fertilization of plants,
leading to higher potential biomass accumulation (see SI1 Eq. 2-4). Being C3 plants, the two
legumes profit from this effect more than the C4 crop maize (Rogers et al 2009). Hence,
maize yields increased strongest in the management scenario with Sesbania and without
mineral N supply towards mid-century. This can be attributed to CO2 fertilization of the cover
crop and thereby elevated N fixation up to a level close to that of the scenarios with
supplementary mineral N application resulting in a massive decrease in N stress (Fig. 6-3b).
However, in later periods, especially for RCP8.5, the gains from CO2 fertilization could
apparently not outweigh losses due to temperature increase leading to shortening growing
seasons and stress reactions, although yields were still higher than under cycled baseline
climate of the 2000s and N stress decreased further. An additional effect of CO2 is its impact
on transpiration efficiency (Ainsworth and Rogers 2007), which leads to lower transpiration at
higher CO2 concentrations. This can be considered a reason, why Sesbania+N and partly
Cowpea+N became more suitable in semi-arid regions in RCP8.5 over time (Fig. 6-5a-f).

6.4.2.

Management related effects

The different management scenarios mainly have an impact on soil functions like
nutrient provision and soil water regimes. In both RCPs, CI and Cowpea+N had higher runoff
rates (Fig. 6-2c) and lower RZW contents than Sesbania+N (Fig. 6-2d), whereas RZW even
decreased over time for CI. The low runoff and high RZW contents with Sesbania+N allowed
for buffering of adverse changes in precipitation. Hence, CI showed stronger adverse impacts
of negative changes in precipitation than Sesbania+N, which is also indicated by the lower
intercepts in Fig. 6-6, while the slope as an indicator of sensitivity was very similar.
On the side of nutrient supply, increasing atm. CO2 levels contribute to higher biomass
accumulation by the legumes, which in turn allows for proportionally higher N fixation
(Rogers et al 2009) as laid out above. This effect is apparently stronger for Sesbania(+N) than
for Cowpea(+N) (Fig. 6-2b) as Sesbania is a perennial plant and can grow from shortly after
the end of the maize growing season until shortly before the next maize planting besides
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having a higher rate of biomass accumulation (SI2; Table S2.1). Correspondingly to maize,
the time until maturity for cowpea decreases with increasing temperature, which limits in turn
biomass accumulation and N fixation. A perennial cover crop can hence be considered more
effective for biological N fixation, if climatic conditions allow its cultivation. The strong
impact of increasing CO2 is most apparent in the fact that maize yields with Sesbania exceed
those of Cowpea+N in the 2060s and beyond under RCP8.5 (Fig. 6-1a) before temperature
becomes strongly limiting. Sesbania is thereby also the only management scenario with
higher yields in the 2080s under RCP8.5 than in the 2000s (Fig. 6-1b).
The issue most difficult to address is the cultivation history of a site. If soil structure is
affected by adverse or beneficial climate conditions during earlier decades within the
continuous cultivation, this will also affect yields during the later time periods, which makes
it more difficult to disentangle climatic or atmospheric drivers for yield changes. As both
types of erosion depend on soil cover and OC contents among others in EPIC (see SI1), the
permanent soil cover by Sesbania outside the maize growing season and the increase in soil
OC can be considered major drivers of the erosion assessment. The fact that Sesbania(+N)
limits soil erosion indicates that it additionally contributes to maintaining water holding
capacity and rooting space through soil conservation.

6.5. Conclusions and limitations
Our results suggest that until the 2060s, crop management may be the main driver for
obtaining certain yield levels and sustaining environmental functions of the agro-ecosystems.
Beyond this point, yields with the on average optimal management scenario Sesbania+N
decreased in the highest emission scenario RCP8.5 below those of all scenarios with high
mineral and mineral+biological N supply in RCP2.6 (Fig. 6-1a). This highlights that under
highly adverse climate change, climate variables will become the limiting factor. Still,
Sesbania(+N) can be considered the most resilient cultivation systems under (adverse) climate
change in this study. However, due to local agro-climatic characteristics, an herbaceous
rotation may be more favorable in humid climates and CI appears to be most adequate in arid
regions, where the main crop would otherwise compete for soil water with the studied cover
crops. Despite the enhanced resilience provided by eco-intensification approaches, they alone
will not be sufficient to overcome the adverse impacts of climate change from increasing
temperature in the long run. This will require in addition the development and dissemination
of other improved agricultural technologies and practices, such as heat tolerant cultivars and
potentially irrigation systems. The fact that the adverse impacts of temperature continuously
increase over time under worst-case conditions, however, indicates that the breeding of
tolerant cultivars might need to be the first priority on the large scale.
Yield changes presented in this paper are roughly in the range of earlier studies using
crop models, in terms of magnitude as well as the spatial distribution of increases and
decreases (Liu et al 2013; Waha et al 2013b). The results presented herein for different crop
management strategies, however, will have to be verified by experimental studies and more
detailed modeling at the field and homogenous regional scales. This would also allow for
disentangling management-related and climatic drivers for yield changes, which is presently
not feasible at a large heterogeneous scale. Further limitations of this study result from
processes not taken into account by EPIC. As reviewed by St.Clair and Lynch (2010), climate
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warming and decreasing precipitation may also limit soil productivity by inhibition of
microbial processes, which are especially important for symbiotic N fixation. Hence, our
assessment has to be considered rather conservative, especially for the scenarios resulting in
severe soil degradation. Last but not least, plant growth limitations due to deficiencies in P
(van der Velde et al 2013) and micronutrients (Voortman et al 2003), which both are viable
for biological N fixation besides maize growth, were not considered in this study.
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Effects of ecological and conventional agricultural intensification practices on maize yields in
sub-Saharan Africa under potential climate change
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S1 Input datasets
Site-specific input data for all management scenarios were longitude, latitude,
elevation, slope, soil properties, climate, PHU, and planting date.
Elevation and slope were derived from the GTOPO30 dataset (USGS 1997). Soil data
(texture, layer depth, bulk density, organic carbon (OC) concentration, pH, cation exchange
capacity (CEC), and electrical conductivity (EC)) were obtained from the ISRIC-WISE soil
database (Batjes 2006) and spatially linked to the Digital Soil Map of the World (FAO 1995).
Prior to the crop management simulations, we mimicked soil nutrient depletion by running the
model with current low fertilizer application rates and continuous maize cultivation. Output
soil tables were stored and used as input data for the crop management simulations. This takes
into account that the majority of agricultural soils in SSA are strongly degraded (Rosegrant et
al 2005), while the original soil data refer mostly to samples from natural ecosystems (Batjes
2004). Current extent of area harvested with maize was obtained from the MIRCA2000
database (Portmann et al 2010).
Projections for future climate were provided by the Inter-Sectoral Impact Model
Intercomparison Project (ISI-MIP; Hempel et al 2013) and are based on CMIP5 data (Taylor
et al 2012). As the focus of this paper is not on uncertainty in climate change impacts, we
have selected 3 GCMs that bracket a range of changes in global mean temperature and
precipitation. These are HadGEM2-ES, IPSL-CM5A-LR, and GFDL-ESM2M. In order to
also bracket uncertainty related to possible changes in atm. CO2 concentration, we chose the
representative concentration pathways (RCPs) 2.6 with lowest rise in atm. CO2 equivalents
and 8.5 with the highest rise in CO2. While atm. CO2 equivalents increase in RCP2.6 from
currently about 390 ppm to 457 ppm in the 2040s and then decrease to about 430 ppm in the
2090s, they increase constantly in RCP8.5 to 640 ppm in the 2050s and reach 1300 ppm at the
end of the century (Peters et al 2013). For a comparison of model outputs under climate
change with outputs under constant climate conditions, climate projections for the period
2001-2010 were cycled for the whole simulation period and used as an additional input.
PHU have prior been calculated (Folberth et al 2012) based on historic climate data
and planting dates for maize reported by Sacks et al (2010). Spatially explicit planting dates
were estimated based on annual yield optimization and decadal averaging as described and
evaluated in Folberth et al (2012). The yield optimization was carried out by running the
GEPIC 48 times per year (= pseudo calendar weeks) and subsequently identifying the date
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providing the highest yield for each year. The decadal optimal planting date was subsequently
identified by estimating the kernel density for all 10 optimal planting dates and choosing the
highest peak. This was done for each GCM x RCP combination and planting dates were
adjust in each decade of the simulation period.
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S2 Model parameterization and performance
Parameterization of maize and cowpea
Standard crop growth parameters (Tab. S2.1) that are provided with the EPIC model
were used for maize (Zea mays) and cowpea (Vigna unguiculata). Prior calibration of EPIC
for maize cultivation in sub-Saharan Africa showed that the potential harvest index (HI) of
maize used in small-holder agriculture is rather low with 0.35 compared to >0.5 for improved
cultivars that are commonly used in intensified agriculture (Gaiser et al 2010). Therefore, the
lower value was used in a previous study on maize yields in sub-Saharan Africa (Folberth et
al 2012) and a good agreement was found between national simulated and reported yields
(R2=0.65; y=0.72x+0.46). However, as we are looking at agricultural intensification, we use
the higher value HI=0.55 in the present paper. The performance for representing changes in
OC and maize yield under continuous cultivation has prior been found to be satisfactory as
well (Folberth et al 2012).
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The parameterization for cowpea has been adopted from the default parameters in
EPIC, representing an improved cultivar (Tab. S2.1). The performance of this crop has prior
been tested under similar soil and climatic conditions (e.g. McIntyre et al 1996; Gaiser et al
2004; de Barros et al 2005). Cowpea was chosen as a conventional rotation as (a) maize is
often grown in rotation or inter-cropping with pulses and (b) cowpea is the most common
grain legume grown in SSA with a harvested area of about 40-50% of maize harvested areas.
The exact choice of legume used for rotation can be expected not to have much of an impact
in simulation results at this scale as most grain legumes popular in SSA have similar growth
characteristics (LAI, height, N fixation) in the model.

Tab. S2.1: Selected parameterization for maize and cowpea in EPIC
Parameter
EPIC
Value for
Value for
variable
maize
cowpea
Max. height [m]
HMX
2.00
1.20
Opt. temperature [°C]
TOP
25.00
25.00
Min. temperature [°C]
TBS
8.00
12.00
Radiation use efficiency
WA
40.00
25.00
Max. root depth [m]
RDMX
2.00
1.00
Stomatal conductance
GSI
0.0070
0.0100
Max. leaf area index
DMLA
6.00
5.00
First point of LAI DLAP1
15.05
15.10
development curve
Second point of LAI DLAP2
50.95
80.95
development curve
Critical aeration factor
CAF
0.75
0.85
N content at half-maturity BN2
0.0150
0.0335
Plant population and leaf PPLP1
4.47
1.10
area 1
Plant population and leaf PPLP2
7.77
10.90
area 1

Parameterization and performance of Sesbania sesban
Background
S. sesban has - among other members of the genus - been used and promoted as a
green manure in many parts of SSA for several decades and is in some regions being used
traditionally (e.g. Akinnifesi et al 2010). Further uses besides soil improvement are for
example animal feed or fuel wood (Gathumbi et al 2004).
Parameterization
The parameter values for S. sesban are based on those of S. macrocarpa, which has
prior been parameterized for EPIC (Williams et al 1989). Four parameters, the maximum crop
height, the development curve of leaf area index, and the relationship between plant
population and leaf area have been adjusted (Tab. S2.2). Further differences between the two
species are mostly related to leaf morphology, pods, and other characteristics (Wood and
Larkens 1987) that are not taken into account in EPIC.
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Performance
The development of plant height within the time period relevant to this study (7-8
months) compared well with that reported from field trials (n=8; collected from Kategile and
Adoutan 1993; Kwesiga and Coe 1994) from different parts of SSA (Fig. S2.1). The initial
development was slightly below that of the field experiment minima, but caught up at 5 MAS
and was at the level of trial maxima after 8 MAS where it remained until 12 MAS. Beyond
this point of time, the range of reported minima and maxima increased massively in one trial
and there are larger heights of up to 5 m reported from other trials (e.g. Kwesiga and Coe
1994).
Tab. S2.2: Parameterizations of S. macrocarpa and S. sesban in EPIC. Adjusted parameters are marked
bold.
Parameter
EPIC
Value for
Value for
Reference
variable
S. macrocarpa
S. sesban
Max. height [m]
HMX
Kaonga and Bayliss1.5
3.5
Smith, 2010
Opt. temperature [°C]
TOP
25.0
10.0
Min. temperature [°C]
TBS
10.0
10.0
Radiation use efficiency
WA
50.0
50.0
Max. root depth [m]
RDMX
2.0
2.0
Stomatal conductance
GSI
0.0078
0.0078
Max. leaf area index
DMLA
5.00
5.00
Pengelly et al 19991,2
First point of LAI DLAP1
15.01
15.01
development curve
Second point of LAI DLAP2
own estimate
50.95
30.90
development curve
Critical aeration factor
CAF
0.85
0.85
N content at half-maturity BN2
0.02
0.02
Gathumbi et al 2004
Pengelly et al 19991
Plant population and leaf PPLP1
own estimate
20.20
20.05
area 1
Plant population and leaf PPLP2
own estimate
100.90
1000.95
area 1
1)
2)

Reported for S. cannabina in Australia
One outlier in cited study with DMLA=8

Biomass assimilation rates for S. sesban are only scarcely reported in the literature.
One study measured 0.12-3.87 t ha-1 with a mean of 1.69 t ha-1 at 5.75 MAS for a wide range
of varieties (Karachi, 1993). In our simulations, the biomass was at 2.96 t ha-1 after 6 months
and hence in the upper range of values from the mentioned study. It has to be mentioned,
though, that annual rainfall in our dataset for the grid cell was with 1100 mm significantly
higher than the reported 880 mm and soil data as well as planting dates had to be estimated.
The biomass at different plant densities roughly agreed with results reported from
Karnatka (Desai and Halepyati 2007), which could not be reproduced exactly due to missing
climate and soil information. Biomass yields changed in the cited study at plant densities of
10’000, 20’000, and 40’000 plants ha-1 from 21.37 t ha-1 over 33.46 t ha-1 (+57%) to 44.28 t
ha-1 (+107%), while they changed in EPIC from 22.24 t ha-1 over 35.39 t ha-1 (+59%) to 58.93
t ha-1 (+165%). As we used a plant density of 15’000 plants ha-1 in our assessments, the
deviation in the upper range can be neglected.
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Fig. S2.1: Height development S. sesban compared to minima and maxima of various field studies (n=8)
with differing measurement times.

The amount of N fixed within about 10 MAS was with 88.7 kg N ha-1 slightly higher
than N yield of 83 kg N ha-1 reported by Gathumbi et al (2004) for a study on legume growth
when intercropping with hybrid maize. The same study reports a biomass of about 5 t ha-1
after 10 months compared to 6.6 t ha-1 in this study (+ 35%) and a height of 170 cm compared
to 349 cm in this study (+105%). It must therefore be assumed that the cited study used a
variety that has a significantly lower height development, but only a reasonably lower
biomass accumulation and a highly comparable N accumulation rate, whereas the latter two
are the most important variables for the present study.
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Fig. S2.2: Reported and simulated maize yields after different fallow durations with S. sesban. Reported
data are based on Kwesiga and Coe (1994).
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Compared to the impact of S. sesban fallow and intercropping reported by Kwesiga
and Coe (1994) the model performed reasonable (Fig. S2.2). Simulated results were in the
upper range of reported data for the first two years, but declined in the third year. This was
not due to nutrient stress, though, but due to water stress resulting from exceptionally low
rainfall in the last season (700 mm vs. 1000-1300 mm) according to our climate data for the
respective grid cell.
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S3 Decadal changes in climate variables
This section provides background information on changes in climatic variables
precipitation, minimum temperature and minimum temperature over time. The three GCMs
used in the crop simulations were GFDL-ESM2M (GFDL hereafter), HadGEM2-ES
(HadGEM2 hereafter), and IPSL-CM5A-LR (IPSL hereafter). These were chosen out of the
GCMs available from CMIP5 (Taylor et al 2012) due to large differences in climate change
projections, which allows for bracketing a wide range of changes in precipitation and
temperature. In order to also bracket possible changes in atm. CO2 concentration, we chose
the representative concentration pathways 2.6 with lowest rise in atm. CO2 equivalents and
8.5 with the highest rise in CO2 (Moss et al 2010). While atm. CO2 equivalents increase in
RCP2.6 from currently about 390 ppm to 457 ppm in the 2040s and then decrease to about
430 ppm in the 2090s, they increase in RCP8.5 to 640 ppm in the 2050s and reach 1300 ppm
at the end of the century. Original GCM projections had been downscaled stochastically
within the ISI-MIP project to a spatial resolution of 0.5° x 0.5° employing a trend-preserving
bias correction (Hempel et al 2013).
Mean monthly max. temperature Tmax is similar during the first decades for all
GCM/RCP combinations (Fig. S3. 1). Due to higher CO2 concentration at any point of time,
Tmax for the RCP8.5 scenarios are at any point from the 2020s higher than those from 2.6
within each GCM. For RCP8.5, HadGEM2 shows the highest increase in Tmax by about 5°C
with IPSL slightly below at about 4.5°C. GFDL has a rather conservative Tmax increase by
about 3.5°C. For RCP2.6, the increase in Tmax is quite similar for all three GCMs with a
maximum in the 2050s at around +2°C that decreases slightly until the 2090s due to
decreasing atm. CO2 from mid-decade on. The evolution of mean monthly minimum
temperature Tmin follows (Fig. S3. 2) approximately the same pattern as Tmax whereas the
difference between HadGEM2 and IPSL is smaller in the 2090s with RCP8.5 and the latter
even shows a slightly higher median for RCP2.6.
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a)

b)

Fig. S3. 1: (a) Mean monthly maximum temperature per decade for each GCM/RCP and (b) relative
change compared to 2010s.

The change in decadal mean annual precipitation (MAP) does not follow a pattern as
clear as for the temperatures (Fig. S3. 3). While the values remain on average fairly constant
for HadGEM2 and GFDL with a slight decrease, there is an increase by about 10% for the
median of IPSL/8.5 and an increase by about 20% for the 90th percentile from the 2000s to the
2090s.
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a)

b)

Fig. S3. 2: (a) Mean monthly minimum temperature per decade for each GCM/RCP and (b) relative
change compared to 2010s.

MAP will change mostly within a range of ±25% by the 2040s averaged across all
GCM in both RCP scenarios (Fig. S3. 4a; Fig. S3. 4b). Thereby, a strong negative trend over
large areas can be observed for the Kalahari region and in Somalia in RCP2.6. Slight negative
trnd can be observed in southern Central Africa and West Africa. In all cases, these
developments become more pronounced by the 2080s. In RCP8.5, strong negative trends were
more scattered in Southern Africa, Tanzania, Ethiopia, and Mauretania. They stretched out
over larger areas until the 2080s, while a positive trend could then be observed in the northern
region of the Great Lakes (e.g. Tanzania, Kenya, and Ethiopia).
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a)

b)

Fig. S3. 3: (a) Mean annual precipitation per decade for each GCM/RCP and (b) relative change
compared to 2010s.

Spatial differences in climate variables over time
Growing season precipitation decreased for RCP2.6 mainly in southern and East
Africa and in the North of Madagascar (Fig. S3. 4c). Large increases were found for the Sahel
zone of West Africa. Until the 2080s, however, precipitation decreased in most of the Sahel
region as well as parts of Southern Africa, while large increases were found for Kenya. For
RCP8.5, growing season precipitation decreased in the Sahel region already in the 2040s
whereas also parts of East Africa and southwestern Africa showed large decreases. In the
2080s, very strong decreases could be observed in far West Africa and most of Southern
Africa, while strong increases were found for Kenya, Somalia, and Ethiopia, which all have
currently rather (semi-)arid climate.
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a)

b)

c)

d)

Fig. S3. 4: Annual precipitation for (a) RCP2.6 and (b) RCP8.5 and growing season precipitation for (c)
RCP2.6 and (d) RCP8.5 in the 2000s and change until the 2040s and 2080s as mean of all 3 GCMs.
Absolute precipitation in the 2000s is cut-off at 2000 mm for better visualization with few grid cells in
Central Africa having actual values up to 4000 mm.

The largest relative increase in Tmax under RCP2.6 can be found for Southern Africa,
where temperatures are currently rather low and are expected to increase by about 10%, while
the change in Tmax is lower for this RCP is all other regions in as well the 2040s as the 2080s
(Fig. S3. 5a). Under RCP8.5, Tmax also increases by up to 10% by the 2040s, but higher
relative changes can be found for larger areas of the sub-continent (Fig. S3. 5b). By the 2080s,
however, Tmax is expected to increase >10% and to up to 30% in all parts of SSA with highest
values in Southern Africa and Ethiopia, currently regions with rather low Tmax.
The relative change in mean minimum temperature is more significant (Fig. S3. 6). By
the 2040s, the most significant increases can also here be found for South Africa, but with
increases by up to 20% in both RCPs. By the 2080s, temperatures again slightly decrease or
remain stable for RCP2.6. In RCP8.5, increases by up to 50% occur until the 2080s with
highest increases in Southern Africa, Ethiopia, and along the Rift Valley.
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a)

b)

Fig. S3. 5: Average monthly maximum temperature for (a) RCP2.6 and (b) RCP8.5 in the 2000s and
changes until the 2040s and 2080s.

a)

b)

Fig. S3. 6: Average monthly minimum temperature for (a) RCP2.6 and (b) RCP8.5 in the 2000s and
changes until the 2040s and 2080s.
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S4 Additional evaluations of changes in crop yields and climate variables

Fig. S4. 1: Change in yield vs. change in mean growing season precipitation. The black line and equations
show the results of a regression weighted by spatial proximity in order to cope with spatial
autocorrelation.
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Fig. S4. 2: Change in yield vs. change in mean annual precipitation. The black line and equations show the
results of a regression weighted by spatial proximity in order to cope with spatial autocorrelation.
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Fig. S4. 3: Change in yield vs. change in decadal mean monthly maximum temperature. The black line
and equations show the results of a regression weighted by spatial proximity in order to cope with spatial
autocorrelation.
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Fig. S4. 4: Change in yield vs. change in decadal mean monthly minimum temperature. The black line and
equations show the results of a regression weighted by spatial proximity in order to cope with spatial
autocorrelation.
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7. Conclusions and outlook
7.1. General conclusions
The aims of this study were to assess agronomic strategies to increase maize yields in
sub-Saharan Africa (SSA) and to evaluate their sustainability under the conditions of a
changing climate. As a framework for this study we first assessed the potential impacts of
climate change on yields of major staple food crops at the global scale within the next 80
years and then regionalized the large-scale crop growth model GEPIC for maize in SSA.
The global assessment revealed that under current crop management conditions
climate change will in general most likely have an adverse impact on crop yields in SSA until
the 2090s. In the short run (2030s), yields are likely to decrease only in Central Africa and the
Sahel, while most of eastern Africa is expected to profit from increasing CO2 levels and more
favourable temperatures in the currently temperate highlands. In the long run, the whole subcontinent, except for parts of the Rift Valley, the Cape of South Africa, and Madagascar, will
encounter yield decreases with high certainty. The simulations further show that also the
requirement for irrigation water on currently irrigated fields is likely to decrease on average.
But as the fraction of irrigated area used for staple food production this very low in SSA, this
cannot be considered a major gain. On the other hand, these results gave a first hint that
extending the area under irrigation may be a feasible option to increase yields in the future,
especially under conditions of climate change.
In regionalizing the model, the most important adjustment was to account for soil
nutrient depletion. Large-scale soil data for SSA are mostly from natural ecosystems and
pastures. These have rather high nutrient contents in contrast to agricultural soils, which have
often been cultivated for long times without interruption by fallow or with ever shortening
fallow periods. When disregarding soil nutrient depletion, e.g. by running the model with a
shorter simulation period, yields were massively overestimated during the first 20-25
simulation years. After respective calibration, simulated yields compared fairly well with
reported data. Nitrogen (N) deficiency was in general the most limiting factor, as reported
also in the literature. Taking adequate account of such limitations is important in using EPIC,
as potential crop growth is limited in this model by the dominant stress determined from
nutrient supply, water availability, temperature, root zone aeration, and soil salinity on a daily
basis. Neglecting growth limitations resulting from nutrient deficiencies and instead adjusting
other factors, such as plant growth characteristics, to match reported yields would lead to a
wrong assessment also of the role of other environmental stress factors and a bias in the
model’s stress sensitivity towards climatic factors. Version 0509 of EPIC, which was used for
this part of the study, had a low sensitivity towards phosphorus (P) deficiency, which is why
only N came out as a limiting nutrient. For the subsequent analyses Version 0810 was used,
which also takes P deficiency into account. Simulations using this EPIC version identified P
deficiency as the dominating nutrient stress in West Africa, in line with the literature, and
were in much better agreement with reported yields (R2=0.64) than simulations with the
previous version (R2=0.49).
Continuing from the adjustment of the model to regional conditions in SSA, the yield
potential of maize in SSA was assessed for moderate and high input conditions. According to
the model simulations, yields could be as high in many parts of SSA as in Europe or the
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United States, if sufficient nutrients were supplied and high-yielding cultivars were used. The
SSA regions with the highest yield potential were located in East Africa along the Rift Valley
and in the Guinea zone of West Africa. With sufficient irrigation also parts of the Sahel and
other semi-arid regions could provide at least moderate yields. Remaining yield limitations
were due to high temperatures in the deserts and part of the savannahs as well as low solar
radiation and nutrient leaching in the humid tropics of Central Africa. Due to the very high
costs of mineral fertilizers, most farmers in SSA countries can hardly afford to reach the
potential yield maxima at present. The response of maize yields to increasing N fertilizer
application rates had an optimum at around 50 kg N ha-1 and levelled off at about 100 kg N
ha-1. While increasing fertilization rates to a level in this range may produce an effective
increase in yield, it may not be sustainable in a changing climate, as assessed in the next part
of the project.
The comparison of different crop rotation and fallow management strategies revealed
that a conventional intensification with a bare fallow would provide less resilience for maize
than a so-called “improved fallow” in which an N fixing shrub (here Sesbania sesban) is
grown as catch crop and incorporated into the soil before the next maize culture. As in the
global scale simulations discussed before, in which we employed a different model setup and
set of climate projections, maize yields increased in all management scenarios in the short
term (here 2040s) due to more favourable temperatures at high altitudes and enhanced
biomass accumulation associated with increasing atmospheric CO2 concentrations. In the
longer run (2090s), yields decreased again as temperatures further increased and rainfalls
continued to decrease. However, in the scenario with improved fallow the onset of this
decrease in yields lagged behind the other scenarios by about a decade and then the decrease
was also much slower than in the other scenarios. Although it was beyond the scope of this
study to disentangle drivers for adverse and advantageous yield changes, the model outputs of
agro-environmental variables and an analysis of changes in climate variables hint, that this
can partly be attributed to improved rainfall infiltration into the soil due to increased surface
roughness calculated by the model on the one hand and a higher water storage capacity due to
increased OC contents on the other hand. In contrast, rotation with cowpea showed a similar
pattern of continental average yield increases and decreases as conventional intensification,
because the herbaceous plant has a lower biomass accumulation and as an annual crop only
grows until maturity is reached as opposed to S. sesban, which grew in the simulations until
shortly before maize was planted again and hence covered the soil for a longer time period. In
addition, also factors like N fixation are subject to changes in atmospheric CO2 and climate,
whereas more favourable climate and higher CO2 concentrations will increase the amount of
N fixed by the cover crops. Last but not least, there are feedbacks between different factors.
Thus, increasing heat stress will reduce plant biomass production and thereby, through
decreased organic matter inputs into soil, promote erosion, which will further reduce plant
biomass production. The analysis of such mechanisms requires further research. It should be
carried out at smaller scales first, where climatic and soil conditions are more homogenous,
before it is extended to larger scales.
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7.2. Model limitations
The model was set up as detailed as possible on the basis of the available data. Future
improvements will largely depend on the quality of the input data. In a parallel study, which is
not included in this thesis, we found that the agreement between model outputs and reported
yields increased with the areal fraction of grid cells covered by the simulated crop (Folberth et
al., 2012). Hence, higher spatial resolution of the currently used input variables can be
expected to improve model outputs significantly, especially in regions with a low percentage
of arable land for a specific crop. This study, that was only carried out for the conterminous
USA due to data availability, has shown as well that information is lost when aggregating soil
(and other) data from the currently available resolution of 5 arcmin to 30 arcmin (= 0.5°),
which is the currently highest available resolution of global (and African) climate datasets.
The provision of climate data with higher spatial resolution is currently a bottleneck in
improving large-scale crop growth assessments.
The fact that data for potential further input variables were not available in a form
usable by the model was another major limitation for the simulations performed for this
thesis. For example, the occurrence of weeds, pests and diseases and the underlying biological
mechanisms are not documented in sufficient detail or known for large scales. E.g., the weed
Striga sp. is assumed to be responsible for maize yield losses of up to 80% in some East
African countries (Ejeta, 2007), which would render spatially explicit data about its
occurrence valuable. As biotic plant growth limitations depend on environmental factors like
climate as well, their inclusion will most likely have to be implemented by coupling with
models continuously representing the occurrence of pests and weeds.
Another limiting factor for crop production in many sub-Saharan countries is
insufficient availability of micronutrients such as zinc, copper or molybdenum in soils.
Deficiencies in micronutrients can render increased application of macronutrients completely
ineffective (Bationo et al., 2006). Currently available soil data do not cover micronutrient
elements, and the current version of EPIC also does not account for their role in plant growth.
This leads to technical limitations in the model. Regarding the large-scale framework
GEPIC, all factors relevant for crop management that the current version of the model can
account for were included as far as respective input data were available (topography, fertilizer
application rates (N and P), irrigation volumes, fixed or automatic planting dates, and time
until maturity). Planting date inputs have been refined in this study by deriving spatially
explicit long-term optimal planting dates from crop simulations, while time until maturity had
been defined by PHU estimation in contrast to the prior usage of fixed PHU globally. Also P
application rates have not been taken into account before and were included only in this study.
Because GEPIC is in essence only a large-scale framework for running the field-scale model
EPIC, the implementation of further environmental, biological, and climatic processes has to
take place in the field-scale model itself. Examples would be the inclusion of further plant
growth stresses like damage from excessive radiation or permanent plant damages like leaf
necrosis from heat, drought or nutrient deficits. As EPIC is continuously being extended
based on findings from field and greenhouse experiments, this can be expected to take place
in the future. One module that is currently being implemented is the emission of greenhouse
gases form soils as outlined in the next section.
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Last but not least, there are other important staple foods in SSA that could presently
not be included in the study due to a lack of data for calibration and validation of plant
varieties and cultivation practices. In particular, cassava contributes about the same amount of
human dietary energy intake in tropical regions as maize with about 20% of the total calorie
consumption (FAO, 2010). The cultivation period of cassava, a shrub of which mainly the
roots are being harvested, can extend from 12 to 36 months, while yield biomass increases
continuously. As harvest and planting dates for perennial crops are not available, a validation
at the scale of SSA is presently not possible. Also field-scale assessments known to the author
are not sufficiently detailed for a field-scale model calibration and validation. Another crop
type of importance for food security in (semi-)arid regions is millet, which comprises several
small-grain cereals like proso millet, pearl millet and foxtail millet among others. Up to now,
land-use datasets represent millets only as a lumped crop category, but the fact that different
millet species have quite differing growth properties renders reliable yield estimations
difficult.

7.3. Outlook
There is a wide range of possible future assessments in the water-food-energy nexus
for which the GEPIC model is predestined. Among them are estimations of the amounts of
fertilizers needed in the future to feed the world’s growing population under climate change
or the extension of the findings presented in this study to other regions with low productivity.
As EPIC quantifies not only fertilizer and water inputs, but also requirements for plant seeds
and labour force, also economic evaluations of management scenarios like the ones
considered in the present study are possible if suitable population and income data are
available.
As mentioned in the foregoing sections, GEPIC depends on progresses and changes in
the EPIC model. Hence, further applications of GEPIC will also depend on new developments
in the field-scale model. For example, routines for assessing greenhouse gas emissions (N2O,
CO2, CH4) from soils have been included recently by Izaurralde et al. (2013). Once these have
been thoroughly tested and validated at the field scale, the large-scale model can be used to
assess current and potential future GHG emissions globally or for certain regions under
different management scenarios.
There are substantial uncertainties in the assessment of climate change impacts on
crop yield and water use using bio-physical crop models. Put aside the uncertainties stemming
from GCMs and emission scenarios, there are substantial differences in the impact projections
from different crop models with the same climate data input. The heterogeneities are often
related to different model setups, parameterization, and assumptions like nutrient application
rates, planting and harvest dates, and length of growing season or algorithms for determining
plant growth, yield formation, and ET among others. Narrowing down these crop model
related uncertainties is a challenging but important task. Concerted efforts from the
international communities in crop modelling are required to meet the challenge. To this end, a
comparison of GEPIC outputs with those from other field- and large-scale models is a useful
step. To allow for such a comparison, our work group is currently participating in an
international Inter-Sectoral Impact Model Inter-comparison Project (ISI-MIP, 2012). It is
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expected that this international joint effort will improve the capacity and the reliability of the
crop model projections of climate change impacts on crop yield and water use.
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