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Abstract

About three quarters of global cropland is under rainfed agriculture, producing an estimated 60%
of the global food demand. In sub-Saharan Africa, and particularly in Ethiopia, rainfed agriculture
(RFA) constitutes nearly 95% of croplands, serving as a crucial source of food and household
income for the rural population, and contributing significantly to the national economy. The RFA
system is characterized by smallholder and subsistence farming practices, high vulnerability to
weather and climate shocks, low productivity, and high poverty rate in the sector. For this reason,
agricultural transformation in Ethiopia and the sub-continent is the top sustainable development
priority for poverty eradication (SDG 1) and ensuring food security (SGD 2). However, challenges,
such as climate change, population growth, armed conflict, etc., complicate the current state and
hinder the achievement of these development goals. Success requires a deeper data-driven
understanding of the agro-environmental conditions within the context of global changes, in order
to inform national and sub-national agricultural development plans, policies and decisions aimed
at increasing productivity and ensuring a resilient RFA system. The objective of this thesis is to
provide such an understanding by investigating the climate-crop and climate-agroecological
interactions that are relevant for climate risk and water management planning, decisions and policy

making in the face of a changing climate in Ethiopia.

As a first step, | addressed climate data limitations by developing a robust framework for
downscaling and de-biasing globally available gridded temperature data. This involved leveraging
low-quality station observations through a hybrid spatial interpolation method coupled with a
quantile mapping bias-adjustment technique. The framework was applied to ERA5-Land 2-m air
temperature, resulting in a bias-corrected ERA5-Land (BCE5) daily maximum and minimum
temperature dataset covering the period 1981-2010 over the Ethiopian domain. The accuracy of
BCE5 was found to be 68% higher for maximum temperature and 25% higher for minimum
temperature compared to the original ERA5-Land. The increase in performance highlights that
even low-quality station temperature observations can reduce the statistical biases in gridded global
datasets and produce locally accurate spatial data in data-scarce regions for a range of

agroecological applications.

Second, the effects of variabilities in rainfall timing and seasonality on seasonal crop production

were explored by statistical analyses of the relationships between cereal production and four
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temporal rainfall attributes: seasonality, dates of onset and cessation, and duration of the rainy
season, derived from the CHIRPS quasi-global rainfall dataset. The results highlight the importance
of rainfall regimes. In regions characterized by unimodal rainfall regimes, cereal crop production
is primarily influenced by the onset of the rainy season. A late onset of the rainy season results in
crop production losses (on average by 1.5% for every 5-day delay) underscoring the significance
of onset-informed planting. In regions with a bimodal rainfall regime, rainfall seasonality (monthly
distribution) was found to be the main determinant of crop production. Implementing soil moisture

conservation measures in these regions may prove more effective.

Third, water-limited attainable yield potential (AY) was evaluated. For this, an agrohydrological
modelling framework integrating climatic-hydrological-crop interactions was developed and
applied to both the present and future climate scenarios. With regional variations based on climatic
regimes, the average AY for the main growing season (Meher) and the short growing season (Belg)
was determined to be 79% (of unstressed yield potential) and 37%, respectively. Projected climate-
driven changes in water-limited AY in Meher fall in the range of -5% to 5% with major decreases
observed primarily in semi-arid regions, particularly under the high emission scenario by the end
of the century. Conversely, Belg-producing regions are expected to experience major increases in
AY by up to 20% by the end of the century. On the other hand, a substantial yield gap is identified
between actual and water-limited yield, emphasizing the need for integrating green water

management strategies with improved agronomic practices to close these yield gaps.

Finally, the current potential and future changes in the crop agroecological suitability across the
RFA region of Ethiopia were investigated using a numerical model of cropland suitability derived
from relationships between observed crop yield and a range of climatic and soil factors. Sorghum
was identified as the most versatile crop with nearly two-third of the cultivable RFA area being
suitable, followed by teff and maize with over half of the RFA area being suitable for both crops.
Wheat is the least versatile crop with less than one-third of the RFA area being suitable. Climate
change is expected to significantly impact future cropland suitability. The projected effects involve
shifts from lowland to highland areas for maize and sorghum and losses in suitable areas for teff
and wheat. These impacts pose serious consequences for the future availability of cropland in

Ethiopia, emphasizing the urgent need for sustainable adaptation plans and policies.




Zusammenfassung

Zusammenfassung

Etwa drei Viertel der globalen Ackerflache werden sind zur Génze abhangig von natirlichen
Niederschldagen (Regenfeldbau). Diese Ackerflachen decken etwa 60% der weltweiten
Nahrungsnachfrage. Im subsaharischen Afrika, insbesondere in Athiopien, umfasst der
Regenfeldbau (RFA) fast 95% aller Ackerflachen und ist dadurch bedeutende Grundlage fur
die Lebensmittelversorgung und Haushaltseinkommen vor allem in l&andlichen Gebieten und
tragt erheblich zur nationalen Wirtschaft bei. Regenfeldbau (RFA) ist gekennzeichnet durch
Kleinbauern- und Subsistenzpraktiken, hoher Anfalligkeit fur Wetter- und Klimaénderungen,
geringe Produktivitat und hohe Armutsrate. Daher ist eine nachhaltige landwirtschaftliche
Transformation in Athiopien und auf dem gesamten Subkontinent oberste Prioritat zur
Armutsbekampfung (SDG 1) und zur Gewdhrleistung der Erndhrungssicherheit (SDG 2).
Herausforderungen wie u.a., Klimawandel, Bevolkerungswachstum, und bewaffnete Konflikte
erschweren jedoch den derzeitigen Zustand und behindern das Erreichen dieser
Entwicklungsziele. Die erfolgreiche Umsetzung der Entwicklungsziele erfordert daher ein
tiefgehendes, datenbasiertes Verstdndnis der agrodkologischen Bedingungen im Kontext
globaler Veranderungen. Dies ist wesentlich um die nationalen und subnationalen
landwirtschaftlichen Entwicklungsplane und politischen Entscheidungen wissensbasiert zu
implementieren, die Produktivitdt zu steigern und ein widerstandsfahiges RFA-System zu
gewdhrleisten. Ziel dieser Dissertation ist es die Zusammenhédnge zwischen klimatischen
Bedingungen, Nutzpflanzen und der Agrardkologie zu untersuchen, die fur die Planung und
Entscheidungsfindung  politischer  MaBnahmen im  Bereich  Klimarisiken  und

Wasserbewirtschaftung unter Beriicksichtigung des Klimawandels in Athiopien relevant sind.

Im ersten Schritt habe ich mich mit den Limitierungen der verfugbaren Klimadaten befasst,
indem ein robuster Arbeitsablauf zur Skalierung und Entzerrung global verfugbarer
temperaturbezogener Rasterdaten entwickelt wurde. Dies umfasste die Nutzung von oft nur in
geringer Qualitdt vorhandenen Messstationsdaten durch eine hybride rdumliche
Interpolationsmethode in  Verbindung mit einer  Optimierungstechnik  mittels
Quantilsregression. Die Methode wurde auf ERA5-Land Daten fur Lufttemperatur in 2m
Auflésung angewendet und fihrte zu einem Kkorrigierten ERA5-Land Datensatz flr tagliche
Maximal- und Minimaltemperaturen (BCE5) fiir den Zeitraum 1981-2010 fiir Athiopien. Die
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Genauigkeit von BCE5 konnte im Vergleich zum Original-ERA5-Land Datensatz fur
Maximaltemperaturen um 68% und fiir Minimaltemperaturen um 25% gesteigert werden.
Diese Qualitatserhdhung zeigt, dass selbst mit nur in geringer Qualitdt vorhandenen
Messstationsdaten die statistischen Verzerrungen, die in weltweiten Gitterdatensatzen
existieren, reduziert werden kénnen und genauere Kleinrdumige Datenreihen fir datenarme
Regionen erstellt werden konnen, die die Grundlage flr eine Vielzahl agrodkologischer

Anwendungen bilden.

Im zweiten Teil habe ich mittels statistischer Analysen die Auswirkungen von Schwankungen
im zeitlichen Auftreten und Saisonalitit von Niederschldgen auf die saisonale
Getreideproduktion  untersucht. Dabei  wurden, basierend auf dem globalen
Niederschlagsdatensatz CHIRPS, vier wesentliche zeitliche Regenattribute abgeleitet und
untersucht: der Saisonalitét, Startzeitpunkt, Dauer sowie Ende der Regenzeit. Die Ergebnisse
unterstreichen die wesentliche Bedeutung der Regenregime fur die Getreideproduktion. In
Regionen mit unimodalen Regenregimen wird die Getreideproduktion hauptsachlich vom
Startzeitpunkt der Regenzeit beeinflusst. Ein spéterer Startzeitpunkt der Regenzeit flhrt zu
Ernteverlusten (im Durchschnitt etwa 1.5% je 5 Tage Verzdgerung), was die Bedeutung einer
auf den Startzeitpunkt der Regenzeit ausgerichteten Aussaat unterstreicht. In Regionen mit
bimodalen Regenregimen wurde die Saisonalitat des Niederschlags (also die monatliche
Verteilung der Niederschldge) als Haupteinflussfaktor der Getreideproduktion identifiziert. In
diesen Regionen kénnten Massnahmen zur langerfristigen Erhaltung der Bodenfeuchte eine

ertragreichere Getreideproduktion sichern.

Im dritten Teil habe ich das wasserbegrenzte, erreichbare Ertragspotenzial (AY) fur
landwirtschaftliche Flachen in Athiopien bewertet. Dazu wurde ein agrohydrologisches Modell
entwickelt, das klimatische, hydrologische und agrarische Interaktionen kombiniert und auf
gegenwartige und zukinftige Klimaszenarien angewendet. Mithilfe regionaler Variationen
basierend auf den regionalen klimatischen Regimen, wurde der durchschnittliche AY fir die
Hauptanbausaison (Meher) und die kurze Anbausaison (Belg) mit 79% bzw. 37% (des nicht
wasserbegrenzten Ertragspotenzials) bestimmt. Die prognostizierten klimabedingten
Veranderungen des AY in Meher-produzierenden Regionen reichen von -5% bis 5%, wobei in
semiariden Regionen erhebliche Abnahmen hauptsdachlich unter dem Szenario hoher
Emissionen bis zum Ende des Jahrhunderts beobachtet werden. Im Gegensatz dazu werden in

Belg-produzierenden Regionen bis zum Ende des Jahrhunderts erhebliche Zunahmen des AY

iv
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um bis zu 20% erwartet. Ausserdem wurde eine erhebliche Ertragslicke zwischen
tatsdchlichem und wasserbegrenztem Ertrag identifiziert, was die Notwendigkeit betont, griine
Wasserbewirtschaftungsstrategien mit verbesserten agronomischen Praktiken umzusetzen, um

diese zu erwartende Ertragsliicken zu schliel3en.

Letztendlich wurden das aktuelle Potenzial und die Auswirkungen zukinftiger Verdnderungen
der agrodkologischen Eignung von Kulturpflanzen in der RFA-Region Athiopiens mithilfe
eines numerischen Modells zur Beurteilung der Eignung von Anbauflédchen untersucht. Dieses
Modell basiert auf Beziehungen zwischen beobachtetem Getreideertrag und verschiedenen
Klima- und Bodenfaktoren. Sorghum wurde als die vielseitigste Kulturpflanze identifiziert,
wobei fast zwei Drittel der bewirtschaftbaren RFA-Flachen geeignet sind, gefolgt von Teff und
Mais, flr die jeweils mehr als die Halfte der bewirtschaftbaren RFA-Flachen geeignet ist.
Weizen ist die am wenigsten vielseitige Kulturpflanze mit weniger als einem Drittel der
bewirtschaftbaren RFA-Flachen, die dafur geeignet ist. Es ist zu erwarten, dass der
Klimawandel die zukinftige Eignung von Anbauland erheblich beeinflussen wird. Die
prognostizierten Auswirkungen umfassen Verschiebungen von Tiefland- zu Hochlandgebieten
fur Mais und Hirse sowie Verluste an geeigneten Flachen fir Teff und Weizen. Diese
Auswirkungen haben grundlegende Konsequenzen fur die zukunftige Verfligbarkeit von
Anbaufliachen in Athiopien und unterstreichen die dringende Notwendigkeit nachhaltiger

Anpassungspléne und Agrarpolitik.
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Chapter

Introduction

1.1. Background

1.1.1. Agriculture and sustainable development

Agriculture is at the center of global development topics, and one of the top prioritized sectors
for the achievement of the United Nations (UN) Sustainable Development Goal (SDG) of the
Agenda 2030 (Rockstrom et al., 2010). On one hand, it is an indispensable sector that is key
for global food security, as emphasized by SDG 2 (UN, 2015), which envisages the eradication
of hunger, ensuring food security, improving nutrition, and promoting sustainable agriculture
(Fig. 1.1). In the long-term, global food production should sustainably intensify in order to the
feed the growing global population, projected to reach 9.8 billion by 2050 (FAO, 2023). On
the other hand, the development of the agriculture sector is crucial for economic growth of

nations and livelihoods of the majority of the rural population (World Bank, 2003).

A recent report by the United Nations Development Program (UNDP) and Oxford Poverty and
Human Development Initiatives (OPHI) shows that an estimated 84% of the all poor people
across the globe live in rural areas (UNDP and OPHI, 2023), with the highest number residing
in Sub-Saharan Africa (~445 million) followed by Southeast Asia (~340 million). In Ethiopia,
the nation with an estimated population of over 107 million (CSA, 2023), a World Bank survey
in 2016 showed that the poverty rate (the percentage of population living on less than US$1.9
per person per day) in the rural area was 26%, which is over 21 million people (World Bank,
2020). Because of the strong reliance of the rural population on agriculture, poverty rate is
highest in the agricultural sector (Castafieda et al., 2016; World Bank, 2022). Development of
the agriculture sector is thus considered as a fundamental step towards the eradication of

poverty (SDG 1), especially in rural areas (FAO, 2015a).
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Fig. 1.1: Summary sketch illustrating the various dimensions of agriculture-centered development goals and
highlighting the multiple challenges impeding their achievement, as conceptualized based on the literature used

in this chapter). NDCs: Nationally Determined Contributions, SGDs: Sustainable Development Goals

1.1.2. Trends in global cereal production and regional disparities

Global food production has undergone significant increases over the past decades. For
example, over the last 30 years (1992-2021), per capita cereal production (global average is
704 kg per person per year) has been rising by 7 kg every year, while cereal crop yields (global
average is 3.2 ton/ha) have been increasing at a rate of 0.06 ton/ha per year (Ritchie et al., 2023)

due to improvements in agricultural inputs and technologies as well as expansion of croplands.
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However, these developments are marked by noticeable regional disparities. While agro-
environmental resource (climate, soil, water, light and plant genetics) limitations
fundamentally determine agricultural productivity of regions, the institutional dimension is
also a decisive factor of the development of these agro-environmental resources and the
improvement of productivity (Glover et al., 2019; Ofori et al., 2021; von Braun and Birner,
2017). Agricultural technology utilization, policies and regulations (including subsidies and
market pricing), financial investment, and political commitment (governance), among others,
are the key aspects of institutional dimensions that influence agricultural productivity (Godfray
etal., 2010).

In the context of Africa, institutional capacity and governance is major limitation to agricultural
productivity (Benin et al., 2016; Byerlee et al., 2007; Conway and Schipper, 2011; Vogel et
al., 2019). Referring back to the global agricultural production data from Our World in Data
(Ritchie et al., 2023), we find that the average per capita cereal production in Africa,
considering the last three decades (1993-2021), is 152 kg (only 20% of the global average), the
lowest in the world. Similarly, the average cereal crop yield of 1.5 ton/ha, which is also the
lowest and 44% of the global average, is recorded in Africa. In countries where policies and
institutional initiatives facilitating better agricultural inputs, extension services and the
expansion of croplands were in place, promising performances have been witnessed (OECD
and FAO, 2016). In Ethiopia, for example, per capita cereal production has been increasing at
6 kg per year, close to the global average rate, while cereal crop yield has been increasing at
0.07 ton/ha per year (more than the global growth rate). Nevertheless, both the average per
capita production and yield (182 kg/person and 1.7 ton/ha) are still much lower than the global
average (Ritchie et al., 2023), highlighting the urgent need to address institutional, technical
and technological constraints to increase productivity (Hillocks, 2014).

1.1.3. Crop production under global change

The efforts to ensure future food security and alleviate poverty also face significant challenges
from ongoing and emerging global changes, particularly climate change, land degradation, and
conflicts (Hirons et al., 2020; Manaye et al., 2023; Pravilie et al., 2021; Rosenzweig et al.,
2014; Tenzing and Conway, 2023; Webb et al., 2017). East Africa in general and Ethiopia in
particular is exceptionally prone to drought (Masih et al., 2014), with a longstanding history of

drought-conflict co-occurrences (Anderson et al., 2021; Raleigh and Kniveton, 2012). The
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frequency of these events has demostrateably increased over the recent decades (Kimutai et al.,
2022; Palmer et al., 2023) and is projected to rise further under future climate conditions
(Ahmadalipour et al., 2019; Haile et al., 2020), amplifying both their occurrence and overall

risk.

Climate impacts and risks in agriculture are primarily associated with increases in temperature
and rainfall uncertainty (FAO, 2008). The effects of temperature are two-fold: firstly, it defines
the agroecological limits of crops through thermal stress effects (Burke et al., 2009; Eyshi
Rezaei et al., 2015), and secondly, it determines crop water demand through evapotranspiration
(Allen et al., 1998). Additionally, changes in temperature have been observed to impose
external challenges, including pest and disease pressure (L. Schneider et al., 2022; Singh et al.,
2023), and result in major postharvest losses (Tefera, 2012). On the other hand, rainfall
determines crop water supply, either directly in the form of green water (soil moisture
recharged from infiltrated rainfall) in rainfed systems, or indirectly in the form of blue water
from surface and groundwater resources in irrigated systems (Chiarelli et al., 2020; FAO, 2018;
Rosaet al., 2018). It is notable that at least three-quarters of the global cropland is under rainfed
agriculture (RFA), which relies on green water flow, producing nearly 60% of the global food
crops (Molden, 2007; Rockstrom et al., 2009). In Sub-Saharan Africa (SSA) in general, and in
Ethiopia in particular, smallholder farms (landholding of 2 hectares or less) dominate food
production, with about 95% of the cropland under RFA practices (FAO, 2015b; Mutimura et
al., 2018).

1.1.4. Rainfed agriculture and future food and livelihood security in Africa

There is a widespread argument that RFA has the potential to generate sufficient food for the
global population if the current green water productivity is enhanced (e.g., Falkenmark, 2013;
Mekonnen and Hoekstra, 2011; Molden, 2007b; Rockstrom et al., 2009; Sposito, 2013).
Improved green water management also includes the co-management of green and blue water
resources, for example through supplementary irrigation and water harvesting, in order to
increase and stabilize yields (Rockstrom et al., 2009; Studer, 2021). However, investments in
agricultural water management in SSA, from both private and public sectors, have
disproportionately favored irrigated agriculture, undermining the development of the RFA
sector (Abrams, 2018; Leal Filho et al., 2022).




1.1 Background

This bias arises from the perception that irrigated agriculture carries lower risk and higher
productivity compared to rainfed systems, where water availability is largely uncertain during
the growing season, leading to higher yield fluctuation and risk of under-productivity
(Falkenmark, 2013). In fact, Africa has still immense irrigation potential that could be
developed to complement the rainfed systems in order to boost agricultural production on the
continent (Altchenko and Villholth, 2015; You et al., 2011). Nevertheless, there are physical,
socioeconomic and environmental sustainability considerations that necessitate RFA receive
equal if not more attention (Abrams, 2018; Molden, 2007a).

One crucial consideration that should be made in agricultural water management policies and
regulations is to acknowledge the fact that not every plot can be irrigated due to physical blue
water scarcity and topographic constraints (Falkenmark, 2013). Conversely, improved green
water management is needed at every plot, even in conditions of excess rainfall, to maintain
optimal green water availability and to maximize crop productivity (Borgomeo et al., 2020).
Public sector investments in agricultural water management in regions like SSA, where
economic water scarcity is widespread (Liu et al., 2017; Rosa et al., 2020), need to be efficient
and fair to achieve the food security and poverty reduction targets (Cooper et al., 2008). In this
regard, investment in RFA systems development is believed to be more effective both in terms
of cost and anticipated benefits leading to yield enhancement (Abrams, 2018). Unlike irrigated
agriculture, which is associated with various environmental impacts such as blue water
withdrawal with no or less return flow and soil salinization (Poore and Nemecek, 2018), green
water management largely brings environmental benefits, especially in terms of soil

conservation and soil regeneration (Descheemaeker, 2020; Hurni, 2016; Studer, 2021).

In summary, green water management is crucial for enhancing crop yields, thereby improving
food security and incomes for smallholder farmers. In the long term, this contributes to building
household resilience and collectively supports the achievement of sustainable development
goals at both national and global scales. Despite this potential, addressing the impacts of
climate change requires additional considerations (Fig. 1.1). It is widely agreed that tackling
this issue necessitates coordinated, committed, and continuous efforts from multiple actors in
science, practice, and governance, with farmers at the center (e.g., Anderson et al., 2020;
Howden et al., 2007; Studer, 2021). These efforts are crucial for creating a better understanding
of problems and pursuing of solutions through participatory research, future scenario analysis,
co-creation of knowledge, development and adoption of technologies, and the establishment of
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institutional, policy, and regulatory frameworks that facilitate sustainable practices (OECD,
2023). Our knowledge and information on weather and climate dynamics, and their influences
on crops at various spatial and temporal scales, form one of the key parts of the holistic efforts
toward building climate-resilient RFA systems.

The purpose of this thesis is to provide in-depth analyses of the climate-crop and climate-
agroecological relationships (the agro-environmental dimension in Fig. 1.1) to inform climate
risk and water management planning, decisions and policy making in the context of Ethiopia.
Due focus is given to research gaps that are crucial for nationally determined contributions to
SDGs and long-term agricultural transformation, as well as national climate adaptation plans

in Ethiopia.
1.2. State of research and gaps

1.2.1. Global datasets for agro-environmental applications

High quality climate data is a prerequisite for agro-environmental research and operational
activities. Over the last three decades, mainly following the advent of satellite remote sensing
technologies, several global, quasi-global, and regional gridded datasets have been developed,
offering spatio-temporally continuous fields of climate variables (e.g., Beck et al., 2019; Funk
et al., 2015; Harris et al., 2020; Hersbach et al., 2020; Karger et al., 2020; Mufioz-Sabater et
al., 2021; Saha et al., 2010; Sheffield et al., 2006; Tang et al., 2022; Verdin et al., 2020). These
datasets, mainly precipitation, can be categorized based on underlying data sources and
techniques used to generate them as: satellite estimates, gauge-interpolated, combined gauge
and satellite estimates, reanalysis, and merged multi-source products (Degefu et al., 2022). The
availability of gridded datasets has significantly overcome data limitations in data-scarce
regions (Dembele et al., 2020; Sheffield et al., 2018). Additionally, the spatial and temporal
continuity of these datasets has enabled a wide range of research and operational activities
across various sectors, including agriculture, at local to global scales (Joseph et al., 2020;
Pradhan et al., 2022).

One of the most relevant applications of gridded datasets is the analysis of rainfall variability
and its teleconnections with sea surface temperature (SST) anomalies and oceanic phenomena.
This is particularly evident in the context of Ethiopia and East Africa where distinct behaviors

of the rainy seasons are significantly influenced by these teleconnections (Alhamshry et al.,
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2020; Broman et al., 2020; Degefu et al., 2017; Dubache et al., 2019; Gleixner et al., 2017;
Taye et al., 2021; Viste and Sorteberg, 2013; Zaitchik, 2017). These studies suggest that wetter
than normal rainfall conditions during June to September (kiremt) across the main producing
regions (central, western, and northwestern parts) of Ethiopia are largely associated with
negative Equatorial Pacific and Tropical Atlantic SST anomalies, and vice versa. Conversely,
the rainfall climate over the southern and southeastern parts of the country during February to
May (Belg) is positively correlated with Equatorial Pacific SST and Indian Ocean Dipole. This
understanding has improved the predictions of rainfall by enhancing the forecast skills of

seasonal forecast models (Ehsan et al., 2021; Taye et al., 2021).

Gridded climate datasets have played a crucial role in characterizing past and recent drought
episodes in a spatially explicit way (Agutu et al., 2020; Alasow et al., 2023; Degefu and
Bewket, 2023; Gebrechorkos et al., 2020; Gebremeskel Haile et al., 2020; Philip et al., 2018;
Tierney et al., 2015; Viste et al., 2013). Past studies found increased drought frequency,
duration and impacts since 1980s, particularly in the recent years (Kimutai et al., 2022), with a
projected intensification in the future (Haile et al., 2020) over the East African region. Such
gridded climate datasets provide great potential for the analysis of climate-induced
uncertainties and risks in crop production (Kamali et al., 2022, 2018a), for assessing the
vulnerability of the agricultural sector (Kamali et al., 2018b; Shukla et al., 2021), identifying
hotspot areas for prioritized risk management and response actions. Local response actions in
agriculture require information at high spatial details, derived from high-resolution, accurate

climate datasets.

Gap 1: We need to enhance the accuracy and spatial resolution of gridded climate

datasets for local applications in agrometeorological research and practice.

Despite the indispensable value of gridded climate datasets in data-scarce countries like
Ethiopia, there are limitations in accuracy and spatial resolution. These features are particularly
crucial in agrometeorological operational and research exercises, where accurate climate
information is needed for local-level decision-making (Dinku et al., 2014; RICCAR, 2022).
Specifically, good quality data of precipitation and temperature, which primarily determine
atmospheric moisture supply and demand, are needed to extract useful information from them
(Dembele et al., 2020; Lobell and Burke, 2008).
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The accuracy of gridded datasets is influenced by the quality and availability of the station
observations used in the station-interpolated gridded dataset and the uncertainty in the satellite
observations assimilated into the satellite-based and reanalysis products (Joseph et al., 2020).
To make these datasets suitable for local applications, it is essential to balance the tradeoffs
between spatial continuity and data accuracy. This can be achieved by incorporating local
climate statistics (Chaney et al., 2014; Collins, 2011; Dinku et al., 2018b). Such an approach
is particularly crucial for addressing data quality issues, especially for variables like air
temperature, which is currently limited in terms of availability and spatial resolution compared

to precipitation datasets (Dembele et al., 2020).
1.2.2. Climate risk reduction in crop production through informed actions

As the triple challenges of food security, poverty, and climate vulnerability, strongly linked to
smallholder RFA systems in SSA, become increasingly urgent in the face of climate change,
the importance of climate information for strategic planning and decision-making becomes
paramount (Simpson et al., 2021; Trisos et al., 2022). The types of information needed differ
across scales. At the national level, climate information is essential for designing agricultural
policy frameworks that encompass broader responses, such as finance, infrastructure,
institutional setup, and agricultural services, including climate services, that facilitate decisions

and actions toward building climate-resilient agricultural systems (Howden et al., 2007).

The climate information needed for informed actions at national scale is primarily aimed for a
broader understanding of the system across the geographic domain and long-term changes in
time, through impact, adaptation, and risk management researches based on state-of-the-art
climate data analyses, crop-climate modelling, and field investigations (Cooper et al., 2008).
Alongside long-term impact information, local decisions, on the other hand, mostly rely on
daily to monthly forecast information. This type of information is crucial for farmers to
schedule their agricultural operations (Antwi-Agyei et al., 2021; Chiputwa et al., 2022).

Nevertheless, the use of climate information faces challenges due to systemic barriers in its
production and utilization. Traditionally, information producers determine the purpose and
access of climate information, while users (such as farmers, planners, and policymakers) decide
whether to use it based on their awareness, experience, usefulness of the information, and trust.

This dynamic undermines the anticipated impacts on the ground (Tall et al., 2018; Vogel et al.,




1.2 State of research and gaps

2019). In recent climate service practices, the principles of co-production, representing non-
linear processes where stakeholders actively participate in the production of climate
information, have been proposed and implemented to demonstrate promising impacts (Conway
and Vincent, 2021; Dinku et al., 2022). Co-production of climate information not only
enhances transparency and trust in the climate information production, thereby creating
demand and promoting its uptake, but also improves the climate information production

process itself through stakeholder engagement (Grossi and Dinku, 2022a, 2022b).

Among the most crucial climate information for rainfed farmers are the timing and temporal
distribution of growing season rainfall, as these directly influence moisture availability during
the growing period to cover crop water requirements (Guan et al., 2015; Torres et al., 2019).
The occurrence of pre-onset rain events serves as a crucial signal for smallholder farmers in
Ethiopia, indicating when it is time to commence tillage operations for subsequent planting
(Temesgen et al., 2008). The subsequent onset of the rainy season marks the typical planting
time for major cereals such as maize, sorghum, barley, and wheat (Ademe et al., 2020; Lala et
al., 2021). Delays in the rainy season serve as an early indication of subsequent dry spell
periods and potential drought conditions (Kimutai et al., 2022; Raes et al., 2004). The temporal
distribution (seasonality) of rainfall over the year determines crop water stress conditions at
various growth stages, and in turn, it influences the final crop yield (Barron et al., 2003; Prasad
etal., 2018).

The onset of the rainy season in Ethiopia is closely correlated with the low-frequency climate
signals in oceanic and atmospheric variables. In their prediction of the June to September
rainfall (kiremt) over Ethiopia, Lala et al. (2020) identified geopotential height and sea level
pressure over the eastern Mediterranean and the Red Sea as important predictors of the rainy
season onset. Interestingly, they also reported that the association between SST and kiremt
rainfall onset is insignificant. This is in contrast to the significant correlation observed between
anomalies of kiremt rainfall magnitude and SST anomalies over various regions of the Pacific,
Atlantic (including the Gulf of Guinea), and Indian Oceans (Alhamshry et al., 2019; Diro et
al., 2011a; Korecha and Barnston, 2007; Segele and Lamb, 2005; Seleshi and Camberlin,
2006). This difference in the teleconnections of rainfall timing and amount with oceanic and
atmospheric variables offers the possibility of separate forecasts for the rainy season onset and
the expected amount, both of which are highly relevant climate information in order to support

farmers’ informed actions.




1.2 State of research and gaps

Gap 2: The impacts of rainfall seasonality and timing on crop production across the RFA

region of Ethiopia has not been adequately quantified.

The focus of previous studies (e.g., Kebede et al., 2017; Omay et al., 2023; Segele and Lamb,
2005) has predominantly been on characterizing the onset of growing season rainfall. However,
the impacts on crop yield and associated risks stemming from variabilities in the temporal
characteristics of growing season rainfall such as the onset, cessation, and seasonality, can vary
across regions. Similarly, the agronomic and water management measures required to offset
the impacts of delays in the rainy season, as well as the erratic distribution of rainfall during
the growing period are likely to vary. To be able to propose effective measures, we need to

understand the impact that variability in temporal characteristics of rainfall may have on crops.

One such measure involves selecting the planting date based on the rainy season onset to align
the growing period with optimal conditions, ensuring that the crop receives sufficient moisture
throughout its growth cycle (Lala et al., 2021; Minoli et al., 2022). This aspect of rainfall-crop
relationship should be thoroughly investigated at local scales and the resulting information

should be integrated into climate services or provided through extension services.
1.2.3. Enhancing water-limited yields in smallholder rainfed farming systems

Crop yield is the function of three levels of factors (Lobell et al., 2009; van Ittersum et al.,
2013): The first level consists of the primary defining factors, namely, temperature, radiation,
light, atmospheric CO. and cultivar characteristics. These dictate the theoretical (potential)
yield when crops are grown under optimally provided water and nutrients, and fully controlled
biotic stresses like weeds, pests and diseases. The second level factors, water and nutrients, are
considered as yield limiting factors. In rainfed and deficit-irrigated systems with optimal
nutrient supply and biotic stresses fully controlled, the maximum yield that can be attained
under these conditions is considered as the water-limited yield potential. The third level
encompasses biotic factors, also known as yield reducing factors. These controllable factors

determine the actual yield depending on how farmers manage their crops.

The limitations of rainfall in rainfed systems are related mainly to characteristics such as
rainfall depth, intensity, and duration at the event scale, as well as timing, cumulative amount,
and temporal distribution at the seasonal scale (Porporato et al., 2004). Biophysical factors such

as soil properties, terrain slope, and surface characteristics, influence the partitioning of
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incoming rainfall between surface runoff and infiltration—the component constituting green
water that crops access, and deep percolation that recharges groundwater (Falkenmark and
Rockstrom, 2004; Rockstrom and Falkenmark, 2000). The extent to which available green
water satisfies crop water needs and atmospheric evaporative demand determines crop water

stress and, subsequently, water-limited yields (Barron et al., 2003; Hatfield and Dold, 2019).

To reduce crop water stress, management interventions that are currently in practice focus on
modifying biophysical factors. Water harvesting (retaining) techniques allow, among other
benefits, for the diversion of more rainwater to infiltration, thereby increasing green water
storage (Hurni, 2016; Makurira et al., 2009; Marval et al., 2022; Studer, 2021). Enhancing
green water use efficiency is in principle achievable through the shift of non-productive
evaporative loss to productive plant transpiration. This needs to be combined with improved
soil nutrient management and good crop protection, and improved crop variety that provides
high harvest index, i.e., yield to biomass ratio (Falkenmark, 2013; Rockstrom, 2003;
Rockstrom et al., 2009; Studer, 2021). Furthermore, agronomic measures such as rainfall onset-
informed planting, as discussed earlier, can significantly boost seasonal green water use and
reduce water-limited yield gaps (Fatima et al., 2020; Lala et al., 2021).

Gap 3: The current potential and climate-driven changes in water-limited yields for

sustainable intensification of RFA in Ethiopia has not been analyzed in depth.

Yield gaps in rainfed systems, which is the difference between the water-limited yield and
actual yield, can be very large in countries like Ethiopia (Van Ittersum et al., 2016). This
underscores significant untapped potential crucial for achieving a country's development goals
(FAO, 2015b; Godfray et al., 2010). Van Dijk et al. (2020) identify four components
contributing to yield gaps that hinder reaching the water-limited yield. These components
include technical efficiency yield gaps arising from agro-environmental resource management
inefficiencies, allocative yield gaps caused by limited resource allocation, economic yield gaps
related to issues in the production-marketing chain, and technological yield gaps resulting from
a lack of appropriate technology. In addition to these gaps, climate change is anticipated to
exacerbate rainfall variability and uncertainty, and intensify atmospheric evaporative demand,
further reducing the attainable water-limited yield (Burke et al., 2009; Getnet et al., 2022;
Rosenzweig et al., 2014; Van Ittersum et al., 2016). Therefore, understanding the current water-

limited yield potential and its changes under future climates is of paramount importance for
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sustainable RFA intensification and the planning of adaptation actions. In this regard, the
Global Agro-Ecological Zones (GAEZ) database (Fischer et al., 2021), developed jointly by
the International Institute for Applied Systems Analysis (IIASA) and the Food and Agriculture
Organization (FAQ), offers extensive agroecological spatial datasets worldwide, encompassing
agro-environmental resource distribution, crop production suitability, and potential yield at a
grid scale. However, in-depth analyses incorporating state-of-the-art input data and modeling

techniques are needed to deepen our understanding of specific contexts, such as Ethiopia.
1.2.4. Adaptation to agroecological shifts under changing climate

Crop production challenges are often viewed from the yield gap perspective, which is
influenced by water and nutrient availability as well as crop management to control various
yield-reducing elements (lttersum et al., 2013; Rong et al., 2021; Zhao et al., 2017). However,
agroecological condition is also a key perspective determining cropland availability. The yield-
defining factors, particularly temperature, constrain crop yield through their influence on crop
physiology (Minoli et al., 2022; Ramankutty et al., 2002). As a result, crops can only survive
within a specific temperature range, limiting also the topographic extent of a crop (Hatfield and
Prueger, 2015; Zabel et al., 2014). In dry areas where irrigation systems cannot be established
due to physical and economic water scarcity, rainfall climate also becomes a defining factor

for crop niches (Kazemi and Akinci, 2018; Mesgaran et al., 2017).

Climatic factors combined with soil and topographic characteristics describe the suitability of
agroecological zones for a specific crop. Steep topographic slopes are less suitable for crop
cultivation due to the shallow root zone depth that the soil can provide, severe soil erosion risk,
and inconvenience for agricultural operation (Ebabu et al., 2023; Eweg et al., 1998; Hurni et
al., 2010). Croplands that are topographically suitable, exhibit various soil physical, chemical
and biological properties that further influence their suitability. For example, soil texture,
structure, and organic matter content govern water flow, storage in the soil, and consequently,
water availability (Bonetti et al., 2021; Fatichi et al., 2016b; Pan et al., 2021). Soil salinity
(commonly found in irrigated areas), acidity, and alkalinity represent major soil-related
agroecological limitations that undermine cropland productivity, posing a significant challenge
in Ethiopia as well (Desta et al., 2021; Ivushkin et al., 2019; Qureshi et al., 2019).
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It is widely reported that climate change impacts on agroecological conditions is a major threat
to the future global food production (Burke et al., 2009; Kummu et al., 2021; Lesk et al., 2022;
J. M. Schneider et al., 2022b; Zabel et al., 2014). This involves a notable redistribution of
global cropland, with a high risk of suitability losses in the tropics and an advantage of
suitability gains in temperate regions, primarily following temperature warming (Kummu et
al., 2021; Mbow et al., 2019; Ofori et al., 2021; Trisos et al., 2022). Additionally, cropland
productivity faces increasing risks due to the combined pressures of a growing population and
extreme climatic events that lead to land degradation (Muir and Smith, 2023; Webb et al.,
2017). In summary, even though currently cultivated cropland of Ethiopia is known (Hurni,
1998), the potentially suitable crop agroecologies and how they will change in the future is
largely unknown. This limits effective adaptation and local mitigation actions to minimize risks

and increase resilience.

Gap 4: An in-depth understanding of the potential suitability of cropland and the

foreseeable impacts of climate change for adaptation planning in Ethiopia is missing

To achieve the adaptation and resilience-building goals in rainfed systems in Ethiopia, future
management interventions need to be comprehensive (Mbow et al., 2019), considering both
agronomic and agroecological challenges. In this regard, understanding the untapped potential
and challenges posed by climate change is crucial for informed adaptation planning and
decision-making. Previous studies in this direction in Ethiopia were often limited by data
availability and quality (Evangelista et al., 2013), with some focusing on local-scale
assessments (e.g., Abebe et al., 2023; Gebresamuel et al., 2022). | believe the use of state-of-
the-art climate and soil datasets offers a unique opportunity to analyze the limitations of key

climatic and soil factors for present and future cropland suitability for multiple crops.
1.3. Research questions

In light of the research gaps identified in section 1.2, this thesis aims to address the following

four general research questions (RQ).

RQ 1: How can we utilize low-quality station temperature observations for adjusting
statistical biases and enhancing spatial details in gridded climate datasets for local

applications?
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To address this question, a statistical bias adjustment and downscaling framework that
assimilates quality-controlled statistical information from ground station observations into
gridded temperature datasets was developed. The framework involves the following main
steps: i) extraction of quality-controlled local temperature statistics (mean and standard
deviation) at monthly (climatology) and interannual timescales from networks of ground
stations; ii) spatial interpolation of the temperature statistics using a hybrid approach that
combines linear regression and inverse non-Euclidean distance weighting interpolation
techniques; iii) bias adjustment of the gridded global temperature using a two-step quantile
mapping bias-correction method; and iv) evaluation of the bias-adjusted dataset. This
framework was implemented to produce Bias-Corrected and Downscaled ERA5-Land (BCE5)
daily 2-m air temperature datasets at a 0.05° x 0.05° grid resolution with improved quality over
Ethiopia. BCE5 that covers the period 1981-2010 is compatible with widely used high-
resolution precipitation datasets like CHIRPS, making it suitable for a broad range of

environmental applications, such as hydrology, agriculture, and ecology.

RQ 2: What are the influences of rainfall timing and seasonality on seasonal crop
production and what implications do they have for agronomic and water management

decisions across the RFA region of Ethiopia?

This research question was addressed by: i) defining the rainfall timing attributes -- onset,
cessation and duration -- of the rainy season using cumulative rainfall anomaly curves, and
analyzing their temporal variabilities and changes; ii) determining the rainfall seasonality based
on an entropy-based dimensionless seasonality index representing the monthly distribution of
the annual rainfall; iii) performing correlation and regression analyses to assess the relationship
between crop production, and rainfall timing and seasonality. With these analyses the spatial
variabilities of the responses of the major cereal crops cultivated in Ethiopia -- teff, maize,
sorghum and wheat to these key temporal features of rainfall and based on the findings,

implications for agronomic and water management have been indicated.
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RQ 3: What is the current climatology of water-limited attainable yield potential under
RFA practices, and how is it expected to change under future climate conditions in
Ethiopia?

To address this question, an agrohydrological modelling framework was developed to simulate
climatic-hydrological-crop interactions. This framework was applied to both present and future
climates, derived from multiple Global Circulation Model (GCM) projections, to evaluate
current green water availability and water-limited yield potential for major crops and to assess
climate-driven changes during the growing seasons (June to September and February to May).
The relative influences of rainfall and atmospheric evaporative demand on the future changes
in water-limited yield potential was analyzed. The results are presented with a view towards
the potential for sustainable intensification and climate resilience building through sustainable

green water and soil management interventions.

RQ 4: What is the potential cropland suitability across the RFA region of Ethiopia and

how will it change under the projected future climate?

To address this question, cropland suitability indices were constructed using numerical
modelling approaches that integrate crop yield data with climatic and soil factors (texture, pH,
and soil organic carbon) for four major cereal crops cultivated in Ethiopia. The suitability
models were applied to soil factors and present and future climate data across the rainfed
agricultural region of Ethiopia to map potential suitability and analyze projected changes. The
produced potential suitability maps provide valuable insights that can guide the sustainable
intensification of major cereal crops in Ethiopia. The presented predictions of changes in
cropland suitability are crucial for adaptive land use and farm management planning,

considering the climate and location contexts.
1.4.  Thesis structure

This thesis addresses the formulated research questions in the following chapters 2 — 5 (see

Fig. 1.2) by four research articles, followed by a conclusion in chapter 6.

In Chapter 2, the framework for bias correction and downscaling of temperature datasets in
data-scarce regions (RQ 1), along with the resulting BCES dataset: “Gridded daily 2-m air
temperature dataset for Ethiopia derived by debiasing and downscaling ERA5-Land for the
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period 1981-2010”, which was published by Wakjira et al. in Data in Brief is presented. The

performance of the dataset and the utility of poor-quality station-observed temperature data is
discussed. The open-access BCES data served as the reference temperature climate in the works
presented in Chapters 4 and 5.

Chapter 2: Data limitations

Can we utilize low-quality station
observations to improve gridded global
datasets like temperature and how?

~ | Chapter 3: Rainfall regime and RFA
How do rainfall timing and seasonality
influence seasonal crop yield and how
will this shape farm management
practices?
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Chapter 4: Water andyield gaps
What is yield potential of green water
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| Chapter 5: Agroecology and climate
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Fig. 1.2: Sketch of the thesis structure summarizing the research questions and the scope of the research. The
background photo is from Wheat fields in the Arsi highlands, Ethiopia, 2015. (Photo: CIMMYT/ Peter Lowe).
Link

In Chapter 3, the assessments of rainy season onset, cessation, duration and seasonality, and
their effects on cereal crops produced in Ethiopia (RQ 2) are covered. The agronomic and water
management implications of the influences in different rainfall regime across the RFA region
of Ethiopia are highlighted. The research article was published as “Rainfall seasonality and

timing: implications for cereal crop production in Ethiopia”, by Wakjira et al. in Agricultural

and Forest Meteorology.

In Chapter 4, RQ 3 is addressed by assessing the present climatology and future changes in
green water availability and water-limited attainable yield. The relative influences of rainfall
supply and evaporative demand on water-limited attainable yield are examined and it is

discussed how these factors influence the adoption of adaptive water practices are examined.

16


https://doi.org/10.1016/j.dib.2022.108844
https://doi.org/10.3929/ethz-b-000546574
https://www.cimmyt.org/news/rust-resistant-bread-wheat-varieties-widely-adopted-in-ethiopia/
https://doi.org/10.1016/j.agrformet.2021.108633
https://doi.org/10.1016/j.agrformet.2021.108633

1.4 Thesis structure

The manuscript for this chapter is currently under preparation by Wakjira et al. for submission

to Hydrology and Earth Systems Science.

In Chapter 5, the climate- and soil-defined potential cropland suitability under the present
climate, and climate-driven future changes (RQ 4) is evaluated. The modes of changes in
cropland suitability (altitudinal shifts and areal changes) are assessed. Rainfall and temperature
sensitivity of the changes are also analyzed. The research article has been submitted as
“Climate-driven changes in cropland suitability for cereal production across the rainfed

agricultural landscapes of Ethiopia” by Wakjira et al. to Agricultural and Forest Meteorology.

In Chapter 6, the summary of the works covered in this thesis is presented, followed by a
discussion on the scientific and practical relevance of this research. Finally, the limitations of

the research and an outlook in the topic are presented
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Chapter

Gridded daily 2-m air temperature dataset for
Ethiopia derived by debiasing and downscaling
ERAS5-Land for the period 1981-2010

Author
Mosisa Tujuba Wakjira

Co-authors
Nadav Peleg, Paolo Burlando and Peter Molnar

Published in Data in Brief
Published online on 20 December 2022

Key finding
e Low-quality station observation data were systematically integrated with the ERA5-Land dataset.
e A temperature dataset with higher accuracy and spatial resolution was produced for Ethiopia.
e The new dataset has 68% more accuracy than the original ERA5-Land for maximum temperature.
e The uncertainty associated with data gaps in station observations was less than 0.25°C.

Author’s contributions
Conceptualization, data collection and preprocessing, methodology, discussion, original draft,
preparation, revision.

Co-authors’ contributions
N. Peleg: methodology, discussion, reviewing and editing. P. Burlando: discussion, review and editing.
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Specifications table

Subject

Earth and planetary science

Specific subject

Climate science, meteorology, hydrology, agriculture, forestry, and human and

area environmental-related subjects
Raw

Type of data
Analyzed
Derived

were acquired

How the data

(1) Spatial downscaling of the raw ERA5-Land (ERA5L) maximum (Tx) and
minimum (Tn) temperature from 0.1° x 0.1° to 0.05° x 0.05° using bilinear
interpolation; (2) Spatial interpolation of the observed Tx and Tn statistics (mean
and standard deviation) at 154 stations using an inverse generalized distance
weighting technique; (3) Quantile mapping to adjust the statistical biases in the
downscaled ERA5SL Tx and Tn using the transfer function constructed from the
observed temperature field; and (4) Evaluation of the dataset using the Leave-One-
Out Cross-Validation method.

Data format

Figure
Table
Image

NetCDF

Description
data collection

of

The daily temperature records for Ethiopia used as a reference for bias correction
and spatial downscaling were obtained from 154 In-situ OBServed (IOBS) climate
stations with record lengths ranging from 5 to 30 years between the period 1981-
2010. The raw daily ERASL Tx and Tn were retrieved from the hourly ERA5L 2-
m air temperature.
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Data source
location

Raw ERAS5L Tx and Tn dataset source:

e Institution: European Center for Medium-Range Weather Forecast (ECMWF)
o Data center: Copernicus Climate Change Service (C3S) Climate Data Store
(CDS)

e Website: https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-eras-
land?tab=form

Observed Tx and Tn data source for stations in Ethiopia:

o Institution: National Meteorological Service Agency of Ethiopia
e City: Addis Ababa
e Country: Ethiopia

Observed Tx and Tn data source for stations in the neighboring countries:

o Institution: National Oceanic and Atmospheric Administration (NOAA)

o Dataset: Global Historical Climatology Network (GHCN) daily

o \Website: https://www.ncei.noaa.gov/products/land-based-station/global-
historical-climatology-network-daily

Data
accessibility

Dataset file name: BCES5.zip
Repository name: ETH Zurich Research Collection

Data identification number: 10.3929/ethz-b-000546574

Direct permanent URL to data: https://doi.org/10.3929/ethz-b-000546574

Value of the data

e The Bias-Corrected ERA5-Land (hereafter BCES) temperature data is downscaled to a spatial

resolution that matches common gridded precipitation products (such as the CHIRPS rainfall).

Thus, it is highly convenient for use in combination with these datasets in a wide range of

applications at national, regional, catchment and local scales.

e Compared to the raw ERASL, BCES has an improved accuracy that is assimilated from the

local temperature gradient at 154 ground observation stations, because the temperature statistics

from the stations provide an unprecedented local temperature space-time variation for Ethiopia

not incorporated in other gridded temperature datasets.
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2.1 Data description

e The mean absolute errors in the BCE5 daily climatology are about 0.7°C for Tx and 1.1°C for
Tn, reducing the statistical biases in the ERA5L Tx and Tn by 68% and 25% respectively. For
monthly climatology, 40 - 64% of the biases were removed for Tx and while for Tn the
reductions range from 19 - 32%.

e The BCES dataset is useful for researchers, practitioners, planners and decision-makers in
various disciplines, for instance, agriculture, hydrology, and ecology, where weather and
climate data are crucial.

e In particular, it can be used in climate impact assessment, heatwave and drought assessment,
catchment hydrological modelling, crop growth modelling and monitoring, agricultural water
management, water resources planning, ecological system monitoring, and understanding the

complex water-energy-food-environment nexus in Ethiopia.

2.1. Data description

2.1.1. The bias-corrected dataset

The bias-corrected temperature dataset presented in this paper has a spatial resolution of 0.05°
x 0.05°. It is available at daily time steps for the period 1981 — 2010 covering Ethiopia and
areas within 20 — 30 km (i.e., 4 — 6 grids) outside the boundary of Ethiopia. The data raster has
a geographic coordinate system (WGS 84). The data files are stored in NetCDF format -- a
self-describing file format with an extension .nc that can be read and written using
programming languages (Python, MATLAB, R, Ruby, IDL and Perl), programming interfaces
(C, C++, Java, and Fortran), and graphical user interfaces like GIS. The dataset file is named
“BCES5.nc” (stands for ‘Bias-Corrected ERA5-Land’) and has two climatic variables, the
maximum and minimum daily temperature in °C. The variables of the BCES5.nc file are as

follows:

“Lat” is latitude in decimal degrees with a dimension of 260 x1

e “Lon” is longitude in decimal degrees with a dimension of 340 x 1

e “Time” is a time variable in days from 1981-2010 with a dimension of 10957 x 1

e “Tmax” is the maximum daily temperature in °C with a dimension of 260 x 340 x 10957

e “Tmin” is the minimum daily temperature in °C with a dimension of 260 x 340 x 10957
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2.1 Data description

2.1.2. Input datasets

The input data used in the derivation of BCE5 are: the raw daily ERA5L Tx and Tn, the IOBS
Tx and Tn statistics, and the Shuttle Radar Topography Mission (SRTM) digital elevation data.
ERASL (Mufioz-Sabater et al., 2021) is a high-resolution reanalysis global dataset of several
land variables governing the water and energy cycles. It is produced by re-running the land
component of the European Center for Medium-Range Weather Forecast (ECMWF) ERA5S
climate model on an enhanced grid resolution (0.1° x 0.1°) at hourly time steps using the
atmospheric forcing from ERA5 (Hersbach et al., 2020) as inputs, covering the period from
1950 to 2-3 months before the present time. The period 1981-2010 was considered for the
derivation of the BCE5 dataset. The IOBS data at 146 stations were obtained from the National
Meteorological Service Agency (NMSA) of Ethiopia, while the data for additional 8 stations
in Eritrea, Kenya, South Sudan, and Sudan were collected from the Global Historical
Climatology Network (GHCN) daily dataset (Menne et al., 2012).

Fig. 2.1 shows the digital terrain model of Ethiopia and the neighboring countries, and the
spatial distribution of the IOBS stations. The I0OBS datasets have enormous data gaps, which
undermine the temporal continuity and overlapping of the time series. For this reason, the
derivation of the BCES dataset was based on the first and second-order temperature statistics,
rather than the complete IOBS temperature time series. The temperature data at the stations
where the record is available for 5-30 years in the period 1981-2010 were used for the
computation of the temperature statistics. The record length at the stations is indicated by the
colors of the circles in Fig. 2.1. The I0BS temperature datasets follow closely a Gaussian
distribution. This is illustrated in Fig. 2.2a and b, which indicate the probability density of the
daily maximum and minimum temperatures respectively, at each station in Ethiopia. Fig. 2.2c
reveals the estimates of uncertainties in the mean annual Tx and Tn temperature that is

associated with the differences in record length.
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2.1 Data description
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Fig. 2.1 The observed temperature station network used in this study and data record lengths in years (shown by
the colors of the circles) from 1981 to 2010. The background feature is the SRTM digital elevation model
(https://cgiarcsi.community/ last accessed in July 2021). The dashed lines show the approximate position of the
Great East African Rift Valley in Ethiopia.
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Fig. 2.2 Kernel densities of standardized a) maximum daily temperature (Tx) and b) minimum daily temperature
(Tn) at 146 10BS stations over the period 1981 — 2010. The thick blue kernels correspond to a standardized
normally distributed set of random numbers with a sample size equal to the record length of a 30-year daily
temperature dataset (n = 10957). ¢) The estimated errors (sampling uncertainties) arising from the differences in
record length based on the annual mean Tx and Tn.
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2.1 Data description

2.1.3. Performance of the dataset

The performances of the bias correction are indicated using error statistics — the mean absolute
error (MAE) and root mean squared error (RMSE), temperature extreme indices and Pearson
correlation coefficient. Table 2.1 presents the comparison of the error statistics for the daily
climatologies of the derived BCE5 Tx and Tn datasets, the validation dataset that is based on
the Leave-One-Out Cross Validation (LOOCV), the raw ERASL, and the Climate Hazards
group Infrared Temperature with Station (CHIRTS) — an independent gridded temperature
dataset of similar temporal and spatial resolution (Verdin et al., 2020). The error statistics
(MAE) for the monthly climatologies of BCE5, LOOCV, ERA5L and CHIRTS datasets are
displayed in Fig. 2.3 whereas the MAE for the annual Tx and Tn over the period 1981-2010 is
depicted in Fig. 2.4 Furthermore, the comparison of the extreme temperature indices, namely
the probabilities of warm days (Prob(Tx > 90™ percentile of Tx)), warm nights (Prob(Tn > 90™
percentile of Tn)), cold days (Prob(Tx < 10" percentile of Tx)), and cold nights (Prob(Tx <
10" percentile of Tx)) (Donat et al., 2013; YIN and SUN, 2018) among BCE5, LOOCV,
ERASL, and CHIRTS datasets are presented in Fig. 2.5. The maps in Fig. 2.6 shows the
differences between the new BCES and the original ERASL datasets on the climatological time
scale. In Fig. 2.7, the correlation between the IOBS and BCES5 temperatures at various
aggregation timescales has been illustrated using the Pearson correlation coefficient at Addis

Ababa and Dire Dawa stations.

Table 2.1: MAE and RMSE of the bias-corrected ERA5L (BCES5), cross-validation (LOOCV), raw ERA5L, and

CHIRTS compared for daily climatology of mean and standard deviation from all IOBS locations

Tx Tn
Mean Std Mean Std

Dataset MAE RMSE MAE RMSE MAE RMSE MAE RMSE
(°C) (°C) (°C) (°C) (°C) (°C) (°C) (°C)
BCE5 0.05 0.07 0.07 0.11 0.01 0.02 0.08 0.10
LOOCV 0.68 0.91 0.27 0.37 1.07 1.27 0.48 0.63
ERASL 2.14 2.55 0.26 0.33 1.43 1.77 0.64 0.86
CHIRTS 1.30 1.64 0.40 0.50 2.53 2.94 0.56 0.73
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2.1 Data description
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Fig. 2.3 Comparison of the mean absolute errors (°C) in the monthly climatology of the BCE5 and LOOCYV with

ERASL and CHIRTS for Tx (panel a) and Tn (panel b) for the period 1981-2010.
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Fig. 2.4 Comparison of the mean absolute errors in the annual mean BCES5 and LOOCV with ERAS5L and CHIRTS

for Tx (panel a) and Tn (panel b) at 146 ground stations in Ethiopia.
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Fig. 2.5 Comparison of temperature extreme probabilities in the corrected BCES5, cross-validation LOOCV,
ERAGSL, and CHIRTS datasets. a) warm day probability defined as Prob(Tx > 90™ percentile(Tx)), b) cold day
probability -- Prob(Tx < 10" percentile(Tx)), ¢) probability of warm night -- Prob(Tn > 90" percentile(Tn)), d)
probability of cold night -- Prob(Tx < 10" percentile(Tn)), all computed for 24 stations with continuous records
of at least 25 years during 1983 — 2010 (chosen to match the start of CHIRTS dataset). The green dashed line
shows the threshold probability of 0.1 corresponding to the frequencies computed from the IOBS data.
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Fig. 2.6 Comparison of climatological means of the bias-corrected ERASL (BCES5) and the original ERASL Tx
(aand b) and Tn (d and e), and their differences (c and f). The insets in ¢ and f are the histograms of the differences

between BCES5 and ERASL Tx (c) and Tn (f). The circles show the climatological means of IOBS at each of the
146 stations considered in this study.
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2.2 Experimental Design, Materials and Methods

2.2.  Experimental Design, Materials and Methods

The BCES dataset was derived by downscaling the ERAS5L to a higher spatial resolution of
0.05°, i.e. ~5 km, and adjusting its statistical biases using observed temperature at ground
stations as a reference. The bias adjustment was made using quantile mapping (QM) where the
transfer function was parameterized by the first and second-order temperature statistics
summarized at the 10BS stations in Ethiopia and a few stations along the borders of the

neighboring countries as discussed in section 2.1.
2.2.1. Data quality control

Prior to the computation of the statistics from the I0BS, quality control measures were taken
to fix the data quality issues such as outliers and homogeneity. The outliers in the datasets were
checked and removed using a z-score based approach, where z-scores were computed based on
the mean and standard deviation of every 30-day window, and a data point with six times or
greater standard deviation from the mean over the window was considered as an outlier (Durre
et al., 2010).
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Fig. 2.7 Illustrations of correlation coefficients (r) between the observed and corrected Tx and Tn datasets at

different aggregation times at Addis Ababa (a and b) and Dire Dawa (c and d) stations.
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2.2 Experimental Design, Materials and Methods

Inhomogeneity detections and treatments were based on manual methods (WMO, 2020), as
automated tests were barely suitable for the detection of inhomogeneities due to the presence
of significantly large and irregular data gaps in the IOBS time series. Through visual inspection
of the temperature time series, three types of possible inhomogeneities were identified in Tx
and Tn at some of the IOBS stations, namely: abrupt jumps in the mean, abrupt changes in the
spread, and simultaneous jumps in the mean and the spread of the data. Inhomogeneities due
to the abrupt jumps in the mean were corrected by shifting the arithmetic mean of the offset
segment towards the mean of the time series before and after the offset segment. In the cases
where the inhomogeneity involved a change in the spread of the data, the segments with the
offset standard deviation were removed from the time series because the cause of these random
fluctuations is difficult to determine with confidence. The removal of the segments will
certainly increase the data gaps in the time series, but the effect on the statistics that are

computed from the time series is minimal, as illustrated in Fig. 2.2c.
2.2.2. Computation of the IOBS temperature statistics

The temperature statistics (mean and standard deviation) were computed from the quality-
controlled 10BS data. For the computation of the statistics and thus, the derivation of the BCE5
dataset, only the period 1981-2010, for which relatively sufficient IOBS data is available for
this particular work was considered. Moreover, this period is also a standard climate period for
various climate analyses, as recommended by the World Meteorological Organization (WMO)
(WMO, 2017).Keeping in mind the possible biases (sampling uncertainties) that could result
from the differences in the record length, the climatological monthly statistics were computed
from the Tx and Tn of all days of the month over the entire record length during the period
1981-2010. Similarly, the annual statistics were calculated from all days of the year in which
records are available for at least 50% of the days of the year. This minimum record threshold
for the annual statistics was imposed to reduce biases in the annual statistics that could arise
from the temperature seasonality. This implies that for the years with no or insufficient records,
the computation leaves gaps in the annual statistics. The missing values in the annual statistics
were filled using a linear regression (LR) model combined with inverse generalized distance
weighting interpolation (Frei, 2014) of four closest stations (details in section 2.2.3). Note that
the differences between the mean of the statistics before and after the filling result in systematic

errors associated with the short records, which are also manifested in the monthly statistics.
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2.2 Experimental Design, Materials and Methods

Therefore, the computed errors were added to the monthly statistics to account for some of the

uncertainties that could arise from shorter record lengths.
2.2.3. Spatial interpolation of the IOBS temperature statistics

The stationary monthly and non-stationary annual temperature statistics at IOBS stations were
interpolated in space onto 0.05° x 0.05° grid cells using the hybrid interpolation approach
proposed by Frei (Frei, 2014) that combines regression and deterministic interpolation
techniques in two separate steps. In the first step, the background fields of the temperature
statistics were determined at every grid based on a multivariate LR model of the monthly and
annual temperature statistics with elevation (z), and longitudinal (x) and latitudinal (y)
locations as predictor variables. Accordingly, the background temperature mean p, at a target
grid cell (x,y) was modelled as a function z and y using p;, (x, y) = Bo + B1z(x,y) + B2y (x,y)
while background standard deviation a;, was determined as a function of z, y, and x using
Uy (x,¥) = Bo + B1z(x,¥) + B2y (x,y) + B3x(x,¥), where B, is the intercept, By, B, B3 are
the multivariate LR model slopes, in particular 3; defines the lapse rate (°C/m) whereas 8, and
B; are longitudinal and latitudinal location coefficients and the models were applied to
determine the background Tx and Tn monthly and annual statistics. In Ethiopia, the
temperature is strongly correlated with elevation and thus the predictive power of the
temperature-elevation LR model is solid, making the hybrid interpolation a better approach.
The coefficient of determination (R?) of the multivariate LR model for every month is given in
Table 2.2.

In the second step, the residuals of the modelled temperature statistics were computed at every
station and interpolated in space using the Inverse Generalized Distance Weighting (IGDW)
approach to determine the residual fields. The residual mean (u,-) and standard deviation (o)
at a station s are the deviations of the observed mean (u,) and standard deviation (o, ) from the
modelled background temperature statistics and these are given as u,-(s) = u, (s) — u,(s) for

residual mean and o,.(s) = g;,(s) — g,(s) for residual standard deviation.
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2.2 Experimental Design, Materials and Methods

Table 2.2: R? of the linear regression model of the mean () and standard deviation (o) of Tx and Tn versus

elevation (z), longitude (x), and latitude (y) based on the 154 10BS stations.

Month Maximum temperature Minimum temperature
ur, = f(y,2) or, = f(x,y,2) ur, = f(y.2) or, = f(x,y,2)
Jan 0.87 0.17 0.78 0.13
Feb 0.89 0.17 0.81 0.12
Mar 0.91 0.10 0.88 0.17
Apr 0.93 0.21 0.92 0.31
May 0.93 0.32 0.93 0.24
Jun 0.86 0.15 0.94 0.21
Jul 0.87 0.13 0.95 0.17
Aug 0.90 0.14 0.95 0.09
Sep 0.93 0.20 0.94 0.12
Oct 0.94 0.24 0.90 0.18
Nov 0.92 0.10 0.81 0.08
Dec 0.89 0.14 0.77 0.10

The IGDW interpolation approach follows the same principles of the classical Inverse Distance
Weighting (IDW) interpolation but considers a non-Euclidean distance to assign weights to the
stations. This is an important consideration, particularly in the context of Ethiopia to account
for the effects of topographic barriers on horizontal air mass transfer between two locations in
the mountainous regions. IDGW accounts for this effect to determine terrain-adjusted distance
weights by penalizing the Euclidean distance between two locations L1 and L> depending on
their elevation difference. The penalized Euclidean distance is termed as a generalized distance

and is computed as (Frei, 2014): Dy ;,-1,) = VO —x)%2 + (7 — ¥2)2 + (A (7, — 22))?,
where D, is the generalized distance between two points, x; - x, are the longitudinal distances,
vy, - y, are the latitudinal distances, z, - z, are the elevation differences between the two
locations, and A[m/m] is a layering coefficient, i.e. a predefined free parameter that imposes an

additional distance penalty per unit increase in elevation difference between the locations.

The layering coefficient A was determined based on leave-one-out cross-validation (Frei, 2014;
Hiebl and Frei, 2016). A set of predefined values of 4 € [0, 10, 20, 30, 40, 50, 60, 70, 80, 90,
100, 200] were evaluated for the monthly and annual mean, and an optimal A was chosen based

on minimal root mean squared error (RMSE) as shown in Fig. 2.8.
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Fig. 2.8 Selection of the layering coefficient 1. a) Mean cross-validation RMSE of monthly Tx and Tn (Txm and
Tnm) and annual Tx and Tn (Txa and Tna) for a set of 4 considering all stations. b) Mean cross-validation RMSE
at highly sensitive stations, i.e., stations at which RMSE is reduced by 0.5 °C or more at A = 100 compared to the
RMSE at A = 0. The optimum value (indicated by the green dashed line) used for the interpolation of the residual

fields was chosen to be 4 = 100.

Once the optimal layering coefficient was identified, the IGDW interpolation scheme was
implemented to determine the residual fields at every grid: u,-(x,y) = m?i—i‘?ﬁ where i is a
=172,
station and n is the total number of stations accounted for in the estimation of the residuals at
grid (x,y). Four nearby stations (n=4) were considered optimal given the rather low station
network density in the study area. An exponent of distance weight g = 2 was used. Note that
the above equation is an IGDW scheme for the residuals of temperature mean (u,.). The same
equation, but with 1 = 0 (the classical IDW interpolation) was applied to the residuals of
temperature standard deviation (o,-) considering the weak correlation between elevation and
the temperature variance. Finally, the gridded monthly and annual 10BS statistics that are
needed to define the transfer function for the QM were obtained by adding the background and

residual fields of the temperature statistics.
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2.2.4. Quantile mapping

The fundamental principle of QM is to transform the distribution of a modelled variable (in our
case ERASL temperature, T,,,) to the distribution of the corresponding observed variable T,,
and the concept can be formulated as T, = F; ! (E,(T,)) where F, is the cumulative
distribution function (CDF) of T, , which serves as a transfer function, and F,, is the CDF of
T,, to be transformed. In our application, the CDF of T, is described by the interpolated
statistics derived from 10BS stations as discussed in section 2.2.3, and the QM bias correction
is applied to T,,, which is derived from ERA5L Tx and Tn at every grid. Before the
implementation of QM, the ERA5L Tx and Tn were downscaled from their original spatial

resolution of 0.1° x 0.1° to the target resolution of 0.05° x 0.05° using a bilinear interpolation.

The corrections of the ERA5L Tx and Tn were performed in two steps to quantify separately
the effect of de-biasing on a seasonal basis and account for nonstationarity in time. First, the
temperature datasets were corrected at every grid for monthly climatology assuming
stationarity, by sampling the ERA5L temperature of all days in month m over the entire period
(1981-2010), determining the Gaussian CDF of the sub-sample (containing 847, 900, or 930
data values depending on the month), and mapping it to the CDF of the observed temperature,
which is defined by the monthly statistics of the IOBS. Second, the temperature time series that
was corrected for monthly climatology was additionally corrected for every year using annual
sub-samples of the time series from the first step (the number of data values is 365 or 366), and
the annual 10OBS statistics. This step is targeted to reproduce the 10BS-based interannual
variability in the bias-corrected ERA5L 2-m air temperature (hereafter BCES).

The QM-based corrections applied to the annual sub-samples combined with the corrections
for monthly climatology (QMASS) in the derivation of this data yield similar results to the QM
that is applied to seasonal sub-samples (QMSSS) by others, e.g., (Maraun, 2013; Pierce et al.,
2015; Rajczak et al., 2016; Ruffault et al., 2013) as demonstrated in Fig. 2.9. The advantage of
the procedure presented here is that it allows the use of quality-controlled first and second-
order statistics instead of a complete time series for the observed variables in the cases where
data availability is limited. This is particularly vital for enhancing the quality of the gridded
climate datasets for local applications in data-scarce regions.
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Fig. 2.9 Performance comparison of sub-sampling-based QM — annual sub-samples combined with monthly
climatology (QMASS, this study) and seasonal sub-samples (QMSSS, others) to IOBS and ERAS5L. a) Empirical
cumulative distributions, b) monthly climatology, c) interannual variability of ERA5L, IOBS, and corrected TX,
an example at Addis Ababa station for the period 1981-2010.

2.2.5. Evaluation of the dataset

The final corrected dataset BCE5S variables Tx and Tn were evaluated using the leave-one-out
cross-validation (LOOCV) approach. The evaluation was undertaken at all IOBS stations in
Ethiopia which were considered in this application, using root mean squared error (RMSE) and
mean absolute error (MAE) as evaluation statistics. The performance of BCE5 corresponding
to the LOOCV was compared to the raw ERAS5L and CHIRTS datasets for daily, monthly,
annual statistics, and four extreme temperature indices — warm day, warm night, cold day and

cold night probabilities, as described in section 2.1.3.

In principle, QM corrects the biases in the distribution parameters, i.e. mean and standard
deviation, but not the biases in the temporal sequence of the individual daily values (Rajczak
et al., 2016). Consequently, uncertainties are expected in the daily data. These uncertainties
however sharply decrease at coarser aggregation times, for instance at pentadal (5-day) scale
and coarser as illustrated in Fig. 2.7. Therefore, users can choose the aggregation time at which

the bias-corrected dataset can be reliably used for desired applications.
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2.3 Data availability

2.3. Data availability

The BCES5 daily maximum and minimum temperature dataset at 0.05° x 0.05° grid resolution
for the period 1981 — 2010, covering Ethiopia and areas within 20 — 30 km (i.e., 4 — 6 grids)
outside the boundary of Ethiopia, is freely available for scientific, commercial and non-
commercial use. The dataset (Wakjira et al., 2022) is stored in a single NetCDF file in an open-
access format and can be accessed at the ETH Zurich research collection through a permanent
link (https://doi.org/10.3929/ethz-b-000546574)
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3.1 Introduction

3.1. Introduction

Rainfed agriculture (RFA) is based solely on green water (Falkenmark, 2006; Wani et al.,
2009). The productivity of the rainfed farming system is determined by the temporal
distribution of rainfall with respect to the cropping period in a given hydrological year
(Guhathakurta and Saji, 2013; Hao et al., 2013) because this controls the amount of water stored
in the soil that is available for biomass production. In RFA systems, farmers rely on their local
knowledge of seasonal rainfall timing to match the cropping season with the time window over
which rainfall provides adequate water to meet the water demand by the crop (Radeny et al.,
2019). However, this is successful only when rainfall has a predictable temporal pattern, i.e.
when the interannual variability at the start and end of the rainy season is low. The
unpredictability of the timing of seasonal rainfall undermines productivity in smallholder RFA
systems, particularly in sub-Saharan Africa, leading to food and livelihood crises (Guan et al.,
2015; Torres et al., 2019). Thus, understanding the characteristics of seasonal rainfall
concerning the growing season is of vital importance for planning and decision-making in
rainfed farming systems (Guido et al., 2020; Victor et al., 1996).

In Ethiopia, about 95% of crop production is under smallholder rainfed practice (FAOSTAT,
2018) and largely takes place during the long rainy season called ‘Meher’ (April - September).
Specifically, the June - September rainy months (locally known as ‘Kiremt”) account for 65 —
95% of the annual rainfall total over large parts of the country (Segele and Lamb, 2005). The
arrival of Kiremt is preceded by the migration of the Intertropical Convergence Zone (ITCZ)
(Hills, 1979) that brings the short rainy season (March - May), locally called ‘Belg’ (Korecha
and Barnston, 2007). The Kiremt rainfall variability arises from its connection to the
atmospheric circulation patterns at seasonal and interannual scales (Segele et al., 2009a) with

local effects connected to topography (Dinku et al., 2008).

In light of its importance for agriculture, rainfall in Ethiopia has been extensively studied in
relation to the mechanisms of atmospheric moisture transport to the region (Berhane and
Zaitchik, 2014; Segele et al., 2009b; Viste and Sorteberg, 2013; Williams et al., 2012),
teleconnections to large-scale oceanic and atmospheric phenomena (Camberlin, 1997; Degefu
etal., 2017; Diro etal., 2011a, 2011b; Gleixner et al., 2017; Shanko and Camberlin, 1998), and
the role of these teleconnections for rainfall prediction and forecasting (Gissila et al., 2004;
Korecha and Barnston, 2007; MacLeod, 2018; Taye et al., 2021), as well as for seasonal and
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interannual variability and trends (Alhamshry et al., 2020; Cheung et al., 2008; Segele et al.,
2015; Seleshi and Zanke, 2004). In addition, extreme climatic conditions that can have
catastrophic effects on RFA systems, such as droughts, were also extensively studied (e.g.,
Funk et al., 2005; Philip et al., 2018; Temam et al., 2019; Viste et al., 2013).

The temporal rainfall attributes, such as the strength of seasonality in rainfall, the onset,
cessation, and duration of the rainy season, are extremely relevant for decision-making in the
RFA system. Rainfall seasonality is a measure of the spread in time of rainfall during the year
(Walsh and Lawler, 1981). It has been studied in various parts of the globe to assess the
responses of vegetation to the seasonal cycle of rainfall (e.g., Borchert, 1998; Dubois et al.,
2014; Potter et al., 2005; Rohr et al., 2013; Souza et al., 2016; Suepa et al., 2016), and the
impacts of seasonal rainfall variability on agriculture (e.g.,Ayanlade et al., 2018; Guhathakurta
and Saji, 2013; Sadiq, 2020). The onset and cessation of the rainy season have been studied in
different parts of the world, such as in west Africa (e.g., Dodd and Jolliffe, 2001; Marteau et
al., 2009; Omotosho et al., 2000), South America (Gonzélez et al., 2007; Liebmann and
Marengo, 2001; Marengo et al., 2001), and south and east Africa (Mugalavai et al., 2008; Raes
et al., 2004). In Ethiopia, Segele and Lamb (2005) defined the Kiremt onset and cessation, and
assessed its spatial variability across the country. Others explored the temporal properties of
rainfall in Ethiopia and assessed the changes in dry spells, droughts and irrigation demand (e.g.,
Araya and Stroosnijder, 2011; Kebede et al., 2017; Seleshi and Camberlin, 2006). These studies
are based on sparse station rainfall observation and thus, the findings are limited to specific
sites, or spatially interpolated. Alternatively, high-quality gridded rainfall datasets (e.g., remote

sensing and reanalysis products) can provide consistent results in regional studies.

One critical aspect that has not yet been studied in depth is the sensitivity of RFA to the
temporal distribution of rainfall in Ethiopia. Thus, in this work, we quantify the temporal
rainfall attributes using the Climate Hazards Group Infrared Precipitation with Station
(CHIRPS) rainfall (Funk et al., 2015) and explore how they affect cereal crop production in
the RFA areas of Ethiopia using national crop production data. We aim to answer three specific
research questions: (a) how does the seasonality of rainfall vary in space across rainfed
agricultural areas in Ethiopia? (b) do the temporal rainfall attributes describing seasonal rainfall
exhibit trends in time, and (c) is crop production significantly related to these attributes and

their changes?
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3.2. Study area and data

The study area covers the entire arable RFA area (Fig. 3.1a) of Ethiopia (cropland covers 33%
of the RFA area, elevation ranges between 340 and 4500 m.a.s.l) that was delineated by
Kassawmar et al. (2019) by reclassifying the biophysical factors (rainfall, temperature, altitude
and slope) and combining them with crop production data. The size of the study area is about
667,000 km2, which is 59% of the total landmass of Ethiopia and is inhabited by more than
90% of the total population (CSA, 2007). The climate varies from arid on the eastside
peripheral areas, where the mean annual rainfall is as low as 270 mm, to humid in the western
and southwestern areas with mean annual rainfall up to 2100 mm (Fig. 3.1b). Mean annual
temperature (Fig. 3.1c) generally increases from the central and northern highlands towards the
western and northwestern lowlands and from eastern highlands to the southeastern lowlands,

separated by the southwest-northeast oriented warm Rift VValley corridor.
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Fig. 3.1: (a) Map of Ethiopia and the RFA area (blue outline (Kassawmar et al., 2019)). (b) Climatic zones based
on the FAO classification (FAO, 1986) of mean annual CHIRPS rainfall (1981-2010). ARD = arid, SAR = semi-
arid, SHM = sub-humid, MSH = moist sub-humid, HMD = humid. (c) Mean annual temperature (1981-2010)
based on the CFSR data (Saha et al., 2010).

Daily rainfall data at a spatial resolution of 0.05° x 0.05° for the region were obtained from the
CHIRPS dataset (Funk et al., 2015) for the period 1981-2010. CHIRPS rainfall was evaluated
in past studies across East Africa (Dinku et al., 2018a; Gebrechorkos et al., 2018) and for
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specific watersheds in Ethiopia (Bayissa et al., 2017; Gebremicael et al., 2019; Musie et al.,
2019), where it outperformed other gridded global rainfall datasets. CHIRPS data were also
compared with the rainfall at 65 ground stations in the study area and it was demonstrated that
they sufficiently match at pentadal (5-day accumulation) scale as shown in Fig. 3.2. The
comparison of CHIRPS and stations shows little bias and a high correlation (p=0.86), with
expected spread due to point versus grid rainfall and estimation errors, and larger discrepancies
at stations southeast of the rift valley. This is also observed in other gridded rainfall datasets
(Dinku et al., 2018a).

0 20 40 60 80
station

0.6
0.5
0.4

Fig. 3.2. Correlation coefficient (p) of CHIRPS grids versus ground station pentadal (5-day accumulation) rainfall
averaged for all 73 pentads of every calendar year over the period 1998-2007 at 65 sites across the study area. The
inset shows the scatterplot of the gridded and station pentad rainfall with 65x73 data points. Pentads with zero

mean rainfall are included in the analysis.

The CHIRPS gridded data allows the classification of the RFA area into several rainfall
regimes (Fig. 3.3) based on the seasonal rainfall pattern (unimodal or bimodal) and the FAO
classification of climatic zones (FAO, 1986). Regimes 1-3 (R1-R3) are characterized by a
unimodal rainfall pattern while regimes 5-6 (R5-R6) have a bimodal pattern, and regime 4 (R4)

is considered as transitional (unimodal to bimodal).
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Fig. 3.3. Rainfall regimes of the RFA area of Ethiopia as classified based on CHIRPS rainfall climatology of the

period 1981-2010. Insets show examples of pentad (5-day) mean rainfall at arbitrary locations for each regime.

We obtained the annual Meher crop production data from the annual statistical bulletin

(available at https://wwwv.statsethiopia.gov.et/our-survey-reports/) of the Central Statistical

Agency (CSA) of Ethiopia. The CSA conducts an annual post-harvest agricultural survey that
involves more than 32,000 agricultural households across the country to collect crop production
data of all crop types that are produced in the country, and summarizes the crop statistics at
regional and zonal (sub-regional administrative unit) scales (CSA, 2010). Cereals (maize, teff,
sorghum, wheat, barley, millet, oats and rice) are staple crops and account for about 87% of

the total grain production in the country.
3.3.  Methods

In the analyses of temporal rainfall patterns and their effects on crop production, we first
quantified the strength of rainfall seasonality using the method introduced by Feng et al. (2013).

The approach is based on the concept of entropy (Cover and Thomas, 2005) and defines a
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seasonality index based on two rainfall properties: annual rainfall and a measure of monthly
rainfall variability labeled as relative entropy. This approach enables a spatial mapping of
rainfall seasonality with respect to a predefined reference location (e.g., location with
maximum rainfall). Next, we defined the rainfall timing attributes, i.e. the onset and cessation
of the rainy season, from cumulative rainfall anomaly curves (Dunning et al., 2016; Liebmann
et al., 2012; Liebmann and Marengo, 2001). This well-established objective approach is
particularly suitable for analysis of rainfall timing at regional scales (Gonzélez et al., 2007;
Hampf et al., 2020; Jiang et al., 2019; MacLeod, 2018; Zhang et al., 2018). We then analyzed
the variability and trends in all the temporal rainfall attributes. Lastly, we examined the
statistical relationships between these attributes and total cereal production using parametric
Pearson correlation and linear regression. Details of the methods are presented in the following

sections.
3.3.1. Determination of rainfall seasonality

We examined the rainfall seasonality over the RFA area at grid-scale for the period 1981-2010
based on the method proposed by Feng et al. (2013). They defined two rainfall seasonality
metrics: the Relative Entropy (RE) and the Dimensionless Seasonality Index (DSI). The
relative entropy for a given calendar year k, RE},, where in our analysis k € [1,30], is a measure
of how different the actual rainfall distribution is from the uniform distribution. It is computed
for each grid point as RE;, = Y22 Dicm 1092 (Pkm/ dm), WHere pm = Ti.m/ Ry is the actual
monthly rainfall probability (7 ,, is the rainfall in the month m of year k, and Ry, is annual total
rainfall of year k), and q,, = 1/12 is the theoretical monthly rainfall probability of a non-
seasonal (uniform) rainfall regime. Theoretically, REy is zero when Rk is equally distributed
over all months of the year (i.e., when py.,, = q,, = 1/12 for m €[1,12]) and attains a
maximum value when R is concentrated in a single month. The dimensionless seasonality
index for a given calendar year k is then computed as DSI,, = (Ry/Rmax)RE), Where the
scaling factor Rmax is the maximum annual rainfall in the dataset, which in our study area is
2678 mm. A maximum value of DSIk corresponds to a rainfall regime with Rk concentrated
within a single month (maximum REx), whereas a zero value of DSl is due to either a

completely dry year (Rk=0) or a uniformly distributed Rk (REx=0).
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3.3.2. Defining the onset and cessation of the rainy season

We defined the timing of the rainy season at grid-scale by the dates of the onset and cessation
of rainfall based on pentad (5-day) rainfall totals. In the first step, we computed for each grid
cell the climatological mean rainfall P. of each pentad i of the calendar year as: P.; =
(X321 P;iy)/30, (i €[1,73], i.e., 73 pentads in a calendar year), as well as the long-term
pentadal mean P = (X722, P.;)/73 from the 30-year rainfall record. In the second step, we

calculated the climatological cumulative rainfall anomaly, C.(p) = X!_,(P.; — P) with p €
[1,73].

We used the same expression to compute the cumulative rainfall anomaly for every calendar
year k as a cumulative sum of the difference between the pentadal rainfall of that year and P.
In Fig. 3.4 we show an example of cumulative anomaly curves constructed from a bimodal
rainfall regime (climatological and an example of a single year). The long-term pentadal mean

P at any grid cell is the threshold that determines the onset and cessation pentad of the year,

i.e., when P ; is less than P, the cumulative anomaly curve has a negative slope and vice versa.
The onset pentad is defined as the pentad after which the slope of the curve changes from a
persistent negative to a persistent positive (the green dots in Fig. 3.4b). Likewise, the cessation
pentad is the pentad after which the slope changes from positive to negative (the red dots in
Fig. 3.4b). The duration of the rainy season is defined as the difference between the date of the

cessation and onset pentad.
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Fig. 3.4. Example of cumulative anomaly curves for the bimodal rainfall regime: (a) Climatological pentadal
rainfall at grid cell 8.07°N and 41.82°E and mean P. (b) The corresponding climatological cumulative anomaly
curve (black) and cumulative anomaly curve for the year 1981 (blue). The onset (green dots) and cessation (red

dots) pentads define the climatology of the two rainy seasons (light green areas) and their durations.
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We located the onset and cessation pentads by identifying the minimum and maximum of the
anomaly curve for both unimodal (one onset and cessation) and bimodal (two onsets and
cessations) regimes. To mask out local minima and maxima along the curve (e.g. blue curve in
Fig. 3.4b), we smoothed the curve (not shown in Fig. 3.4b) using the non-parametric LOESS
smoother (Cleveland, 1979). Locating the onset and cessation pentads in all rainfall regimes
except Regime 4 is straightforward. Regime 4 is a transitional regime (see Fig. 3.3) where the
rainfall pattern lacks interannual consistency and the rainfall cumulative anomaly curve has
multiple peaks even after smoothing, which complicates the location of the cessation pentad.
In this case, we assumed the last peak of the curve as the cessation pentad. Finally, we examined
the long-term trends of the temporal rainfall attributes (seasonality, onset, cessation and
duration) from the annual estimates. For this purpose, we applied the non-parametric Mann-
Kendall test (Kendall, 1975; Mann, 1945) to detect trends and estimate their statistical

significance, and the Sen slope estimator (Sen, 1968) to estimate the magnitude of the trends.
3.3.3. Correlation between temporal rainfall attributes and crop production

The temporal rainfall attributes obtained above were related to the annual Total Cereal
Production (TCP) during the Meher (April to September) season in 45 zones (Fig. 3.5a) across
the RFA area. To match the spatial resolution of the TCP dataset with that of the CHIRPS
rainfall dataset, we disaggregated the zonal TCP in space down to the CHIRPS grid (5 km x 5
km) using the Cropland Cover Fraction (CCF) map obtained from the Copernicus Global Land
Services (Buchhorn et al., 2020). The annual CCF maps are available at 100 m x 100 m
resolution for the period 2015-2019. We averaged the CCF during the period 2017-2019 (2015-
2016 were excluded as these were drought years) and aggregated the data to a 5 km x 5 km
grid (Fig. 3.5b), from which we computed the cropland area in km2 in every grid cell (i, ) as:
A jy = 25(CCF; ;,/100). The TCP of a grid cell (Fig. 3.5b) that is located in zone n €

[1,45] in the calendar year k €[1,16] was then calculated as: ™*TCP;; =
”'kTCP(”Ai,j/Z(”AiJ)), where the sum goes over all cells in zone n. The temporal ranges of

CCF (2017-2019) and TCP (1995-2010) do not overlap and this could introduce uncertainties
in the disaggregation if cropland cover changes significantly over time. However, these
changes can be considered slow as they involve both degradation (abandoned cropland) and

expansion (Kassawmar et al., 2018) and thus, the effects of these changes compensate when

43



3.3 Methods

the CCF data is aggregated from the fine to coarse resolution. The disaggregation process is
illustrated in Fig. 3.5.

a) Zone-level TCP b) CCF (5 x 5km) c) Gridded TCP (5 x 5km)
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Fig. 3.5. Spatial disaggregation of crop data: (a) zonal Meher total cereal production (averaged over 1995-2010),
(b) cropland cover fraction (CCF) aggregated from 100 m x 100 mto 5 km x 5 km resolution, and (c) disaggregated
gridded TCP.

We observed a significant upward trend (on average at 6% yr™) in the TCP dataset over the
entire RFA area, which is primarily attributed to non-climatic factors, including improvements
in agricultural inputs like access to fertilizer, seed, cultivation and harvesting technologies
(Gebeyehu, 2016; Shikur, 2020), and some expansion of the cultivated areas (Taffesse et al.,
2012). We de-trended the TCP data to remove these effects, so that interannual variability in
TCP can be more clearly related to the temporal rainfall attributes only (Kukal and Irmak,
2018). We then computed the Pearson correlation between the anomalies in the temporal
rainfall attributes and the de-trended TCP, after inspecting the linearity of the predictor-
response relationship, normality of the residuals, and independence of the data. To understand
the relationship between specific cereal crop production and changes in the temporal rainfall
attributes, we separately analyzed the correlation at 25 grid cells across the RFA area where
each of the four major cereal crops (maize, teff, sorghum and wheat) dominates the total cereal
production as mapped in the Atlas of the Ethiopian Rural Socioeconomy (IFPRI and CSA,
2006). Lastly, we estimated the magnitude of the effects of changes in the temporal rainfall
attributes on crop production by fitting a univariate linear regression model with anomalies in
the attributes as a predictor and the de-trended TCP as a response variable.

44



3.4 Results and Discussion

3.4. Results and Discussion

3.4.1. Rainfall seasonality and its dynamics

High rainfall seasonality is observed in the northern RFA area, particularly in regimes R1, R2
and parts of R3, where RF and RE are simultaneously intermediate to high (Fig. 3.6). However,
the pattern of DSI largely follows the pattern of RF indicating that the strength of rainfall
seasonality in these regions is mainly controlled by the annual rainfall amount. In contrast, the
southern part of the RFA area (R4-R6) is characterized by low rainfall seasonality. The pattern
of DSI predominantly follows the pattern of RE and thus, the strength of rainfall seasonality in
these areas is mainly controlled by the monthly distribution of rainfall. For example, the
southwestern area (R4 and lower part of R3) where DSI is extremely low is characterized by
short dry months (low RE) and medium to high RF (sub-humid to humid climate), although

the effect of RF on seasonality is not visible in this region (Fig. 3.6).
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Fig. 3.6. Maps of the rainfall seasonality metrics in the RFA area of Ethiopia: (a) mean dimensionless seasonality
index (DSI), (b) mean relative entropy (RE), and (c) mean annual rainfall (RF), computed for the period 1981-
2010. The layer with dotted boundaries shows the rainfall regimes R1-R6 (see Fig. 3.3 for their detailed

representation).

The relevance of rainfall for rainfed crop production is determined by its temporal distribution
in reference to the cropping season (Mutsaers, 1979; Yengoh et al., 2010). In this regard, the
observed low seasonality in R4 and parts of R3 in the southwest of the RFA area is desirable
because it allows effective exploitation of the high annual rainfall for double-cropping, while

the temporal distribution of rainfall in the wet regions such as the middle and upper parts of R3
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(Fig. 3.6a, c) tends to limit double-cropping due to high seasonality, despite high annual
rainfall. Conversely, low seasonality is problematic in arid and semi-arid climates such as R5
and R6 because low rainfall over an extended period can constrain the relevance of the rainy
season for crop production. For example, the bimodal regime (low seasonality) in the eastern
semi-arid parts of the RFA area where the annual rainfall is less than 600 mm is less efficient
for crop production because the annual rainfall is partitioned into two distinct seasons but with

lower rainfall amounts.

Considerable interannual variability in rainfall seasonality is observed over large parts of the
RFA area. The northeastern semi-arid and sub-humid areas that include parts of R2 and R5
(Fig. 3.7a), show an average coefficient of variation (CV) of 0.34, which is due to variability
in RE (Fig. 3.7b) intensified by the small variability in the RF (Fig. 3.7c). Similarly, the natural
variability in the seasonality of rainfall is high in R4 with a regional average CV of 0.38, and
this variability is purely attributed to the variability in RE. The western and northwestern side
(parts of R1 and R3) of the RFA area is characterized by stable seasonality patterns, whereas

R5, R6 and parts of R2 and R3 have moderate variability in rainfall seasonality.

Parts of the RFA area experienced a significant increase in seasonality (DSI, Fig. 3.7d) in the
period 1981-2010. Specifically, R2 and R5 (area marked by the red rectangle) are found to
have an increase in the seasonality of 2% yr on average, as a result of the expanding number
of dry months (increase in RE, Fig. 3.7e) and an increase in annual rainfall (Fig. 3.7f). Similar
trends are also observed in parts of R4 and R5 in the southern sub-humid area (the green
rectangle). Furthermore, the increasing tendency of seasonality over the northwestern lowlands
(R1) is exclusively attributed to the positive trend in annual rainfall. On the contrary,
seasonality tends to significantly decrease across the belt of the RFA area (Fig. 3.7d, blue
dashed arrow) following the decreasing tendency of RE. A significant decrease in DSI is
observed over the dry southeastern part (blue rectangle) of the RFA area because of the

decreasing trend in annual rainfall (Fig. 3.7f).
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Fig. 3.7. Interannual variability and trends in rainfall seasonality metrics: (a-c) Coefficient of variation of the
dimensionless seasonality index DSI, relative entropy RE, and annual rainfall RF. (d-f) Trend slope in %/yr
(shown by the light blue and light brown color schemes) and statistically significant trends (e = 0.05) in the
metrics in the period 1981-2010; dark blue color - positive trend, and dark brown - negative trend. The dotted

lines represent the rainfall regimes (R1-R6).

The observed changes of rainfall seasonality in time are related to drought occurrences over
the RFA area. Viste et al. (2013) investigated droughts in Ethiopia over 40 years, including the
period considered in this analysis. They found a frequent Belg (March to May) drought with a
36% probability of occurrence over the northeastern semi-arid and sub-humid areas (parts of
R2 and R5), and a frequent Kiremt drought with a 42% probability of occurrence over the
southern humid and sub-humid areas (parts of R4 and R5). Given that the increase in
seasonality in these regions is attributed to the combined effects of the simultaneous increase
in the annual rainfall and the number of dry months, it can be concluded that an increase in
seasonality expected when the increase in rainfall occurs during the long rainy season (Kiremt
in the northeast and Belg in the south), and a decrease in rainfall occurs during the short rainy
season (Belg in the northeast and end of Kiremt in the south). Therefore, the observed increase
in the rainfall seasonality is strongly related to rainfall deficit during Belg in the northeast, and
during Kiremt over the southern parts of the RFA areas. On the contrary, a decrease in

seasonality can occur due to a rainfall deficit mainly during the Kiremt season. The Kiremt
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rainfall deficit over Ethiopia is largely related to El Nifio conditions (e.g., Diro et al., 2011b;
Gleixner et al., 2017; Korecha and Barnston, 2007; Segele and Lamb, 2005) and thus, one can
expect a systematic relation between El Nifio conditions and rainfall seasonality. From a simple
comparison of the temporal patterns of the mean annual NINO3.4 SST index and the median
annual DSI anomalies over the entire RFA grids, we found that rainfall seasonality over the
RFA areas is negatively correlated (p=-0.66) with the Equatorial Pacific sea surface
temperature. This implies that a decrease in rainfall seasonality is expected under El Nifio

conditions.
3.4.2. Rainfall onset, cessation and their dynamics

The climatological onset of the rainy season ranges from early March to early September (Fig.
3.8a). The earlier onset is in R4 in the south and southwest (dark blue areas) and rapidly
propagates to later dates in R3. The subsequent propagation of the onset follows northwestward
from R3 and advances slowly in the northeast direction across R1 and R2 until it arrives at R5
in the northeastern and eastern peripheral areas (yellow areas) in late June/early July. The later
onset in the southern and southeastern areas (light brown areas in R5 and R6) is related to the

onset of the short rainy season in autumn that ends in late November.

The climatological cessation of rainfall (Fig. 3.8b) generally follows the reverse direction of
the onset with early cessation during late September in the northeastern semi-arid areas (dark
green color). It first progresses southward along R2 and R5 to the central part over about two
weeks and then propagates slowly southwestward until the end of October, followed by the
later episode of cessation of the short autumn rainfall at the end of November. As a result, the
duration of the main rainy season (Fig. 3.8c) over the RFA area generally decreases from R4
in the southwest (250 days) across R3 towards east and northeast where the duration is as short
as 80 days. The total rainfall enclosed by the defined onset and cessation dates accounts on
average for about 79% of the annual rainfall across the RFA area (Fig. 3.8d).

48



3.4 Results and Discussion
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Fig. 3.8. Climatology of the average onset (a) and cessation (b) of the rainy season given by the mean date, length
of the rainy season (c), and total rainfall during the main rainy season (d) for the period 1981-2010. The blank
part of the maps represents areas where the Kiremt rainfall is <25% of the annual rainfall and the duration of the

rainy season is <60 days. The dotted lines represent the rainfall regimes (R1-R6).

Comparable findings were documented by Segele and Lamb (2005) who followed a threshold-
based approach using rainfall data from 121 ground weather stations to define the onset and
cessation of Kiremt over a similar study area. A significant discrepancy with this study lies in
the long rainy season in R5 along the eastern highlands (the dark blue strip in Fig. 3.8a). In
fact, the rainfall pattern over this region has a bimodal tendency, but without distinct dry
periods between the peaks. With the approach we used for the definition of the onset and
cessation, the rainfall peaks are not detectable on the cumulative anomaly curve unless the
subsequent pentads are persistently drier than the long-term pentadal mean, which is not the

case in this region.
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The progression of rainfall timing in space is associated with the atmospheric flow pattern over
the East African region. The earlier onset in March across the southwest—east strip (see Fig.
3.8a) is triggered by the northward migration of the ITCZ following the warming of the
northern hemisphere (Segele and Lamb, 2005). This is followed by a continuous influx of moist
air masses mainly from the Gulf of Guinea (Diro et al., 2011b; Segele et al., 2009b; Viste and
Sorteberg, 2013) that flow northeastward, i.e. the same orientation of the onset progression,
supplying moisture to the region during the entire Kiremt. The moisture flux into the region is
controlled by the equatorial Pacific sea surface temperature anomalies (Diro et al., 2011a;
Gleixner et al., 2017; Segele and Lamb, 2005), with a retarding effect during El Nifio
conditions. As a result, about 54% of the late-onset during the period 1981-2010 occurred under
El Nifio conditions. The southwestward retreat of Kiremt is triggered by the weakening of the
westerly winds and the southward movement of the ITCZ (Dunning et al., 2016; Segele and
Lamb, 2005). The latest cessation of the rainy season during late November over the
southwestern region (pink areas in Fig. 3.8b) is related to the persistence of the ITCZ in the

south.

Analyzing annual data, we observed high interannual variability in the onset (median standard
deviation of 4.13 pentads, Fig. 3.9a) and in the duration (median standard deviation of 3.67
pentads, Fig. 3.9¢) of the rainy season, which are also well correlated (Pearson’s p=0.96). The
patterns of variability in onset and duration change in the opposite direction with the pattern of
rainfall seasonality (Section 3.4.1) with p=-0.6. In other words, the onset date and duration of
the rainy season is highly variable in bimodal rainfall regimes (R5 and R6, parts of R2 and R4).
Furthermore, we found that the variability of rainy season duration explains a substantial

portion (p=0.66) of the variability in DSI.

The cessation of the rainy season is more stable (median standard deviation of 1.91 pentads,
Fig. 3.9b) compared to the onset. This difference can be partially attributed to the topography
of the RFA area that influences the air mass flow (Dinku et al., 2008; Gissila et al., 2004)
during the onset of the rainy season. The extreme variability along the southern and
southeastern periphery (dark grey areas in Fig. 3.9a-c) is related to instability of the onset in

the strongly erratic and unpredictable rainfall areas.
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Fig. 3.9. Interannual variability and trends in rainfall timing: standard deviation of onset (a), cessation (b) and the
duration of the rainy season (c) in pentads for the period 1981-2010; Sen’s slope and trends in the onset (d),
cessation (e) and length of the rainy season (f). The dark blue and brown colors in panels d-f represent statistically
significant positive and negative trends respectively. The green dots in (d) are the site locations of recent studies
(Asrat and Simane, 2018; Habtemariam et al., 2016; Hundera et al., 2019; Kahsay et al., 2019; Tesfahunegn et al.,
2016) where farmers’ perception of local climate changes were documented. The dotted lines represent the rainfall

regimes (R1-R6).

Our findings on spatial variability are not in full agreement with the findings of Segele and
Lamb (2005) in terms of the pattern and magnitude of the variability in the onset of the rainy
season. They found a decrease in the standard deviation of the onset from northeast to
southwest regions with a lower average magnitude of approximately 3 pentads. However, the
findings on variability in the cessation date agree to a larger degree, both in terms of pattern
and magnitude. The discrepancy may be due to the methods used in defining the rainfall onset,
as well as the differences in interpolated ground station used by Segele and Lamb (2005) versus
the CHIRPS rainfall data that we used.

Regarding the long-term changes in the rainfall timing attributes over the period 1981-2010,
we found a significant trend of late-cessation of the rainy season over large parts of the
northeastern semi-arid areas (green rectangle, Fig. 3.9¢), western sub-humid lowlands in R3
(blue rectangles), and certain parts in the central and eastern parts of the RFA area. The trend
towards late-cessation in the northeast (R2 and R5) coincides with parts of the areas where a
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significant increase in seasonality was detected (see Section 3.4.1). Additionally, few areas in
this particular region (red rectangle, Fig. 3.9d) have undergone significant changes toward late-
onset and shortening of the duration (Fig. 3.9f). These three signals of change (late-onset, late-
cessation and shortened duration) complement our earlier finding that the increase in
seasonality in this region is associated with the recurrent failure of the Belg rainfall (Viste et

al., 2013) and increased and (slightly shifted and shortened) Kiremt rainfall.

The changes observed in the onset and duration of the rainy seasons are in agreement with the
farmers’ perception, particularly in the hotspot regions, such as the northeastern semi-arid areas
in R2. In recent assessments of farmers’ perception of local climate change at various sites (the
green dots in Fig. 3.9d), e.g., at Dura (Tesfahunegn et al., 2016), Irob and Hawzen (Kahsay et
al., 2019), and at Ziway (Habtemariam et al., 2016), over 81% of the respondents reported a
perceived late-onset of the rainy season. Asrat and Simane (2018) show farmers’ perception in
the Dabus area of shortening duration of the rainy season (in agreement with our findings) and
late-onset (contradicting our findings). At Holeta (Habtemariam et al., 2016) and Adama
(Hundera et al., 2019), farmers perceive late-onset, while we found a tendency of early-onset
in these areas. Although the periods considered in these studies do not perfectly match with the
period covered in our analysis, the data indicate that the impacts of the changes detected in

climatic indicators are perceived at the farm level.

The trends in the temporal rainfall attributes, i.e., seasonality (section 3.4.1), onset, cessation
and duration of the rainy season during the recent climate normal (1981-2010) is an indication
of the impact of climate change on the temporal distribution of rainfall in the study region.
Given the importance of the temporal attributes of rainfall for rainfed farming systems, these
changes can have major impacts on crop production as discussed in section 3.4.3. It is important
also to note that changes in the temporal rainfall attributes can intensify under future climate
(Dunning et al., 2018; Gaetani et al., 2020; Pascale et al., 2016), which may have additional

implications on the RFA systems.
3.4.3. Implications of rainfall seasonality and timing for crop production

Among the four temporal rainfall attributes (seasonality, onset, cessation, and duration), the
onset of the rainy season strongly determines the Meher TCP (Fig. 3.10a). Late-onset (positive

onset anomaly) is accompanied by a decrease in TCP and vice versa. The effect of cessation
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on TCP (Fig. 3.10b) is spatially inconsistent, although positive or negative correlations are
detected in specific areas. TCP is positively correlated with the duration of the rainy season in
many areas (Fig. 3.10c). We also observed a weak positive correlation between TCP and

seasonality (median p=0.03 considering all regions, Fig. 3.10d).
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Fig. 3.10. Pearson correlation coefficient p for the relationship between the de-trended total cereal production
(TCP) and (a) onset date anomaly (-ve/+ve anomaly corresponds to early/late), (b) cessation date anomaly, (c)
rainy season duration anomaly, and (d) DSI anomaly. The red dots in (d) are site locations of a recent study
(Tesfaye and Seifu, 2016) where farmers’ perception of local climate changes were documented. The boxplots
summarize the variability of the correlation in the six rainfall regimes -- regime 1 (R1) to regime 6 (R6) (see Fig.

3.3 for a detailed map). Correlations are computed for the period 1995-2010.

The influence of the rainfall onset on TCP is more pronounced in unimodal regimes, R1 and
R3 (p=-0.40 and -0.38, respectively). The negative correlation in R1 is associated with high
rainfall seasonality where the rainy season is confined between June and September. TCP in
both R1 and R3 are positively correlated with the duration of the rainy season (p = 0.28 and
0.19, respectively). However, the effect of seasonality in these regimes is small and tends to be

negative. Compared to R1 and R3, the correlation between TCP and onset is lower in R2 (p =
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-0.22), where Kiremt is preceded by the short Belg rainfall. This may be related to the soil
moisture memory from the Belg season that can reduce crop failure during germination before
the Kiremt onset. The positive correlation (p=0.19) with the duration is not manifested in DSI
in R2.

TCP is weakly correlated with the rainfall onset and duration of the rainy season in R4, R5 and
R6 where rainfall is less seasonal. For example, in R4, where there are only a few dry months,
the most important rainfall timing attribute is the rainfall cessation (p=0.17). This is because
Meher is the second production season after the main Belg production (CSA, 2016), and thus
late cessation is an advantage. In the bimodal regimes R5 and R6, we found that seasonality is
the most determinant factor for TCP because it is positively correlated with DSI (p=0.2, for
both regimes), while the correlation with the other attributes is relatively weak. As discussed
in section 3.4.1, overextended rainfall (less seasonal) in regions with low rainfall such as R5
and R6 is not reliable for crop production during the growing season. In line with the present
findings, Tesfaye and Seifu (2016) reported that the failure of rainfall to support crop
production is one of the effects of climate variability and change perceived by farmers over the
previous 10-15 years at Babile, Fedis and Kersa sites in the eastern part of the RFA area (see
the red dots in Fig. 3.10d).

Next, we explored if the relationships between TCP and the temporal rainfall attributes
discussed above when considering the total cereal production is different for specific crops.
We found that the general pattern of the correlation for specific crops follows the same
direction as that of the total cereal production, but the strength of the correlation changes
between crops (Fig. 3.11). Rainfall onset has a greater impact on maize and teff (p=-0.37 and
-0.32, respectively) compared to sorghum and wheat (p=-0.19 for both). The influence of the
duration of the rainy season (Fig. 3.11c) is highest for teff (p=0.34) compared to the other
crops. A weak correlation is observed for DSI (Fig. 3.11d), with a negative tendency for teff

and maize versus a positive tendency for sorghum and no correlation for wheat.

54



3.4 Results and Discussion

a) Onset vs TCP b) Cessation vs TCP
-
0.5 *
+ 7 5
0.25 - “+= = 2 g I |
| LS i \ ! | L |
: O | ! l r L o= 4
= ] e | [Sus
4 = ,_L ‘ - - : J
025} | 71 l .
e ‘ L. ] x |
T S | T ‘
A5
0.5 J\— | = b L i i
)
c) Duration vs TCP d) DSl vs TCP
T '
05} + -+
} - £ i T | & 4
025t | | | =5 | L
I | ——
= == [:] fL -+ \4 J
- 1 | L I ‘ 0 ‘J T 7\
025 - - e ‘ e = i
+
05| T+
Maize Teff Sorghum Wheat Maize Teff Sorghum Wheat

Fig. 3.11. Pearson correlation (p) between the anomaly in production dominated by specific crops and (a) onset
anomaly, (b) cessation anomaly, (c) duration anomaly, and (d) DSI anomaly. Boxplots represent the variability

between 25 sampled sites in the domain. Correlations are computed for the period 1995-2010.

The strong sensitivity of teff to the onset of the rainy season is linked to its high crop water
requirement at the initial stage of growth (shortly after sowing in July/August), with the FAO
crop coefficient (K¢, ini) 0f 0.8 — 1, nearly 3 times that of sorghum and wheat (Araya et al., 2011;
Paff and Asseng, 2018). Teff productivity is also affected by water deficit during the grain-
filling stage (Mengistu and Mekonnen, 2012), which is 65-72 days after sowing (Araya et al.,
2011). The high correlation of maize production with the onset can be explained by the fact
that the length of the growing period of maize is about 180 days (Allen et al., 1998) and its
sowing in RFA systems starts in April before the onset of rainfall (see Fig. 3.8a). Hence, the
arrival of rainfall in April is critical for the growth of maize during the early stage. Funk et al.
(2003) also documented that the April-May rainfall over large parts of Ethiopia determines the
subsequent Meher production, thus this can be the case in maize-dominated regions.

The importance of the rainfall onset is not limited to the crop growth period; pre-planting
operations like tillage require optimal soil moisture for the soil workability. In the context of
the smallholder RFA systems in Ethiopia, where tillage is an intense operation that is carried
out using draft animals, the timing of the operation follows the onset or pre-onset of rain

showers (Temesgen et al., 2008) when the soil is moist and workable. Therefore, the late-onset
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of the rainy season delays the tillage operation, which in turn delays the planting activities. The
foreseeable way to offset this impact is to improve the tillage power availability, e.g., switching

from animal draft power to mechanical (tractor) power when possible.
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Fig. 3.12. Changes in the total cereal production in % per pentad of (a) onset anomaly and (b) duration anomaly,
computed for the period 1995-2010. The histograms present the distribution of the changes. Bos is the median of
the % change in TCP per pentad. (c) Example of linear regression (LR) model performance for TCP vs onset of
all grid cell in which TCP is strongly correlated to the rainfall onset (p>0.75); the least-squares regression (LSR)

line represents an average LR model for these grid cells.

The impact of the rainy season onset on TCP is highly pronounced in the western and
northwestern parts of the RFA area (Fig. 3.12a) where the rainfall is highly seasonal with a
duration ranging from 100 days in the north to 150 days in the lower northwest. The pattern of
the impact is similar for the duration but with a lower magnitude (Fig. 3.12b). The eastward
decrease in the magnitude of the changes arises from the fact that crops take advantage of the
soil moisture memory from the Belg season in the areas where the rainfall has a bimodal
tendency. On average 1.5% reduction in TCP per unit pentad late-onset and a 1.1% reduction
in TCP per unit pentad shorter duration of the rainy season is expected across the RFA area
during the Meher production, but locally reductions of more than 10% TCP per unit pentad are

possible.

The effects of early and late-onset of rainfall tend to differ in terms of variability in the TCP
anomaly (see Fig. 3.12c), which can affect the performance of the linear regression model. This
can be linked to the asymmetry of farmers’ response to the early and late-onset events. For our
purpose, we consider the model performance to be sufficient because it is intended to determine

the average rates of changes and spatial patterns of the sensitivity of rainfed crop production to
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variability and changes in the temporal rainfall attributes in the RFA area. However, we
recommend variable transformation in cases of strong nonlinearity, if the use of linear

regression models is intended for the prediction of seasonal crop production.

Farmers often respond to a late-onset of the rainy season by adjusting their planting/sowing
schedule and thus, planting often takes place after the arrival of the first rainy days (Marteau
et al., 2011). The observed reduction in TCP per pentad of late-onset is largely due to the
inherent decrease in the total rainfall during the season as a result of the late-onset because the
onset of the rainy season and the total rainfall in season are negatively correlated (median p =
-0.88). This implies that farmers need to implement additional coping strategies, e.g.,
cultivation of crop varieties that require less water, reducing non-productive rainwater losses
(Porkka et al., 2021; Rockstrom, 2003), such as evaporation (mulching) and runoff outflow
(runoff water harvesting), to offset the effect of late-onset of the rainy season on rainfed crop
production.

3.5. Conclusions

The temporal characteristics of rainfall dictate not only the seasonal rainfall amount that is
reliably available for crop production but also the timing of the farming activities, including
tillage and planting operations, which in turn affect crop production in the RFA system in
Ethiopia. In this study, we evaluated the variability and changes in the temporal rainfall
attributes -- the rainfall seasonality, onset and cessation dates, and duration of the rainy season
-- and assessed how these may potentially affect cereal crop production.

We found that the northern RFA areas are characterized by high rainfall seasonality, while in
the southern RFA areas the rainfall seasonality is less pronounced. The onset of the main rainy
season starts in the southern part in early March and advances in the northeast direction until
late June or early July, while the cessation dates follow the exact opposite direction starting in
late September and ending in the southwest during late October. The northeastern semi-arid
region is climatologically unstable, as it undergoes substantial changes and interannual
variability in rainfall seasonality, timing and duration of the rainy season, and this is

predominantly related to the frequent failure of Belg (February - May) rainfall.

Cereal production during the Meher season is highly correlated to the onset and length of the

rainy season in regions where the rainfall seasonality is high. The highest (and negative)
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correlation between onset and total cereal production is observed in maize (p=-0.37) and teff
(p=-0.32) dominated areas. The effects of late-onset and shorter duration of the rainy season
on crop production are more pronounced in the western part of the RFA areas where the rainfall
has a unimodal pattern and the effects are less evident in the eastern parts where the rainfall
pattern is bimodal. On average, a late-onset of the rainy season leads to 1.5% of rainfed cereal
crop production loss per pentad, while a shorter rainy season leads to 1.1% of production loss
per pentad. The cessation of the rainy season has less effect on crop production. In regions with
a bimodal rainfall regime, the Meher cereal production is positively correlated to rainfall
seasonality. This is particularly the case in the eastern highland regions where the limited

annual rainfall is distributed over two shorter and agriculturally less relevant seasons.

With this analysis, we demonstrate that temporal rainfall attributes in relation to rainfed
agriculture can provide useful information for the prediction of seasonal crop production. We
expect that such information can be useful for developing early warning systems, RFA system
vulnerability assessment, and for climate adaptation planning for sustainable food production
in Ethiopia. The methods used in this study can be extended to other regions including other
East African countries to understand the response of crop production to the temporal properties
of rainfall. However, we advise against direct extrapolation and scaling of the findings of this
study for a different region because crop productivity differs between regions depending on
the existing agrometeorological services, farming technologies and other factors that can

support farmers’ decision and actions to respond to weather and climate variabilities.
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4.1. Introduction

Green water, the infiltrated part of rainfall that is stored in the soil root zone and returns to the
atmosphere in the form of evapotranspiration (Falkenmark, 2006), is the sole source of
moisture in rainfed agriculture (RFA) systems (Rockstrom, 1999). Green water accounts for
an estimated 80 % of the global agricultural evapotranspiration fluxes, and RFA systems
produce ~60 % of the global food (Mekonnen and Hoekstra, 2011; Molden et al., 2011,
Rockstrom et al., 2010; Sposito, 2013). The reliance on green water varies across regions, with
sub-Saharan Africa (SSA) being particularly dependent on this water resource, where close to
95 % of croplands are under rainfed agriculture practices (Abrams, 2018; Laderach et al.,
2021). Due to the highly dynamic nature of green water availability (GWA), influenced by
climatic and biophysical factors that vary in space and time, RFA systems are strongly climate-
sensitive under moisture-limited conditions (Kang et al., 2009; Meng et al., 2023; Park et al.,
2022). Climate change presents an additional major challenge to the system, undermining crop
production with potential consequences of food insecurity, livelinood losses, and economic
crises (FAO, 2022).

Previous global-scale assessments have highlighted the challenges posed by climate change on
agriculture, both in the past and in the future, leading to regionally varying intensification of
agricultural water scarcity and decreases in crop yields (e.g., Borgomeo et al., 2020; Jdgermeyr
et al., 2021; Lobell et al., 2011; Rosenzweig et al., 2014). This is particularly evident across
the tropics including the highly climate-vulnerable SSA countries (Burke et al., 2009; Kummu
et al., 2021; Miiller et al., 2011; Rezaei et al., 2023; Rosenzweig et al., 2014; Schlenker and
Lobell, 2010). Adaptation actions tailored to specific contexts are now a top priority for
mitigating the impacts of climate change-induced water scarcity in rainfed agriculture (RFA)
systems, primarily at the national scale through the implementation of National Adaptation
Plans (NAP) under the auspices of the United Nations Framework Convention on Climate
Change (UNFCCC, 2021) and other programs.

Ethiopia is one of the countries committed to formulating and implementing the NAP,
including in agriculture, the sector which the country and its population heavily rely on (FDRE,
2019). In fact, climate adaptation is a much-needed action in Ethiopian smallholder agriculture,
of which ~95 % is dependent on GWA, and at the same time it is an indispensable activity
supporting the food and income of nearly 80 % of the population. The NAP and its
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implementations are, in principle, based on analyses of climate change impacts and
vulnerability, along with relevant adaptation actions (UNFCCC, 2021; Warren et al., 2018).
The Global Agroecological Zones (GAEZ) database (Fischer et al., 2021), developed by the
Food and Agriculture Organization of the United Nations (FAO) in collaboration with the
International Institute for Applied Systems Analysis (IIASA), provides water-limited yields
and various other agroecological information at a global grid scale. However, for effective
national and sub-national level planning and decision-making, it is essential to have country-
specific details and critical analyses of this information. Previous studies on the impact of
climate change on crop yields in Ethiopia have primarily focused on local case studies (e.g.,
Abera et al., 2018; Araya et al., 2015; Degife et al., 2021; Hadgu et al., 2015; Kassie et al.,
2014; Markos et al., 2023; Moges and Gangadhara, 2021), making them patchy and insufficient
as a comprehensive guide for the NAP. Here we propose a framework, which allows for a
regional comprehensive analysis of agrohydrological responses to climate change across the

RFA regions of Ethiopia.

This framework builds on the key factors that influence GWA and their cascading effects on
crop yield, to guide appropriate agricultural water management planning, decisions and actions.
Several factors influence GWA. While rainfall amount and distribution fundamentally
determine the green water supply, rainfall event characteristics such as intensity, frequency,
and duration, combined with surface biophysical conditions (mainly soil, land cover, terrain
slope, and roughness), govern the partitioning of rainfall into overland flow and infiltration
(Rockstrom and Gordon, 2001; Schuol et al., 2008). Soil properties (e.g., textural composition,
organic matter content, thickness, and salinity) in particular determine the rainfall partitioning
to infiltration and runoff, the subsurface flow, green water storage capacity, and plant
accessibility, while potential evapotranspiration driven by air temperature, radiation, wind,
relative humidity, and vegetation controls the return flow of green water to the atmosphere
(Ringersma et al., 2003).

In  moisture-limited regions, crop yield is proportional to the magnitude of the
evapotranspiration flux, which is constrained by moisture availability (Hatfield and Dold,
2019; Steduto et al., 2012). The maximum yield that can be achieved with the available green
water under the best nutrient input and crop management conditions in RFA systems is
considered to be the water-limited attainable yield (Lobell et al., 2009; van Ittersum et al.,
2013). In conditions where water is not a limiting factor, like in RFA systems in humid
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agroecologies and fully irrigated systems in dry agroecologies, maximum achievable crop yield

is limited by energy, and thus is called energy-limited yield potential.

Quantification of the complex interactions between climate, soil, cultivar and crop management
is commonly done with mechanistic crop models, for example, APSIM (Holzworth et al.,
2014), AquaCrop (Raes et al., 2009; Steduto et al., 2009), CROPSYST (Stockle et al., 2003),
DSSAT (Jones et al., 2003), EPIC (Williams, 1990), and WOFOST (van Diepen et al., 1989),
which are used to simulate crop growth and yields at field scale. These models combine
hydrological models that simulate hydroclimatic processes to estimate water availability in
space and time, and crop growth models that simulate the crop physiological responses to the
agro-environmental and management conditions (Siad et al., 2019). Model complexity, and
associated issues such as data requirement and computational demand, are major constraints of
mechanistic crop models especially when applied in a distributed setting to a large geographic
domain, which necessitates a compromise between the level of complexity and the purpose of
the modelling (Adam et al., 2011; Ramirez-Villegas et al., 2017).

Here, we employ a simplified agrohydrological modelling framework to assess the impacts of
climate change on GWA and the subsequent effects on major cereal crops (teff, maize,
sorghum, and wheat) produced in the entire RFA region of Ethiopia. We address three research
questions that are relevant for future agricultural water management planning and decision-
making in Ethiopia: (i) what is the current green water availability and how will it change under
the future climate across the RFA region?; (ii) how will these changes affect water-limited
attainable crop vyields (AY)?; and (iii) which hydroclimatic factor (rainfall or
evapotranspiration) dominantly drives these changes and where? We base our assessment on
crop response conditions where all crop growth factors except water are unlimited so that we
can capture the effects of climate-driven changes in crop yields in a relative manner.
Furthermore, we critically discuss the implications of the changes for water management in the
NAP and similar agricultural development initiatives. We also present the workflow of our
modeling framework to ensure its robust application in addressing similar or related

agrohydrological research questions.
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4.2. Methods

4.2.1. Study area

The study area covers the entire rainfed arable parts of Ethiopia (hereafter RFA region), as
mapped in previous land use analysis (Kassawmar et al., 2018), encompassing an area of about
667,000 km? (59% of the landmass of Ethiopia, see the blue outline in Fig. 4.1a). The climate
of the RFA region ranges from humid to semi-arid (Fig. 4.1c) with mean annual potential
evapotranspiration ranging from 700 mm in the highland regions to 1800 mm in the western
lowland part of the RFA region. The mean annual rainfall of the RFA region ranges from 270
mm in the eastern part to 2100 mm in the western and southwestern parts (Fig. 4.1b). The
rainfall has unimodal patterns in the central, western, northern, and northeastern parts with
highest rainfall in July/August depending on the location (Segele and Lamb, 2005; Wakjira et
al., 2021). This rainy season typically spans from May to September, coinciding with the main
growing season, locally known as '‘Meher’, during which approximately 88% of the total annual
crop harvest occurs (CSA, 2007). The southern and eastern parts of the RFA region on the
other hand, largely experience a bimodal pattern with spring and autumn being the two rainy
seasons. The spring (February-May) rainy period is considered the second and shorter growing
season, locally known as ‘Belg’, in the southern and southeastern part of the RFA region.
Cereals account for about 80 % of the crops produced, with teff, maize, sorghum, wheat, and
barley being the top species, also serving as the main staple food crops in the country (CSA,
2010, 2007).
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Fig. 4.1: (a) Map of Ethiopia, the spatial extent of the rainfed agricultural region (blue outline, Kassawmar et al.,
2018), administrative zones (designated by short names) in the nine regional states. The complete list of the zones
with full names is given in Table S4.1 (Appendix A) of the supplementary material. (b) Mean annual rainfall
(MAREF) of the RFA area for the period 1981-2010, based on CHIRPS. (c) Climatic regimes (aridity) of the RFA
area (classification based on Spinoni et al., (2015)). SARD: semi-arid, dSHM: dry sub-humid, SHM: sub-humid,
HMD: humid

4.2.2. Data

Daily rainfall data for the reference period (1981-2010) was obtained from the Climate Hazards
Infrared Precipitation with Station (CHIRPS) dataset (Funk et al., 2015), which is available at
0.05° x 0.05° spatial resolution. Maximum and minimum daily 2-m air temperature data
consists of the bias-corrected and downscaled ERA5-Land (BCE5) dataset (Wakjira et al.,
2023, 2022), which is also available at 0.05° x 0.05° spatial resolution. Other climate variables
(solar radiation, wind speed, and dew point temperature) were retrieved from ERA5-Land
(Munoz-Sabater et al., 2021) and disaggregated to a resolution of 0.05° x 0.05° using a bilinear

interpolation method.

Future climate data were derived by downscaling multiple Global Circulation Model (GCM)
projections, i.e., 26 for precipitation and solar radiation and 21 for maximum and minimum
daily temperatures (listed in Table S4.2), from their native coarse resolution to 0.05° x 0.05°
grid resolution using the change factor (delta) approach (e.g., Anandhi et al., 2011; Teutschbein
and Seibert, 2012). The future climate scenarios include three Shared Socioeconomic Pathways
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SSPs (Meinshausen et al., 2020; O’Neill et al., 2016), namely the SSP1-2.6 (low greenhouse
gas emission), SSP2-4.5 (intermediate emission) and SSP5-8.5 (high emission).

Gridded soil texture and organic carbon content data were retrieved from SoilGrids (Poggio et
al., 2021). Although the SoilGrids soil data is available at 250 m grid resolution, we upscaled
the data to 0.05° (~5 km) to harmonize the spatial resolution with that of the climate datasets.
Curve number (CN) values for agricultural land use were obtained from the USDA (1985)

lookup table according to the hydrologic soil group dataset developed by Ross et al. (2018).

Independent actual evapotranspiration (ETa), surface runoff, and crop production datasets were
utilized to evaluate the agrohydrological model simulations. ETa datasets were retrieved from
five products — SSEBop (Senay et al., 2020), PML-v2 (Zhang et al., 2019), MOD16A2 (Mu et
al., 2019), GLDAS 2.1 (Rui and Beaudoing, 2020), and TerraClimate (Abatzoglou et al., 2017),
covering the period 2003-2010. Surface runoff data were collected from published runoff plot

measurements at 17 locations (Table S4.3) across the RFA region of Ethiopia. Regarding the
crop data, total cereal production (TCP), consisting of the sum of all cereals (maize, teff,
sorghum, wheat, barley, millet, oat, and rice) produced in Ethiopia, was derived from the
annual Agricultural Sample Survey (AgSS) reports (e.g., CSA, 2010) gridded by Wakjira et al.
(2021) for the period 1995-2010.

4.2.3. Agrohydrological modelling

The agrohydrological modelling framework (Fig. 4.2) that interlinks climate-hydrological-crop
(CHC) interactions was developed to simulate the effects of climate change on green water
fluxes, and its cascading influences on crop yield. The CHC model consists of three modules

for climate, hydrology and crops.

65



4.2 Methods

Sat :5
CLIMATE HYDROLOGY 5 = FC §
| raw =
‘ Errfr e | > Rainfall 3 £z
1 " | nRAW =
Downscaling of the WP «
future climate Surface runoff  €—— ‘ Evapotranspiration
i A
Infiltration
AL " CROP
LAl I?ellllman- > Soil moisture
Monteith ETo Water-limited attainable yield
¢ Deep percolation

Fig. 4.2: The CHC model used for the assessment of climate-driven changes in green water availability and water-
limited attainable yields. Dp = deep percolation, RAW = readily available water, NRAW = non-readily available

water, FC = field capacity, WP = wilting point, f = critical moisture depletion factor.
Climate module

The climate module uses climatic variables to compute the daily reference evapotranspiration
ETo [mm d*] using the FAO Penman-Monteith equation considering a hypothetical reference
grass (Allen et al., 1998):

900 4.1
O.408A(Rn - G) + yT_|_—273u2 (es - ea) ( )

ETo =
© A+ y(1 + 0.34u,)

where R,, [MJ m?] is net radiation at the crop surface, G [MJ m] is soil heat flux, T [°C] is 2-
m mean daily air temperature, u, [m s*] is 2-m daily wind speed, e; — e, [kPa] is saturation
vapor pressure deficit, A [kPa °C™] is the slope of the vapor pressure curve, and y [kPa °C™] is

the psychometric constant.
Hydrology module

The hydrology module simulates the dynamic soil water balance without lateral surface and
subsurface routing. A conceptual (bucket) water balance model is applied to the soil
hydrological fluxes — surface runoff Q [mm], actual evapotranspiration ETa [mm], deep
percolation Dp [mm], and changes in soil moisture ASM [mm] from rainfall input P [mm] at

daily time step t:
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ASMt = Pt - Qt - ETat - Dpt (4.2)

Surface runoff is simulated according to the US Soil Conservation Service (SCS) curve number
method (USDA, 1985):

(Pt - Ia,t) + S0t , otherwise (4'3)

2

2 _{& , iR >,

=
0

In the original SCS curve number model, the initial abstraction Ia [mm] was assumed to be
20% of S (indicated by the subscript in Eq. (4.3)). However, recent insights led to an update in
this value to 5%, which yielded higher runoff prediction performance of the SCS model. A

proposed conversion function from Szo to Sos is expressed by Hawkins et al. (2020):
SOS == 1.4‘2520 (44)

S is determined by the land surface conditions including soil characteristics as represented by
the hydrologic soil group, land use land cover, terrain slope and antecedent soil moisture, all

of which are parameterized as a dimensionless CN value. We estimated S using Eqg. (4.5).

100 (4.5)
=254(— -1

S20 = 25 ( CN )

CN is updated daily for antecedent moisture conditions (AMC), which are often categorized as

dry, normal, and wet. The CN values obtained from the USDA lookup table correspond to the

normal AMC condition. Accordingly, we estimated the CN values for the dry and wet AMC

following Raes et al. (2022) and Smedema and Rycroft (1983):

CNgry = 16.91 + 1.348CN — 0.01379(CN)? + 0.0001172(CN)3
(4.6)
CNyet = 2.5838 + 1.944CN — 0.014216(CN)? + 0.000045829(CN)3

We then adjusted CN at every time step by linearly interpolating between CN and CNy;., or

CN,.: depending on the soil moisture condition, assuming the soil moisture content
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corresponds to 6y,p for CNgyry, 0o.5(6,c+6yp) TOr CN, and g for CN,,;. Note that Ox¢ [m3

m=3] and 8,,» [m* m®] are volumetric moisture contents at field capacity and wilting point and
they were estimated using the widely used pedotransfer function developed by Saxton and
Rawls (2006).

Applying the conversion from Eq. (4.4) for Sos and then expressing la in terms of Szo in Eq.
(4.3), the expression for Q can be rewritten as:

(P, — 0.071S,,)" | (4.7)
= : if Pt > 0.071820, else Qt =0
(P, + 1.349S;30,¢)

Q¢

The rainfall that is in excess of Q (Eq. (4.7)) infiltrates into the soil and refills the available soil
storage V,[mm] = 1000Z (6,4 — 6,_1), Where 8,4, [m® m>] and 6,_, [m* m] are volumetric
soil moisture content at saturation and on the previous day (respectively), and Z [m] is the soil
depth. We considered that the top 60 cm homogeneous soil layer contains the majority of the
root biomass (e.g., Fan et al., 2016; Mthandi et al., 2013), and hence this is the agrohydrological
active soil depth Z for the major crops. ETa is determined by moisture availability (green water)
relative to the readily available water, RAW [mm] = 1000Zf (6r¢c — Oy p), Where f [-] is a
critical depletion fraction that represents the soil moisture level below which plants experience
moisture stress. For all four cereal crops studied, the value of f was set to 0.55 following Allen
et al. (1998). ETa was computed as ETa; = K ET, ;, where Ks [-] is the soil moisture stress
coefficient (Allen et al., 1998):

SM, (4.8)
if SM RA
Ks't — RAW 1 S t < W
1 if SM, > RAW

If the soil is saturated, the infiltrated water which is in excess of the soil field capacity

percolates into deeper soil layers at the rate Dp, = 1000Z(0; — Or¢).
Crop module

The crop module simulates water-limited attainable yield (AY) based on the FAO water

production function (Doorenbos and Kassam, 1979), which establishes a linear relationship
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between relative crop yield losses and seasonal crop water use under water-limited climatic

conditions:

ETa (4.9)
=y, =% (1-%0)

where Y, [ton ha] and Y, [ton ha'] are water-limited and energy-limited potential yields
(respectively), and K, [-] is the yield response factor that accounts for the complex crop

characteristics that determine the crop water use. We redefined for AY, the ratio of water-

limited yield Yw, and potential yield Y, as a function of evaporative stress index EST = 1 — ETTZ:
AY = 100(1 — K,ESI) (4.10)

The recommended K,, values were set to 1.25 for maize, 0.9 for sorghum, and 1.15 for wheat,

obtained from the FAO irrigation and drainage paper 66 (Steduto et al., 2012), and to 1.04 for
teff (Araya et al., 2011).

Model evaluation

The CHC modelling framework was not explicitely calibrated, all parameters were taken from
literature and global dataset, however the results were validated with independent datasets. Due
to the limited availability of observed data we could not conduct a formal validation, however
we compared the simulated values against the two most important observed agrohydrological
variables Q and ETa at annual scale. The simulated mean annual Q was compared to published
mean annual runoff observations from 17 sites within the RFA region (Table S4.3). We used
the Nash-Sutcliffe Efficiency (NSE, Nash and Sutcliffe, 1970) and coefficient of determination
R? to quantify the prediction skill. Similarly, we compared the simulated annual cycle and
seasonality of ETa with five independent satellite- and model-based ETa products for the
period 2003-2010. Finally, we examined how temporal variations in AY explain variabilities
in seasonal crop production. For this, we correlated AY and total cereal production (TCP) at

each computation grid during the period 1995-2010.
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4.2.4. Assessment of Green water availability and its yield potentials

We evaluated the climatology of GWA and AY during the two growing seasons, Meher (May
to September) and Belg (February to May) from the simulations for the reference period 1981-
2010. We used soil moisture deficit (SMD) as a metric to evaluate GWA:

eclim) (4.11)

SMD = 100 (1 -
eFC

where 6., [m® m3] is the climatological mean seasonal soil moisture. SMD [%] is a
dimensionless metric ranging from 0 (no moisture deficit) to 100% (maximum moisture
deficit). The yield metric, AY [%], which was determined using Eq. (4.10) is also a relative
quantity that explains the percentage of the energy-limited potential yield that can be viably
attained under the actual water-limited conditions when all other agro-environmental factors
such as nutrients are not limiting the yield, thus its values range from 0 (no yield) to 100%
(non-water-limited potential yield). AY is nonlinearly related to SMD, decreasing with an
increasing moisture deficit (Fig. 4.3). This nonlinearity results from the combined effects of
climatic and soil characteristics. Fig. 4.3 also shows that attainable yield diminishes as the soil
moisture deficit reaches its maximum, which is about 70% of the soil moisture at field capacity.
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Fig. 4.3: The relationship between AY and SMD in the RFA region of Ethiopia. Each data point represents a

single grid cell in the RFA domain considering both Meher and Belg growing seasons.
4.2.5. Future changes and climate sensitivity analysis

The modelling framework was applied to the future climate to assess changes in GWA and its

implications for AY. We investigated the changes during three future periods: 2020-2049
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(2030s), 2045-2074 (2060s), and 2070-2099 (2080s), under SSP1-2.6 (low greenhouse gas
emission), SSP2-4.5 (intermediate emission), and SSP5-8.5 (high emission). The impact
assessments presented here are based on the median of downscaled multiple GCM projections
of future changes in rainfall, air temperature, and solar radiation. Other climatic variables were
assumed to remain unchanged (Peleg et al., 2019). The impact analyses compare SMD and AY
during the three future periods with the reference period for the two growing seasons, Meher

and Belg, and four major crops grown in Ethiopia (teff, maize, sorghum and wheat).

We also examined the sensitivity of AY to changes in rainfall (green water supply) and
atmospheric evaporative demand (AED) as represented by ETo. We determined the rainfall-
and AED-sensitivity metrics, Brr and Bgp, as the ratio of percent change in AY and percent
change in rainfall or ETo on the basis of one-at-a-time analysis approach (Hamby, 1994), where
the CHC modelling framework was forced by the future RF and ETo for all the three emission
scenarios and three future periods:

5 — %AAY g 5 = %AAY gp) (4.12)
RE ™ 04 ARF ED ™ “o4AETo

We computed the comparative influences of the future changes in rainfall and AED on AY
using the sensitivity ratio computed as Bratioc = Brr /Brp- The values of .., range from zero
to infinity with values less one indicating temperature sensitivity, and B 4, Values greater than
one indicating AED sensitivity. This approach is based on the assumption that the changes in
rainfall and ETo are independent, which was confirmed by the low squared correlation (R? =
0.098) between rainfall and ETo computed for the period 2020-2099 for the three SSPs at every
grid point.
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4.3. Results

4.3.1. Evaluation of the CHC model

We first evaluate the simulated runoff (Q), actual evapotranspiration (ETa), and water-limited
attainable yield (AY) against other independent data. The comparison of simulated and
observed mean annual Q (Fig. 4.4a) at the 17 field locations demonstrates a good performance
(R? = 0.80 and NSE = 0.53) of the hydrological module. It is important to note that this
comparison involves a point-to-grid value, and a perfect match cannot be expected due to this
scale difference. The model underestimates the simulated Q at the two most humid locations.
The comparison for ETa was made for six arbitrarily defined sub-regions of the RFA region as
shown in the inset in Fig. 4.4b. The simulated mean annual ETa aligns well with the average
estimates (hereafter, observed) from five independent ETa datasets (R? = 0.82), particularly in
the north, northeast, and west sub-regions. Poorest fit is observed in the central sub-region
where the model predicts higher ETa than observed, followed by the east sub-region where the
simulated ETa is lower than observed. However, the simulated ETa estimates well the monthly
cycles (Fig. S4.1) and annual ETa (Fig. S4.2).

We evaluated the simulations of AY [%] in terms of their correlation to variations in TCP [ton
y'!]. The rationale here is that in some regions TCP will follow the climate-driven attainable
yield (high correlation), while in others the non-climatic factors, including nutrient input,
improved cultivars, and pest and weed management, will play a role (low or negative
correlation). Because TCP in the RFA region of Ethiopia exhibited an average increase of 0.36
ton hal y?! during the studied period (1995-2010), despite an almost constant AY, we
conducted the correlation analysis on detrended TCP, thereby removing some of the effects of
the non-climatic component of the variabilities in TCP (Kukal and Irmak, 2018; Mohammadi
et al., 2023; Wakjira et al., 2021). The correlation analysis between detrended TCP and AY
anomaly reveals mostly positive correlations (median Pearson’s correlation coefficient, p =

0.37), particularly in the primary Meher-producing northern half of the RFA region (Fig. 4.4c).

Some areas, primarily in the humid and sub-humid regions of the southern and southwestern
parts, and to a lesser extent in the western and southeastern parts of the RFA region, exhibited
negative correlations between TCP and AY. This can be attributed to climatic regimes, land

use, and socioeconomic practices. Two main factors may govern the AY-TCP correlation with
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climate. In less water-limited humid areas like the southwestern part, the linear relationship
assumed in the crop yield response to water availability (Eq.(4.9)) does not hold, as AY is
weakly dependent on rainfall. Additionally, in these humid climates and areas with poor soil
drainage (e.g., areas marked as E1 in Fig. 4.4c), crop yield can be adversely affected by
saturated soil conditions, leading to waterlogging problems. Concerning land use and
socioeconomic practices, the majority of areas with evident negative correlation are forest
and/or agroforestry ecoregions (see E2 and E3 in Fig. 4.4c) (Kassawmar et al., 2018), while
other areas are agropastoral (E4) where seasonal crop production is an optional practice. Thus,
interannual variabilities in TCP depend largely on how much farmers opt for cereal production

in a given production year.
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Fig. 4.4: Comparison of: a) Simulated and observed mean annual runoff (Q), measured over varying years at 17
locations, collected from published studies across the RFA region (Table S4.3). This is a grid-to-point comparison.
b) Simulated and satellite- and model-based mean annual ETa (2003-2010) from five data products (see section
4.2.2) spatially averaged over six arbitrarily defined sub-regions shown on the inset map. The error bars represent

the variability (deviation from the median value) of ETa among the five products. ¢) Map of Pearson correlation
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coefficient (p) of detrended total cereal production (TCP) and AY for the period 1995-2010. TCP represents the
sum of all cereals produced during the Meher growing season. The dots show uncultivated areas based on cropland
cover fraction data from Copernicus Land Services (Buchhorn et al., 2020). The inset histogram shows the

distribution of p. The rectangular marks (E1-E5) show ecoregions where the correlations are weak or negative.
4.3.2. Green water availability and attainable yield potentials

The reference climatology of growing season GWA and water-limited yield across the RFA
region based on the computed SMD and AY values, is presented in Fig. 4.5, considering alfalfa
as a reference crop (Ky = 1.1). During the Meher growing season, the southern and
southwestern humid regions of the RFA exhibit low soil moisture deficit, with values less than
10 % of 6. (see Fig. 4.5a). Moving from the southwestern areas, the Meher SMD gradually
increases in the northern and northeastern directions. In the peripheral semi-arid regions in the
northeast, east, and southeast, the deficit reaches as high as 60-70 %. Notably, areas with SMD
values below 20 % largely have AY>90 %. In other words, the water-limited yield gap less
than 10 % of the potential yield achievable under unstressed moisture conditions (equivalent
to fully irrigated system) can be attained in the south-central, southwestern, and eastern
highland parts of the RFA region (Fig. 4.5b). As expected, low AY (mostly less than 40 %) is
evident in the southern and southeastern semi-arid parts of the RFA region during the Meher
growing season. In summary, the median Meher SMD values are 17 %, 30 %, 37 %, and 53 %
in humid, sub-humid, dry sub-humid, and semi-arid climates, respectively, while the
corresponding median AY values are 93 %, 80 %, 68 % and 46 % (Fig. 4.5¢, 1).

In the Belg season, the median SMD is mostly below 40% in the major Belg-producing areas
in the south (see Fig. 4.5c), with AY of up to 80% in the humid areas in the southwestern
regions (Fig. 4.5d). In the central and eastern parts of the RFA, which constitute other Belg
regions, SMD is higher, reaching up to 60 %, resulting in a correspondingly lower AY of 40-
60 %. The northern and northwestern parts of the RFA are dry during the Belg season, thus
SMD is very high. Unlike in the Meher season, the differences in SMD among the climatic
regimes are less pronounced, with median SMD ranging from 56 % in humid areas and 62 %
in semi-arid regions (Fig. 4.5e).
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Fig. 4.5: Climatological soil moisture deficit (SMD) during Meher (a) and Belg (c), water-limited attainable yield
(AY) for alfalfa (Ky = 1.1) during Meher (b) and Belg (d), SMD in different climatic regimes by aridity (e), AY
in different climatic regimes during the two growing seasons for the period 1981-2010. Aridity classification is
given in Fig. 4.1: SARD = semi-arid, dSMD = dry sub-humid, sHMD = sub-humid, HMD = humid. The dotted
areas in (a) and (c) show the Meher- and Belg-producing regions respectively, delineated based on the Atlas of
Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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4.3.3. Future changes in GWA and AY
Projected changes in growing season rainfall and temperature

Based on the downscaled multiple GCM median projection, the growing season climate across
the RFA regions is expected to become warmer and wetter in future periods (Fig. 4.6). The
temperature increase is progressive over time, especially under the intermediate and high
emission scenarios, and shows little spatial variability (e.g., Fig. 4.6¢). However, changes in
rainfall patterns vary across regions and depend on the growing seasons. For example, Meher-
producing areas are likely to experience increased rainfall, while dry seasons are expected to
remain unchanged or become even drier (e.g., Fig. 4.6a, b). Similarly, during the Belg season,
the Belg-producing areas in the southern part of the RFA region are expected to become wetter
under higher greenhouse gas emissions. In general, a rainfall increase of up to 250 mm is
anticipated over a large part of the RFA region during the Meher season under the high
emission scenario in the 2060s (Fig. 4.6a) and up to 300 mm in the 2080s (not shown). During
the Belg season, rainfall increase could reach up to 150 mm under the high emission scenario
in the 2060s. Additionally, the mean annual temperature is projected to rise by up to 3 °C in
the 2060s and up to 5 °C by the end of the century.

a) Meher (2060s) b) Belg (2060s) ¢) Annual (2060s)

Changes in rainfall [mm)]

- 1 1 1 |-

-250 -200 -150 - - 100 150 200 250

Fig. 4.6: Projected changes in seasonal rainfall in the 2060s during a) Meher (May-September), b) Belg (February-
May), and c) changes in annual temperature under the three SSPs. The changes presented here are the median of

26 downscaled GCM projections for rainfall and 21 GCM projections for temperature.
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Future changes in soil moisture deficit

In the face of the expected warmer and mostly wetter climate across the RFA region of
Ethiopia, the GWA is likely to increase. In the main growing season, Meher, SMD is expected
to decrease by up to 5 % over a large part of the region in the 2030s under all emission scenarios
(Fig. 4.7). However, in the 2060s and 2080s, SMD is projected to increase by 3-15 % over the
western, southwestern, and southern parts under the low and intermediate emission scenarios.
This is expected, given the projected minimal change in rainfall under the warming climate
over these regions, as shown in Fig. 4.6 in the 2060s, for example.

2030s 2060s 2080s

SSP1-2.6

SSP2-4.5

SSP5-8.5

Fig. 4.7: Projected changes in soil moisture deficit (SMD) across the rainfed agricultural region of Ethiopia during
the Meher growing season under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios in the 2030s, 2060s, and 2080s

Under the high emission scenario, soil moisture deficit is likely to decrease over the majority
of the region, following the increase in rainfall. The central and northeastern parts of the RFA

regions are generally expected to experience a slight decrease in SMD and thus slightly higher
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GWA under all scenarios in the future. The highest increase in SMD is observed in the
southwestern and southern parts of the RFA region, where the Meher rainfall mostly remains

unchanged (Fig. 4.6a).

In the Belg growing season, soil moisture deficit consistently decreases over the producing
regions in the future periods under all scenarios (Fig. 4.8). These increases in GWA are
particularly significant across the main Belg region in the southwestern parts of the RFA. In
these areas, SMD is expected to decrease by up to 6 % in the 2030s (2020-2049) and by over
15 % in the 2080s under the low and intermediate emission scenarios.

2030s 2060s 2080s

SSP1-2.6

SSP5-8.5
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Fig. 4.8: Projected changes in soil moisture deficit (SMD) across the rainfed agricultural region of Ethiopia during
the Belg growing season under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 in the 2030s, 2060s, and 2080s

Under the high emission scenario, GWA across the primary Belg-producing regions in the
south and southwest is expected to increase by up to 35 % by the end of the century. Overall,
the projected changes in soil moisture deficit across the study area are largely consistent with
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a recent global-scale assessment by Liu et al. (2022), which reported a decrease in agricultural
water scarcity of up to 15 % in the RFA region for a comparable future period (2026-2050) and
reference period (1981-2005) under the RCP2.6 scenario.

Future changes in water-limited crop yields

The likely implications of changes in SMD on attainable yields for the four major cereal crops
(teff, maize, sorghum, wheat) cultivated in Ethiopia are presented next. We summarize the
changes occurring during the two growing seasons in their respective producing regions and
across the various climatic regimes of the RFA.

Meher season

In the Meher season, minor or no changes in AY are expected, although regional differences
exist in both the magnitude and direction of these changes. For example, for the 2060s, the
projected changes in AY for teff range from -7.8 % to 5.3 % under the low-emission scenario,
and from -12.1 % to 10.7% under the high-emission scenario. Similarly, for maize, the expected
changes range from -7.8 % to 4.7 % under the low emission scenario, and from -11.5 % to 6 %
under the high emission scenario (Fig. 4.9a). Under the intermediate emission scenario, the
changes are predominantly negative, ranging from -9.3 % to 1.8 % for teff and from -8.2 % to
1.2 % for maize. Similar order of magnitude and direction of changes were observed for

sorghum and wheat crops (refer to Fig. S4.3-4.7).

Comparing the near- and long-term future changes, we note a decreasing trend in AY for all
crops under all emission scenarios. During the 2030s, the northern parts of the RFA region are
likely to experience increases, while decreases are mainly evident in the southern and
southeastern parts of the Meher-producing areas. Notably, the marginal areas in the south and
southeast are likely to experience the most significant decrease in AY for all crops and under
all scenarios. By the 2080s, most Meher-producing areas are expected to witness either no
change or a decrease in AY (Fig. S4.3-4.7).

We also examined the water-limited attainable yield responses in different climatic regimes
(Fig. 4.10). In humid areas, the temporal changes and spatial variability in AY are small for all
crops under all emission scenarios. This is because these areas rarely have moisture limitations,

meaning that an increase in rainfall will have a minimal effect on yield improvement. In
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contrast, in semi-arid, dry sub-humid, and sub-humid areas, AY is likely to increase in the
2030s and then consistently decrease in future periods under both low and high emission
scenarios. Under the intermediate scenario, AY is expected to decrease in the 2060s and then
increase in the 2080s. Spatial variations are particularly high for teff, especially in semi-arid

areas with changes ranging from -10 % to +5 % in the 2060s.

a) Meher SSP1-2.6 SSP2-4.5 SSP5-8.5

Teff

Maize

AAY [%]
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b) Belg
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Fig. 4.9: Projected changes in water-limited attainable yield for teff and maize in Meher (a) and Belg (b) during
the 2060s under the SSP1-2.6, SSP2-4.5, and SSP5-8.5. The RFA region was masked using cropland suitability
maps (Wakjira et al., under review) to restrict the analysis to areas potentially suitable for each crop. The non-
producing areas during both seasons were also masked out following the Atlas of Ethiopian Rural Socioeconomy
(IFPRI and CSA, 2006).
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Belg season

Following the increased rainfall and the subsequent rise in GWA, AY is projected to increase
significantly and progressively over the major parts of the Belg-producing regions in future
periods. However, a few areas will experience small decreases (Fig. 4.9b). For teff, the
expected changes in the 2060s range from -3.5 % to 8.8 % under the low emission scenario and
from -3.6 % to 21.7 % under the high emission scenario. Similarly, for maize, the changes
range from -5.9 % to 10.6 % under the low-emission scenario and from -4.7 % to 27.6 % under
the high-emission scenario. These positive changes are expected to intensify, particularly under
the high emission scenario, with the majority of the Belg-producing region experiencing an
increase in AY of over 20 % for all crops examined. The changes for all crops and future
periods have been illustrated in the supplementary material appended to this paper (Fig. S4.7-
4.10).

The changes in AY during the Belg season in different climatic regimes are illustrated in Fig.
S4.11. The variations in overall changes in AY among these regimes depend on the emission
scenario. Under the low emission scenario, median changes in AY do not significantly vary
across climatic regimes, remaining positive throughout the three future periods for all crops
examined. In contrast, under the intermediate and high emissions, AY tends to increase with

climatic wetness (from semi-arid to humid climates).

Decreases in AY are mainly noticeable in semi-arid and dry sub-humid areas in the 2030s.
However, during the 2060s and 2080s, median changes in AY are relatively consistent across
climatic regimes for all crops. Spatial variability in changes generally increases with climatic
wetness and into the future periods under the low emission scenario while a decreasing pattern
rarely observed under the intermediate and high emission scenarios. In all cases, spatial
variability of the changes is lower in the 2030s compared to the mid- and long-term future
periods. Concerning the examined crops, it was observed that the projected increases in AY

are higher for maize and wheat compared to teff and sorghum.
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Fig. 4.10: Boxplots of the projected changes in water-limited yields (AY) of the four major cereal crops produced

in Ethiopia in different climatic regimes under the three SSPs during the three future periods, during the Meher

growing season. Each boxplot represents the distribution of AY changes within Meher-producing areas for all

grid cells in the respective climatic regime. Outlier values have been excluded.

4.3.4. Climate sensitivity of attainable crop yields

The spatiotemporal average relative sensitivity (Bratio) Of AY to atmospheric evaporative

demand (AED) and rainfall for the four crops under the three SSPs are presented in Fig. 4.11.

The results are averaged for the three future periods for the main growing season Meher at the
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administrative agricultural zones of Ethiopia. Results for the Belg short growing season are
presented in Fig. S4.12. The climate sensitivity is reported at a zonal scale, rather than at the
grid scale, to provide zone-specific insights into the relative importance of ETo and rainfall
that determines future green water supply; this information is crucial for agricultural water
management planning, service provision, and decision-making at the institutional scale. For
the interpretation, we categorize the sensitivity of AY as AED-sensitive (Bratio < 0.8), AED-

and rainfall-sensitive (0.8 < Bratio < 1.2), and rainfall-sensitive (Bratio = 1.2).

During the Meher growing season, AY is predominantly AED-sensitive for all crops under all
emission scenarios we considered (Fig. 4.11). The percentage of zones across which AY is, on
average, AED-sensitive is 64 % for teff, 50 % for maize, 52 % for sorghum and 77 % for wheat
under low emissions. The influences of AED on AY increase with GHG emissions. Under high
emissions, AED dominates the changes in AY in 82 %, 65 %, 73 %, and 92 % of the zones for
teff, maize, sorghum, and wheat respectively. In the remaining zones, the simultaneous
influences of rainfall and AED are evident, except for maize, where rainfall has a more
significant impact than AED. Notably, changes in rainfall have a low influence on teff and
wheat, with AY being rainfall-sensitive in less than 5 % of the zones. These crops are
exceptionally more sensitive to AED compared to maize and sorghum, as indicated earlier.
Temporal changes in climate sensitivity of AY are also evident, but the spatial patterns do not
change significantly in future periods.

The influences of changes in AED and rainfall on AY are primarily linked to the climatic
regimes of the RFA region. In semi-arid and dry sub-humid climates, AY is predominantly
AED-sensitive. This is particularly noticeable in the northeastern zones (covering the eastern
parts of Tigray and Amhara, and western zones of Afar regions) and the central to eastern zones
(including East Shoa, Arsi, and Hararge zones of the Oromia region) in the RFA region for all

crops under low emissions (left panels in Fig. 4.11).
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Fig. 4.11: Area-averaged relative sensitivity (B atio) Of water-limited attainable yields (AY) to rainfall and
atmospheric evaporative demand (AED) for the Meher growing season at the administrative zone level under the
low, intermediate, and high emission scenarios. The mapped values represent the average of 3,4, Of all grid cells
within each zone, and all three future periods. The names of the administrative zones are indicated in Fig. 4.1 and
Table S4.1.

This influence of AED intensifies to more zones in sub-humid and humid climates under the
intermediate and high emissions. Rainfall-sensitivity is largely evident in humid climates,
mostly in the central, western, and northwestern zones under low emissions for all crops except
wheat, which is rainfall-sensitive only in the northwestern parts of the RFA region (Western

Tigray and North Gonder zones). Maize AY is strongly rainfall-sensitive under all scenarios,
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across the humid zones in the western part of Oromia (Wollega, Jimma, and Illubabor zones),

Sidama region, and most of the zones of the SNNP region in the southwestern part.

In contrast to the main growing season, future changes in AY during the Belg growing season
are primarily influenced by changes in rainfall, particularly in the main Belg-producing areas
in the southwestern, southern, and southeastern parts of the RFA region for all crops under all
SSPs (Fig. S4.11). There is less spatio-temporal change in the rainfall sensitivity of Belg AY.
Only under the high emission scenario does the influence of changes in AED contribute to the
influences of rainfall, primarily in the northern half of the RFA region, which remains dry

during this season.

4.4. Discussion

4.4.1. Current water limitations and crop yield gaps

Achieving crop yield at its potential level is not only a matter of adaptation to climate variability
and change, but it is also a key strategy for eradicating rural poverty and building resilience in
heavily agricultural nations like Ethiopia (Abrams, 2018; Tittonell and Giller, 2013). In the
effort to enhance crop yields, three levels of yields can be defined and targeted (van Ittersum
et al., 2013): (i) potential yield (Yp), primarily defined by temperature, radiation, light, and
cultivar; (ii) water-limited yield (Yw), determined by moisture availability and soil type, but
within the constraints of Yp; and (iii) actual yield (Ya), which is dependent mainly on farm
management practices including water, soil, nutrient, pest and weed management. In RFA
systems water is a major limiting factor, and thus, Yw defines the rainfed crop yield potential
(Dijk et al., 2017; van Ittersum et al., 2013), as Yp can be reached only by supplementing the
green water through irrigation to fully meet the crop water demand.

Fig. 4.12 illustrates the current conditions of the three yield levels in a Budyko-like space
(Budyko, 1958) and analyzes the yield gaps with AY. In the Meher season, green water has the
potential to produce more than 80 % of Yp across 52 % of the Meher-producing regions of
Ethiopia (highlighted by the shaded area in Fig. 4.12a). Only about 27 % of the Meher-
producing region is moisture-limited (P/ETo < 1). However, there are areas where the seasonal
rainfall is greater than the atmospheric evaporative demand, but AY is still low (e.g., shown by
the red ellipse in Fig. 4.12a). This discrepancy is primarily linked to surface and soil

characteristics that influence rainfall-runoff partitioning and green water storage capacity.
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From a management perspective, there may be limited options to address inherent soil physical
properties like textural composition, apart from measures such as amendment with organic
matter, which might to some extent, improve infiltration and green water storage capacity
(Hartmann and Six, 2023).

On the other hand, there is an extremely large yield gap between Ya (orange rectangle symbols)
and Yw (blue diamond symbols) as shown in Fig. 4.12a, for maize for example. Our
comparison of Yw from study results at 14 experimental case studies across the RFA region
(see Table S4.4 of the supplementary material), and the corresponding zone-averaged Ya from
the agricultural sample survey of Ethiopia (e.g., CSA, 2010) shows that the absolute yield gap
at these sites ranges from 1.3 to 7 ton.ha* (Fig. 4.12b).
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Fig. 4.12: a) Scatterplot of water-limited attainable maize yield fraction (Yw/Yp) against seasonal aridity showing
the energy (dashed red line) and water limitations (dashed blue line). The color gradient shows the climatic aridity
of each grid cell (different from the values on the x-axis, which are seasonal aridity). The solid line represents the
parametric Budyko curve fitted to the point cloud. The blue diamonds show Yw at 14 locations across the RFA
region, derived from published maize Yp data (fully irrigated, optimally fertilized). The orange squares are the
corresponding average actual maize yield (Ya) in the administrative zone within which the experimental location
is found. The shaded area indicates maize AY>80 %. b) Comparison of Yp (experimental), Yw (derived as a
fraction of Yp using AY), and Ya (also as a fraction of Yp). The list of experimental locations is given in Table
S4.4.

This gap should be reduced by addressing farm management actions, including tillage,

resources use (green water and soil nutrient and fertility management, cultivar selection) and
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crop protection (pest and weed management) (Lobell et al., 2009). Other limitations like soil
salinity, acidity, and waterlogging are also among the yield-reducing factors that need a
substantial amount of financial and technological investment. Our previous work has shown
that actual crop yields are also greatly influenced by seasonal rainfall characteristics such as
timing (onset and cessation) and seasonal distribution (Wakjira et al., 2021), which suggests
that measures like onset-informed planting (Lala et al., 2021) could be beneficial to reduce the

yield gaps associated with water stress in moisture limited areas.

4.4.2. Implications for agricultural water management

While the changes in water-limited attainable yield vary greatly across the RFA in terms of
both magnitude and direction during the main growing season, the results show that semi-arid
and dry sub-humid areas are most likely to experience a reduction in AY. On one hand, this is
attributed to an intensified soil moisture deficit, as evident for example in the northwestern,
western, southern, and southeastern semi-arid areas (with low and intermediate emissions in
the 2060s and 2080s, in Fig. 4.7), and on the other hand, it is also a result of increases in AED-
sensitivity (Fig. 4.11), particularly in the moisture-limited regions. In these regions, it would
be beneficial to implement on-farm water management strategies that maximize green water

availability and minimize non-productive green water flows.

Practices that aim to maximize GWA should focus on altering the rainfall-runoff partitioning
processes by increasing the opportunity for infiltration during rainfall through various surface
management practices. For example, tillage and physical measures like bunds, infiltration
trenches, tied-ridge, and planting pits among others (Hurni, 2016; Makurira et al., 2009;
Nyakudya et al., 2014) have been successfully evaluated in field experiments and on-farm
practices. Other measures like residue retention and cover cropping not only enhance
infiltration, but also suppress the non-productive evaporation from the soil surface.
(Rockstrom, 2003). Additionally, measures that improve infiltration also offer the side benefit
of reducing soil erosion by runoff, another critical challenge that contributes to the crop yield
gap. Finally, we strongly suggest that the selection of water management practices should be
carefully made by evaluating their need and suitability primarily based on climate and soil
characteristics. For example, in humid climates with heavy clay soils, such practices may result
in waterlogging problems, which is also a major yield-reducing factor in such environments
(Manik et al., 2019; Pittelkow et al., 2015).
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4.4.3. Intensification of the Belg season production

The projected increase in GWA and AY during the Belg season may provide an additional
opportunity for farmers to intensify their production during this season. This, however, will
need firm stakeholder commitment to plan and mobilize resources for action in the framework
of National Adaptation Plans (NAP) and similar initiatives (Conway and Vincent, 2021). Long-
term awareness of stakeholders, ranging from the institutional level to farm-level actors, on the
expected challenges and opportunities of climate change, supported by climate information
services for short-term decisions, is highly important to exploit such opportunities (Grossi and
Dinku, 2022b). In addition to climate information like the forecast information of the expected
onset and cessation of Belg rain, extensive support on proper selection of crop types compatible
with the duration of the short growing season is vital to help farmers effectively plan and
undertake bi-annual production without compromising the main growing season. Moreover,
the high soil moisture deficit (Fig. 4.5) and high sensitivity of water-limited yield to rainfall
during this season (Fig. S4.12) suggest that green water management practices are crucial for

enhancing productivity.

4.5. Conclusions

We investigated the cascading effects of climate on green water availability and water-limited
attainable yield (AY) in the context of the rainfed agricultural region of Ethiopia. We integrated
hydroclimatic processes with crop yield response through an agrohydrological modelling
framework to assess the current potential, future changes, and climate sensitivity of AY. The
AY across the Ethiopian RFA region is 79 % of what could be produced under water-unlimited
conditions during the main growing season (Meher) and 37 % during the shorter season (Belg)
during the reference period, with regional variation depending on the climatic regimes. The
soil moisture deficit (percent of soil moisture content at field capacity) during this period is on

average about 29 % in Meher and 56 % in Belg.

The future climate over the RFA region is expected to be warmer and mostly wetter. Under
these changes, future changes in green water availability and AY vary across regions, emission
scenarios, future periods, and between the two growing seasons. In Meher, the expected
changes in AY range largely in the £5 % range under all scenarios and future periods. Changes
during the 2030s are largely positive under all scenarios, but AY shows overall decreases in
the 2060s and 2080s. Decreases in AY are mostly evident in semi-arid regions, with teff being
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the most affected. These changes are dominantly driven by the atmospheric evaporative
demand (AED), that is by temperature increase, especially in moisture-limited regions. The
influence of AED increases under the intermediate and high emission scenarios, suggesting the
need for due attention to management strategies that suppress evaporative losses in the future.
In Belg, AY is expected to progressively increase by up to 20 % under the high emission
scenario by the end of the century, providing an opportunity for farmers to expand crop
production in this season. These changes are dominantly driven by increases in rainfall,
implying that green water management practices that increase water availability would further
improve crop Yyields during this season. Furthermore, our assessment of documented field
experiment results and crop yield data from the RFA region reveals a large gap between the
actual and water-limited yield. For example, for maize on average only 36 % of AY is actually
realized under the current practices, suggesting that green water management practices should
be combined with other measures that overcome the yield-reducing factors related to soil

nutrient, tillage practices, plant protection, and cultivar improvement.

Finally, the CHC modeling framework developed in this study can be applied to conduct
similar assessments in other regions. It can also be adopted for various agrometeorological
applications, such as estimating seasonal water availability and crop water demand for both
irrigated and rainfed systems, as well as predicting relative yields for management planning
and decision-making. This framework minimizes dependence on process-based crop models
for such analyses, which often require intensive measurement data for the calibration of several

model parameters.
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5.1 Introduction

5.1. Introduction

One of the major impacts of climate change globally is the disturbance it imposes on ecosystem
functioning, which ultimately leads to redistribution and even irreversible losses of species
(Pecl et al., 2017; Schmidhuber and Tubiello, 2007). The influences on crop species threaten
human society as they may reduce global food production and affect the livelihoods of people
involved in agriculture (Godfray et al., 2010). Global assessments show that the observed and
projected changes in cropland distributions follow latitudinal patterns with temperate regions
gaining cropland suitability (CLS), while in the tropical regions croplands are in general
becoming less suitable (e.g. Kummu et al., 2021; Ramankutty et al., 2002; Rosenzweig et al.,
2014; Zabel et al., 2014). At local and regional scales CLS changes with elevation, primarily
decreasing in lowlands and increasing in highlands (Brusca et al., 2013; Castro-Llanos et al.,
2019). Although climate-related changes lead to gains in suitability in some regions and losses
in others, the overall global change in cropland suitability is projected to considerably decrease
globally, as a warming temperature and uncertain rainfall patterns put future food production
at high risk (FAO, 2022).

Regions like sub-Saharan Africa, where the national economies and livelihoods of citizens are
strongly dependent on agriculture, are likely to face severe socioeconomic crises and increase
in poverty due to the climate-induced shifts and reductions in CLS (e.g. De Souza et al., 2015;
Tim Wheeler and Braun, 2013). Ethiopia is among the nations in which agriculture is an
extremely important socio-economic sector. It contributes about 34% to the national GDP and
85% of the export revenues and supports the livelihoods of 85% of the population (Eshete et
al., 2020; NBE, 2021). Because nearly 95% of the cropland is under smallholder rainfed
practices (FAOSTAT, 2018), the farming system is highly prone to weather and climate
variability and changes (Shukla et al., 2021) in multiple ways. For example, the productivity
of the rainfed agriculture (RFA) is extremely sensitive to fluctuations in the timing and amount
of rainfall (Grossi and Dinku, 2022b; Lala et al., 2021; Wakjira et al., 2021), agricultural
drought risks are high in the country and the entire horn of Africa (Carrdo et al., 2016; Chere
et al., 2022; Eze et al., 2022; Mera, 2018; Meza et al., 2020; Philip et al., 2018; Viste et al.,
2013), weather-triggered pest infestations are becoming more frequent and are disastrous to
crops (Alemu and Neigh, 2022; W. Peng et al., 2020; Zeleke et al., 2023). While these events
only occur irregularly and with different severity levels depending on the driving
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agrometeorological conditions, the change in CLS is a continuous effect, and a critical
challenge that fundamentally determines the long-term cropland availability (Ramirez-Cabral
etal., 2017; Tim Wheeler and Braun, 2013).

In recent years, several global and continental-scale assessments and databases of CLS have
been developed, highlighting the distribution of various crop species. For example, the Global
Agro-Ecological Zone (GAEZ) database (Fischer et al., 2021), which was developed based on
the fundamental principles of land evaluation recommended by the Food and Agriculture
Organization (FAO), offers a range of agroecological information, including CLS for 50 crops.
Schneider et al. (2022) compiled a global inventory of potentially suitable croplands for 26
crop species using a fuzzy logic land suitability model while Chemura et al. (2024) recently
developed an Africa-wide CLS dataset for 23 major crops using the EcoCrop model (Ramirez-
Villegas et al., 2013). These assessments are optimized for global and regional scales in terms
of inputs and models considered, which to some extent limits their ability to represent local
scale conditions. Country-specific assessments are necessary to incorporate these details by
leveraging locally available inputs (e.g., crop yield data) and utilizing the best-performing
gridded climatic inputs, to better inform planning and practical decisions at national and sub-

national levels.

In this regard, a limited number of studies have assessed the impacts of climate change on
future croplands in Ethiopia. Evangelista et al. (2013) examined the future spatiotemporal
changes in the major crops (teff, maize, sorghum, and barley) over the country by applying the
Maxent species distribution model (Phillips et al., 2004) with several bioclimatic variables and
crop yield datasets and found an overall decrease in CLS for cereal crops. More recent country-
level studies focused on the teff CLS using species distribution models (Alemayehu et al.,
2020; Bezabih et al., 2020; Zewudie et al., 2021), while Gebresamuel et al. (2022) assessed the
altitudinal shifts in the major crops in southern Tigray using a similar approach and found a
considerable migration toward the highlands and a decline in the suitable area of crops like
wheat and barley. Two major gaps are noticeable in the previous studies on CLS changes. First,
the spatial predictions of the CLS are solely based on climatic variables and do not account for
the effects of other important environmental factors such as soil properties. Second, future
changes are assessed based on a few projections of general circulation models (GCM), making

the results highly uncertain.
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In this study, we aim to define more accurate CLS maps and climate-driven changes therein by
addressing the gaps mentioned above. We tackled the first gap by using a combination of
climatic and soil factors. We developed a model linking observed crop yields with these
combined predictors and used it to provide reliable potential CLS maps of the four major cereal
crops (i.e., teff, maize, sorghum, and wheat) across the RFA areas of Ethiopia under the current
climate. We tackle the second gap by examining the future changes in the CLS of the crops
considering multiple GCM projections, and by separating the influences of rainfall and
temperature on these changes. Moreover, we provide an in-depth analysis of the implications
of these changes on future food production, the livelihoods of farmers, as well as environmental
sustainability. With that information, we demonstrate the need for context-based and
appropriate climate actions, which is inadequately considered in the current national adaptation
plan of Ethiopia (FDRE, 2019).

5.2. Materials and Methods

5.2.1. Study area

The rainfed agricultural region of Ethiopia (Fig. 5.1) covers ~667,000 km? making up 59% of
the total landmass of the country (Kassawmar et al., 2018) where over 90% of the population
is living (CSA, 2007). The elevation of the RFA region ranges from about 400 to 4500 m.a.s.|
and spans arid (annual rainfall of about 270 mm y1) to hyper-humid (~2100 mm y1) climates
(Wakjira et al., 2021). Crop production takes place largely between May and September,
locally known as the ‘Meher’ production season that accounts for about 88% of the annual crop
harvest. The shorter growing season ‘Belg’ from February to May provides a second
production window in some regions (Taffesse et al., 2012). Cereals are the main crops produced
under the RFA practices and comprise about 80% of the total crop production in the country,

with the top four cereals being teff, maize, sorghum, and wheat (CSA, 2010).
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Fig. 5.1: Altitude and map of the rainfed agriculture (RFA) region (blue outline) in Ethiopia (Kassawmar et al.,
2018). The inner polygons are the 62 administrative zones within the RFA region for which the annual crop
production statistics are summarized (CSA, 2010).

5.2.2. Data

Gridded climate (precipitation and temperature) and soil properties (texture, pH, and organic
carbon), along with national crop yield data, were used for the assessment of the CLS. The
Climate Hazards Infrared Precipitation with Station (CHIRPS) rainfall (Funk et al., 2015), the
bias-corrected and spatially disaggregated ERA5-Land maximum and minimum 2-m air
temperature (BCE5) (Wakjira et al., 2023, 2022), and ERA5-Land surface net solar radiation
(Munoz-Sabater et al., 2021) datasets were used for the reference climate over the period 1981-
2010. The future precipitation and temperature climates were retrieved from multiple GCMs
(25 for precipitation and 21 for temperature) of the phase 6 Coupled Model Intercomparison
Project (CMIP6) for three Shared Socioeconomic Pathways, (SSPs, Meinshausen et al., 2020;
O’Neill et al., 2016), namely the SSP1-2.6 (low emission), SSP2-4.5 (intermediate emission),
and SSP5-8.5 (high emission). The list of the considered CMIP6 GCMs is given in the
supplementary material (Table S4.2). The GCM projections were downscaled to 0.05° x 0.05°

resolution in space and bias-corrected using the change factor (delta) method (e.g., Anandhi et
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al., 2011; Teutschbein and Seibert, 2012) for three future periods, i.e., 2020-2049, 2045-2074
and 2070-2099 (hereafter, 2030s, 2060s and 2080s respectively).

The change factor is a statistical downscaling technique. The underlying principle of this
method is that the change factors that are determined from the Global and/or Regional
Circulation Model (GCM or RCM) simulations of the current (reference) and future periods
can be expressed as either relative or absolute changes, and are used to perturb the observed
current climate to generate the future climate locally (Anandhi et al., 2011; Karger et al., 2020;
Navarro-Racines et al., 2020; Teutschbein and Seibert, 2012). For precipitation, the change
factors are typically computed as relative values, i.e., as ratios of the GCM simulations (under
a given greenhouse gas emission scenario) to the GCM simulation for the current climate. The
downscaled future precipitation is then derived by multiplying observed precipitation for the
current (reference) period by the change factors. For temperature, absolute change factors are
typically computed as the difference between the GCM simulations for the future periods and
the reference period, and then added to the observed reference period temperature to determine

the downscaled future temperature.

Soil properties were obtained from the SoilGrids dataset (Hengl et al., 2017; Poggio et al.,
2021). SoilGrids contains various soil properties at a global 250 m x 250 m spatial resolution,
interpolated from about 240,000 soil samples using machine-learning. The soil data were
spatially averaged to re-grid them to a coarser spatial resolution of ~5 km x 5 km grid size
(0.05° x 0.05°) to match the spatial resolution of the climate data. The Meher (May-Sep)
growing season crop Yyield data for the four major crops (teff, maize, sorghum, and wheat) were
obtained from the published Agricultural Sample Survey (AgSS) of seven years (2000, 2003,
2004, 2005, 2006, 2007 and 2010) for 62 administrative units, locally known as ‘zones’ (CSA,
2010). AgSS is an annual countrywide survey conducted by the Central Statistical Agency
(CSA) of Ethiopia and is aimed at collecting and compiling agricultural (crop and livestock)

production data from over 45,000 agricultural households across the country.
5.2.3. Modelling of cropland suitability

Climate, soil, and terrain slope are the major factors that determine cropland suitability (Akpoti
et al., 2019; Suhairi et al., 2018; Zabel et al., 2014). We termed “cropland suitability” as the

potential of an agroecological setting to provide optimal climatic and biophysical conditions
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for the growth and productivity of a specific crop. We estimate the CLS by establishing
mathematical (nonlinear) relationships between crop yields and climatic and soil factors. We
haven’t considered the terrain slope as its effect is obscured at the coarse resolution, i.e., grid-
scale of 5 km. Three climatic factors: the total rainfall (RF), mean temperature (Tm), and solar
radiation (Rs) during the growing season, and three soil factors: sand-to-clay ratio (S2C), pH,
and soil organic carbon (SOC), were considered in the CLS modelling. The choice of these
suitability factors is motivated by the need to better represent the crop growth defining factors
(Tm and Rs), the limiting factors, and the reducing factors (S2C, pH, and SOC) (lttersum et
al., 2013; Lobell et al., 2009). Because the cessation dates of the Meher rainy season vary
across the RFA region, ranging from September to November (Wakjira et al., 2021), and
because the corresponding harvest season ranges from September to February depending on
locations and crop types (CSA, 2010), RF, Tm, and Rs were also computed over the period
from May to November to match the crop yield data. The seven years of crop yield data (see
Section 5.2.2) and the growing season RF, Tm, and Rs of the corresponding yield years were
averaged for each of the 62 zones. Similarly, average S2C, pH, and SOC were computed for

each zone.
Partial suitability models

The CLS models were derived from the partial yield responses (PYR) of crops to each of the
six individual factors (Fig. 5.2). We assume that high partial yield responses (hPYR), which
represent the upper limit of the PYR for each factor (assuming all other factors remain optimal,
Fig. 5.2), indicate the factor’s potential impact on suitability. We sampled the hPYR data points
from PYR across the range of observed values of each factor using the convex hull algorithm,
which determines the smallest polygon that encloses the PYR scatter through geometric
computations (e.g., Berg et al., 2008; Jarvis, 1973). We considered the data points on the upper
envelope of the polygon as hPYR. The number of hPYR data points sampled by the algorithm
is determined by the geometry of the polygon resulting from the PYR scatter. The fewer
vertices the polygon has, the fewer hPYR data points will be picked. In cases where the
algorithm picks a limited number of data points, like in S2C for wheat and SOC for maize (the

green circles in Fig. 5.2) for example, we picked supplementary hPYR data points manually.
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Table 5.1: Summary of the agroecological processes and plant growth mechanisms affected by the climatic and

soil limiting conditions (very low and high values).

Factors

Low values

High values

RF

Low soil moisture, high plant water stress, low
biomass production, and thus low crop yield
(Kang et al., 2009; Rockstrom et al., 2010)

Soil saturation (waterlogging in clay soils),
inhibition of aerobic plant metabolism,
denitrification, soil nutrient leaching and erosion,
plant growth inhibition, crop failure (Jergensen et
al., 2020; Kaur et al., 2020; Palmer et al., 2023;
Pan et al., 2021)

Tm

Cold stress, frost damage, reduced water root
water  uptake, water stress, limited
photosynthesis, low/no biomass productivity,
and thus low crop yield (Hassan et al., 2021,
Hussain et al., 2018)

Heat stress, inhibited/limited plant metabolic
activities, limited evapotranspiration  and
photosynthesis, leading to lower crop vyield
(Hatfield and Prueger, 2015)

S2C

High clay content, poor soil internal drainage,
waterlogging and nutrient deficiency, less crop
yield (Manik et al., 2019)

Low clay content, poor water retention capacity
and low fertility, less plant-available water, water
and nutrient stress, less biomass productivity and
low crop yield (Huang and Hartemink, 2020)

pH

Toxicity, limited root development, less ability
to extract nutrients, and crop failure (Msimbira
and Smith, 2020)

Poor nutrient recycling, nitrogen, phosphorous,
potassium and zinc deficiencies, less infiltration
and soil hydraulic conductivity, poor root
development, toxicity, and crop failure (Marlet et
al., 1998; Msimbira and Smith, 2020)

SOC

Low soil fertility (low dissolved organic
carbon for soil microbes which are responsible
for nutrient recycling), poor soil structure and
moisture fluxes, and reduced crop growth and
yield (Lehmann and Kleber, 2015)

Too much nutrients for soil microbes, increased
respiration, enhanced nutrient recycling (e.g.,
nitrogen fixation), accelerated crop growth
resulting in crop lodging (stem buckling and root
anchorage failure) (Wu et al., 2022)

SLR

Low rate of photosynthesis, less biomass
productivity and thus less crop yield (Hatfield
and Dold, 2019; Muchow et al., 1990)

Increased evapotranspiration, high water stress
and hence low yield under moisture limited
conditions (Hatfield and Dold, 2019; Muchow et
al., 1990)

97




5.2 Materials and Methods

The sampled hPYR data points were then used to build the partial suitability models by fitting

polynomial functions:

Y(x;) = pax{ + pox " 4 -+ pp_1X; + P (5.1)

where Y is the potential yield that is associated with factor x; (x is the value of the hPYR data
points for factor i, that is, RF, Tm, Rs, S2C, pH, or SOC), and p,, p, ..., by, are the coefficients
of the polynomial function of order n. The yield responses to the climatic and soil factors can
be adequately explained by quadratic functions, except for the responses of teff, maize, and
sorghum to soil texture (Fig. 5.2). These crops exhibited strong sensitivity to S2C values below
approximately 0.5, while they were much less sensitive to higher values. These non-
asymmetrical relations are better represented by fourth-degree polynomials. The influences of
the factors on the partial suitability are related to the plant growth mechanisms and
agroecological processes that are described in Table 5.1. High partial suitability is associated
with optimum values depending on the crop types. It represents the highest (normalized) yield
that can be achieved for each controlling factor.

98



5.2 Materials and Methods

Yield [ton.ha™]

Yield [ton.ha™] Yield [ton.ha™ ] Yield [ton.ha™] Yield [ton.ha™]

Yield [ton.ha™]

Teff

Sorghum

R’ =094

¥ix) =-2x10 "%’ + 0.0032x - 0.21

¥ix) = 3x10° 5% +0.0057x - 0.36

R’ =091

oNCIN
Ly
. N

Vi) = 221052 +0.0048x - 0.48

V¥ix) = 41057+ 0.0066x - 0.95

500 1000 1500

500 1000 1500

500 1000 1500

500 1000 1500 RF [mm]

R =088

Y- =

SELE TR

®.

¥ix) =-0.0112¢ +0.43%- 294

R®=0.82

Cogo Rt 4
. :l.'- -, i Y

R ~

R' =073

¥(x) = 0.0118¢ +0.50x- 3.51

R =095

¥(x) =-0193%" +0.77x- 5.78

15 20 25 15 20 25 15 20 25 15 20 25 Tm [*C]
R=1 R? = 0.90 R% =096
o
ﬁ-”‘ﬁ“'(@- @—;Q. . -
I . © ‘. ™
e s . .. !
Sl - e -
Vi) =166 +7.0¢ 11 6 + 7 7x- 047 Vi) =2 8" 41237 193¢ + 12.4x-04 Vi) =41 +169C 248 +147x-12 Y(x) =-1.27%° +2.08x- 1.06
05 1 1.5 a 0.5 1 15 a 0.5 1 15 0.5 1 15 S2C [*]
R?=1 R?=0.97 R’ =094
- @e” TN
‘(g@'hrf T~ @ .. RO
[CAl A O] @ B3N
o Yo PR e
Tar, 2 B . Y < s \
& art . ) @ . K \@
¥ix)=-0.39%" +5.17x - 16,04 Yix) = 0.61x% +7.79%- 22.43 Yix) = -0.49x° +5.73x - 16.8 Yix) =08 11091x- 3416
5 6 7 8 5 g 7 2 5 6 7 8 6 7 g PpHI[I
R?=098 RY =090 R’ =0.94 R =0.97
9o TEG L
= & e .. \(:}
¢ L= <) . el
¥(x) =-0.23x’ +1.05x- 0.011 Vi) = -0.56¢° +2.76% - 1.39
1 2 3 4 1 2 3 450C [%]

R =077

ORNG
i R Mo

Y(x) = 0.0547x° +1.83x- 14,09

Yix) = -0.1666x% + 5.385x - 41.14

Y(x) = 0.115x% +3.819x - 29.87

L . R
¥(x) = -0.2925% +9.479% - 74673

14 16 18

14 16 18

14 16 18

[ - R O

hPYR = = = = polyfit O sthR\

14 16 1B
Rs [MJ.m “.day ']

Fig. 5.2: Partial yield responses (PYR) of the four crops to individual climatic and soil factors. Each dot represents

a zone. The orange circles are the hPYR picked automatically and the green circles (shPYR) are the supplementary

hPYR picked manually that were used for the construction of the partial suitability models. The dashed lines are

the fitted polynomial function (partial suitability model). RF is the May to November total rainfall, Tm and Rs

are May to November mean temperature and mean solar radiation for each zone respectively.
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CLS under the current climate

The partial suitability models Y (x;) were applied to the current growing season climate (the
average over the reference period 1981-2010) and soil factors. Subsequently, the gridded PYR
results were normalized to derive the partial suitability indices at each grid cell with values
ranging from O (not suitable) to 1 (highly suitable). The max-min scaling approach given by

Eq. (5.2) was used for the normalization.

y = Y — Ymin (5.2)
Ymax ~ Ymin
where y' is the normalized value of PYR, and y,,,;,, and y;,,,4, are the minimum and maximum
PYR values across the entire RFA region. Then, the partial suitability indices from the six
factors individually were combined to determine the overall CLS suitability index (SI) for each
crop. In computing the SI, factors related to the climate and soil were not taken into
consideration equally. The rainfall, temperature, and solar radiation as yield defining and
limiting factors, were assumed as fundamental factors (Holzkamper et al., 2013), and thus they
were considered independently as rainfall suitability (Sre), temperature suitability (Stm),

radiation suitability (Srs).

The soil factors (reducing factors) were combined on a weighted basis to define the soil

suitability (Ssoit). To determine the weights of the soil factors, quadratic functions of the form
y(x;) = pr,ix? + paixi + sy (5.3)

where fitted to the normalized hPYR and factor x; (i in this case is either S2C, pH, or SOC).

The weight w for each soil factor i was then computed as:

_ |P1,i| (5.4)
W, = —/——

Z|P1,i|
where p; is the coefficient of the second-degree term of y(xi), which is the measure of the
concavity of the fitted curve and can be considered as an estimate of the average rate of change

in soil suitability per unit absolute change in the soil factor under sub-optimal conditions. The

100



5.2 Materials and Methods

computed weights are given in We defined Sl as a multiplicative combination of the partial
suitabilities because the limitations of each factor, in most cases, cannot be compensated for
by the optimality of the others. Instead, they have a scaling effect on each other. In other words,

the suitability factors considered in the model are assumed independent.

Table 5.2. The soil suitability for each crop was computed using Eq. (5.5).
Ssoil = Ws2¢Ssz2c + WpHSpH + WsocSsoc (5.5)

Finally, the overall potential cropland suitability index (SI) was computed for every grid cell

and the four crops as a multiplicative combination of the climatic and soil factors (Eq. (5.6)).
SI = SrrSTmSrsSsoil (5.6)

We defined Sl as a multiplicative combination of the partial suitabilities because the limitations
of each factor, in most cases, cannot be compensated for by the optimality of the others. Instead,
they have a scaling effect on each other. In other words, the suitability factors considered in

the model are assumed independent.

Table 5.2: Computed weights of the soil factors for teff, maize, sorghum, and wheat

Teff Maize Sorghum Wheat
S2C 0.26 0.16 0.24 0.26
pH 0.42 0.37 0.37 0.42
SOC 0.32 0.47 0.39 0.32

Model performance evaluation

The CLS model we developed is conceptually similar to the fuzzy classification approach
(Burrough et al., 1992), except that the classification membership functions (suitability curves)
in our case are built based on ‘high’ crop yield responses (a proxy for best suitability, which
represents maximum observed yield) across the range of the suitability factor instead of
assuming hypothetical functions that define the yield responses. We evaluated the performance
of our approach with independent data, i.e., all of the black data points (PYR) in Fig. 5.2, using
the Receiver Operating Characteristics (ROC) analysis (Fawcett, 2006). The aim here is to
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evaluate the model predictions against observations (normalized crop yield). We transformed
the normalized crop yield into binary data using Sl threshold of 0.4 (FAO, 1976). If Sl is greater
than or equal to 0.4, then a crop is considered to be present (1), otherwise absent (0) in a given
zone. We evaluated the presence/absence of each crop in each zone using the binary data

(observed suitability) and the corresponding modelled suitability, and summarized the results
in a ROC plot.

The ROC analysis compares the tradeoffs between maximizing the correct detection of crop
presence (true positives) and minimizing false detection of presence (false positives) at
different Sl thresholds. This done by computing True Positive Rate (TPR) and False Positive
Rate (FPR) using Eq. (5.7) and (5.8).

TP (5.7)
TPR = TP + FN

FP (5.8)
EPR = FP + TN

where in the classification process, TP is true positive, FN is false negative (missed detection),
FP is false positive and TN is true negative (correct rejection) as shown in Fig. 5.3a. The ROC
curve is the plot of TPR on the y-axis and FPR on the x-axis (Fig. 5.3b). The area under the
ROC curve (AUC) is used as a performance metric, where AUC = 0.5 shows the performance

of a random prediction and AUC = 1 shows a perfect prediction.

a) Predicted b) , gerfect prediction (AUC = 1)
True False
=
it : a
W True positive | False negative =
o | F (TP) (FN) 2
< —
- v
? 2
2 2
°l3 & 2 . f(AUC=0.82
2 False positive | True negative v e te .( (ALiJCV 0)89)
L Z 02 maize =0
S (TN) = ’ sorghum (AUC = 0.94
wheat (AUC = 0.84)
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False positive rate (FPR)

Fig. 5.3: a) Confusion matrix illustrating the possible prediction outcomes of CLS with SI > SI*, where SI* is a

chosen threshold indicating crop presence/absence and, b) the resulting ROC curves for the four crops
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5.2.4. Climate change impact and sensitivity analysis

Future CLS values for the four major crops in Ethiopia were computed by forcing the suitability
models with projected climate scenarios. We took the multi-model median values of rainfall
and temperature, computed from the downscaled CMIP6 ensemble described in Section 5.2.2.
Three SSPs and three future periods (the 2030s, 2060s, and 2080s) were examined for which
the May-November RF and Tm were computed. Only changes in rainfall and temperature were
considered in the assessment of future changes in CLS. Solar radiation was not considered in
the assessment of future changes in CLS because the projected future changes in this variable
are small in magnitude, largely less than 3%, even under the extreme emission scenario by the
end of the century. Similarly, soil factors were assumed to remain fixed in the computation of

future CLS as their timescales of change are much longer.

The sensitivity of CLS to changes in RF and Tm was analyzed using the One-At-a-Time (OAT)
sensitivity analysis (Hamby, 1994). OAT is a local sensitivity analysis method in which
changes in the modelled quantities are examined by modifying one variable at a time. When
the model is forced by continuous input variables, the sensitivity can be determined by taking
the partial derivatives of the output with respect to the inputs (Bhatt and Abbassi, 2023). The
suitability models were forced by discretized inputs, i.e., the future RF and Tm. We simplified
the sensitivity analysis by assuming that the overall change in suitability associated with the
combined effects of the changes in RF and Tm is equal to the weighted sum of the changes in
partial suitability associated with the change in the corresponding factor when the other factor

remains unaltered. This can be formulated as (Lobell and Burke, 2008):

ASI = BrpASgg + BrmAStm (5.9)

where By is rainfall-sensitivity and ., is temperature-sensitivity and were determined using
the OAT approach. Note also that this assumption holds only when the factors (RF and Tm)
are independent (Goodman, 1960). We tested this by correlating RF and Tm over the RFA
region and found a statistically insignificant correlation (Pearson’s r = -0.13) at a significance
level of @ = 0.05. Similarly, we verified that the temporal changes in RF and Tm are
uncorrelated. We then computed a sensitivity ratio (8,4i0) t0 identify the relative controls of
RF and Tm on the changes in CLS.
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_ Bre (5.10)
Bratlo - BTm

The condition B,,+, > 1 indicates that changes in CLS are rainfall-sensitive whereas Bratio <

1 shows temperature-sensitivity.
5.3. Results

We first present the performance of the suitability models. From the ROC analysis, we
conclude that the suitability models predict the CLS for all crops with AUC values of 0.82,
0.89, 0.94, and 0.84 for teff, maize, sorghum, and wheat respectively (see also Fig. 5.3b). In
comparison with the other crops, the teff suitability model showed the least predictive power.
This is most likely due to the socioeconomic dimension of teff production, which may have
been reflected in the observed suitability, but is not represented in our model. Teff is a typical
staple food crop and the most commercialized cereal in Ethiopia because it is a basic and
traditional element of the food system for the entirety of the urban population and a significant
part of the rural population (Tadele and Hibistu, 2022). As a result, depending on the climatic
and biophysical suitability, teff is intensively cropped near cities and towns, and along major
road networks that ease market access (Amede et al., 2017; Tadele and Hibistu, 2022). Teff is
also the most labor-intensive crop (Hailu et al., 2017; Lee, 2018). In remote areas where access
to market and transport infrastructure is limited, for example, in humid lowland agro-pastoral
regions, farmers prefer growing less labor-intensive crops like sorghum and maize over teff
(Amede et al., 2017), although the croplands are classified as suitable. The suitability models
do not take into account these social and cultural dimensions since they were trained solely on
climatic and soil factors. We note that our suitability models have higher predictive power for
teff, maize and sorghum when compared to the Maxent-based suitability model performance
presented by Evangelista et al. (2013), who reported AUC values of 0.79 for tef, 0.81 for maize,
and 0.79 for sorghum. The improvements in predictive performance can be attributed to the
robustness of the modelling framework we implemented, combined with the use of state-of-
the-art climatic data (including solar radiation) and key soil properties, thus accounting for

suitability-defining, limiting and reducing factors.
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5.3.1. Current potential suitability

The derived CLS maps in Fig. 5.4 show the continuous suitability indices SI of the four cereal
crops over the RFA area of Ethiopia. The Food and Agriculture Organization of the United
Nations (FAO) provides guidelines for land suitability classification (FAO, 1976) as given in
Table 5.3. Accordingly, we found that sorghum is the most suitable crop to be grown in the
RFA area of Ethiopia (with moderate and high suitability of 63% of the grid cells), followed
by teff (54%), maize (51%), and last but not least wheat (29%). Teff and wheat croplands
mostly overlap, covering mainly the eastern half of the RFA region. Wheat is more limited to
higher altitude regions (Fig. 5.4) while maize and sorghum are crops that are more versatile

and grown also at lower elevations.
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Fig. 5.4: Cropland suitability (CLS) maps for teff, maize, sorghum and wheat under the present climate (1981-
2010). The dashed rectangles show the areas where waterlogging limits cropland suitability. The dots indicate

regions where radiation-unlimited CLS is reduced by 50% or more under radiation-limited conditions.
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The western humid areas (indicated by the dashed rectangles in Fig. 5.4) are characterized by
high rainfall and clayey soils where waterlogging can be a major constraint. This low rainfall
suitability (Fig. S5.1) together with high soil acidity (Fig. S5.2) are the main limitations,
particularly for wheat and teff in this region. The low suitability for wheat, teff, and maize in
the western and northwestern lowland areas is predominantly due to temperature limitations
(Fig. S5.3). In the eastern and southeastern peripheries of the RFA region, suitability for all
crops, especially wheat and maize, is low (Fig. 5.4); this is mainly due to low rainfall and high
soil alkalinity (Fig. S5.1 and S5.2). Cropland suitability in the forest and Afro-alpine regions
across the southern part of the RFA (the dotted areas in Fig. 5.4) is strongly limited by low
solar radiation (Fig. S5.4) that results in low rate of photosynthesis for all crops, particularly
wheat. Additionally, low suitability for wheat and maize is observed in the northeastern part of
the RFA region. However, in this case, the limitation is due to high solar radiation, resulting in

increased evapotranspiration and leading to crop water stress.

Table 5.3: Percent of grid cells in the RFA region corresponding to the FAO suitability classes (FAO, 1976). Sl

is the overall suitability index.

Highly suitable Moderately suitable Marginally suitable Not suitable

(S1=0.8) in % (0.6<S1<0.8) in % (0.4<S1<0.6) in % (S1<0.4) in %
Teff 19 35 30 16
Maize 19 32 26 23
Sorghum 21 42 21 17
Wheat 8 21 28 43

5.3.2. CLS under the future climate
Projected changes in the May-November season

The downscaled multi-model median projections show that the May-November season of the
RFA regions of Ethiopia is likely to become warmer (Fig. 5.5b) and mostly wetter (Fig. 5.5a)
under all emission scenarios. Under SSP1-2.6, the May-November RF is expected to increase
by up to 100 mm, especially over the highlands in the 2030s without further changes into the
mid- and end- of-the-century. However, incremental RF intensifications are expected in the
future under SSP2-4.5 and SSP5-8.5, the latter is likely to increase by up to 300 mm by the end
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of the century. Unlike the changes in RF, which vary significantly among regions, the projected
changes in Tm has little spatial variability. Tm is expected to increase by up to 1.8 °C, 2.8 °C,
and 4.6 °C under the low, intermediate, and high emission scenarios (respectively) by the end
of the century (Fig. 5.5b).
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Fig. 5.5: The expected future changes in the May-Nov season climate: a) total rainfall (RF) and b) mean
temperature (Tm) under three shared socioeconomic pathways. The indicated changes correspond to the median
of 25 CMIP6 models for RF and 21 models for Tm.

Changes in cropland suitability

The future CLS across the RFA area of Ethiopia is strongly influenced by the projected future
climates, i.e., total rainfall and mean temperature during the growing season (Fig. 5.6).
Ethiopia’s RFA areas are likely to become less suitable for teff and wheat production on
average. This is evident even under the low emission scenario (SSP1-2.6) already in the near

future (the 2030s) when the climate is less than 1°C warmer than the reference period. Under
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the medium and high emission scenarios, substantial areas where teff and wheat are growing
are likely to be at risk of abandonment. While teff and wheat croplands will mostly experience
decreases in suitability, that of maize and sorghum will generally remain unchanged, as some
areas will lose suitability while nearly comparable areas will gain suitability in the future. The
exception is under the medium and high emission scenarios where the majority of the maize

and sorghum areas are expected to lose suitability by the end of the century.
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Fig. 5.6: Kernel-smoothed distributions of changes in the future cropland suitability (ASI) for teff, maize,
sorghum, and wheat under SSP1-2.6, SSP2-4.5, and SSP5-8.5 across all grid cells within the RFA region for the
2030s, 2060s, 2080s, from left to right.
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The spatial patterns of the changes in CLS under SSP2-4.5 are shown in Fig. 5.7, and the CLS
changes for the other climate scenarios are presented in the supplementary material (Fig. S5.5-
S5.8). Decreases in CLS are evident largely in the northwestern, western, and southwestern
lowland parts of the RFA region for all crops under all climate scenarios and future periods.
When comparing the crops, teff and wheat croplands are more affected with projected
decreases in the suitability of up to 0.40 (on a scale of 0 — 1) compared to maize and sorghum

(projected decreases of up to 0.25).
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Fig. 5.7: Change maps of the cropland suitability for teff, maize, sorghum and wheat comparing SSP2-4.5 to the
current climate during the three future periods. The dots in the first map show the midland areas (altitude range
of 1300 — 2500 masl).
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Suitable cropland areas in the lowland agroecologies (altitude <1300 masl), particularly that of
teff and wheat, are expected to shrink considerably (Fig. S5.9a) under all scenarios. The
expected decreases in the suitable cropland (SI > 0.6) area ranges from 21% and 34% (low
emission, in the 2030s) to 87% and 96% (high emission, in the 2080s). The CLS in the midlands
with an altitude range of about 1300 — 2500 masl (shown by dots in Fig. 5.7) are largely
expected to remain unaffected or change only slightly. Only teff and wheat areas are expected
to decrease significantly by 18% and 27% by the end of the century under SSP5-8.5 (Fig.
S5.9b). In the highland regions (altitude above 2500 masl), on the other hand, the croplands

will become more suitable under all emission scenarios (Fig. 5.7, Fig. S5.9¢).
Altitudinal shifts and areal changes in CLS

The predicted changes in CLS suggest a shift in suitable croplands from lowland to highland
regions. For example, the altitudes of the highly suitable croplands of the four cereal crops are
predicted to shift by 85-135 m (depending on the crops) under SSP1-2.6 by 2080s (Fig. 5.8,
left panels). The altitudinal shifts are relatively stable under SSP1-2.6 throughout the future
periods for the four crops compared to SSP2-4.5 and SSP5-8.5, which are predicted to result
in shifts by over 210 m and 390 m respectively by the end of the century. The average shifts
under the intermediate and high emissions are projected to be similar in the 2030s but will
diverge after that. Overall, the altitudinal shifts tend to be higher for maize and sorghum
compared to teff and wheat, probably because teff and wheat are midland and upland crops,

and further upward shifts are limited or slowed by environmental constraints.

The future changes in CLS are also accompanied by decreases in the area of the suitable
croplands as indicated in the right panels of Fig. 5.8. In particular, the average area of suitable
teff cropland is projected to decrease by 9% in the 2030s and by 12.5% in the 2080s under the
low emission scenario. The intermediate and high emissions will exacerbate the impacts
pushing about 17% and 22% of the teff area out of the suitable climate space in the 2060s, and
25% and 39.5% of the area by the end of the century. Wheat cropland is the second most
affected among the four crops with projected decreases in area of about 2.5% and 5% under
low emission by 2030s and 2080s respectively. Under the high emissions, wheat areas are
likely to decrease by 16% and 32% by the mid and end of the century. Changes in maize and

sorghum areas are generally small under the low and intermediate emission scenarios in the
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2030s and 2060s, suggesting that the changes are largely dominated by shifts in the suitable

croplands as mentioned earlier. However, over 7% and 24% of the suitable areas of both crops

are projected to be lost under intermediate and high emission scenarios, during the 2080s.
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Fig. 5.8: Average changes in the altitudes (left) and average changes in the areas (right) of highly suitable teff,

maize, sorghum, and wheat croplands in the RFA region of Ethiopia. The changes were calculated comparing the

future versus current suitabilities considering all grid cells with ST > 0.6.
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Future changes in the major producing zones

The CLS changes and their climatic drivers in the Ethiopia’s major producing zones (ranked
based on the observed yield data) in 2060s are summarized in Fig. 5.9, and altitudinal shifts
and areal changes associated with the changes in suitability are presented in Fig. 5.10. The
major teff producing zones considered here are likely to experience rather small changes
ranging from -0.04 to +0.04 (on a scale of 0 to 1) under SSP5-8.5 during 2060s (Fig. 5.9a). As
a result, the areas of teff croplands are likely to remain nearly stable in most of the zones with
the exception of West Hararge where the teff area is projected to decrease by up to 13% under
SSP5-8.5 in 2060s (Fig. 5.10b), and this decrease in suitability is linked to a decrease in
temperature suitability (Fig. 5.9¢). The slight increases in suitability in zones like Southwest
Shoa and South Wollo is linked to an increase in temperature suitability (Fig. 5.9c) in the
highland regions, which is also evident from the increases in the mean altitude Fig. 5.10a).
Other major teff producing zones like North Shoa of the Amhara Regional State, and West
Shoa are likely to experience altitudinal shifts of about 50 — 100 m, but with only slight or no

changes in the suitable area.

CLS for maize is likely to decrease considerably in the major producing zones across the
western part (East Gojam and East Wollega) and northwestern part (Awi and Metekel) of the
RFA regions (Fig. 5.9d). In Awi and Metekel in particular, highly suitable (SI = 0.8) maize
cropland area is projected to decrease by about 48% and 69% under SSP5-8.5 by the mid of
the century (Fig. 5.10d). A decrease in rainfall suitability is highly evident in the major
producing zones in the western part of the RFA region (Fig. 5.9e). High altitudinal shifts are
expected in Awi and Metekel zones suggesting rapid maize cropland retreats towards the
highlands (Fig. 5.10c). Maize areas in West Shoa and Gurage zones in the central part of the
RFA region on the other hand, are projected to expand by over 12% (SSP5-8.5) in 2060s,

mainly due to an increase in temperature suitability.
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Fig. 5.9: Changes in overall cropland suitability (left), rainfall partial suitability (center), and temperature partial

suitability (right), for teff, maize, sorghum, and wheat in the major producing zones (the y-tick labels) under the
three SSP1-2.6, SSP2-4.5 and SSP5-8.5 by 2060s. The top-producing zones were identified based on the observed

multi-year average crop yields. R3 stands for the Amhara Regional State in which the North Shoa zone is found.

The major sorghum-producing zones like West Shoa (central part), East Gojam (north central),

and West Hararge (east) showed an increase in suitability under all SSPs in the mid of the

century (Fig. 5.9g-1). In moisture-limited climates like in West Hararge, increases in rainfall

suitability are likely to improve CLS, even by reversing the direction of the altitudinal shifts

towards the lowlands. This is evident from the decreases in the average altitude and increases
in the area (by about 4% under SSP5-8.5) of the suitable croplands in this zone (Fig. 5.10e-f).

In West Shoa and East Gojam, an increase in suitability are associated with increases in

temperature suitability for sorghum. On the contrary, negative impacts on the CLS for sorghum
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are expected in the major producing zones such as Kamashi, East Wollega, and West Gojam
in the western side of the RFA region, especially under the high emission scenario.
Consequently, sorghum croplands are projected to decrease by about 21% in Kamashi, and
12% in East Wollega under SSP5-8.5.

Wheat CLS are projected to increase or remain nearly stable in the 2060s across the seven
major-producing zones we examined as shown in Fig. 5.9j. In particular, in the wheat corridors
of Ethiopia (Bale and Arsi), the wheat-suitable croplands are expected to expand by 41% and
49% respectively under SSP5-8.5 (Fig. 5.10h), mainly due to the projected increase in rainfall
suitability in Bale and increases in both rainfall and temperature suitability in Arsi. Similarly,
wheat areas are projected to expand in East Shoa, Southwest Shoa, and Gurage under all SSPs,
for example by up to 11% under SSP5-8.5 by the mid of the century. Only in Hadiya and
Kembata-Tembaro zones, the wheat-suitable areas are likely to decrease slightly by less than
5%. As one can expect, the increases in the suitable areas are largely associated with altitudinal
shifts towards the higher elevations, especially in Arsi (~185 m) and East Shoa (~130 m) as
shown in Fig. 5.10g. The exception is in Bale zone, where a decrease in the elevation of suitable
croplands is projected, especially under the low emission scenario and this decrease is
attributed to the projected increase in rainfall suitability (Fig. 9k), which in turn increases the

overall suitability in the mid-altitude croplands.
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Fig. 5.10: Changes in mean elevation (left) and changes in area (right), of highly suitable croplands (SI > 0.8) of
teff, maize, sorghum and wheat in the major-producing zones under SSP1-2.6, SSP2-4.5, and SSP5-8.5 in the

2060s. The changes were computed considering all grid cells of each zone with SI > 0.8.
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5.3.3. Sensitivity of CLS to rainfall and temperature

The results suggest that Ethiopian RFA cropland suitability may be affected by rainfall and
temperature changes in different ways. Therefore, it is important to examine the sensitivity of
CLS to each factor. The OAT sensitivity analysis results in Fig. 5.11 show that the relative
sensitivity g,..:, IS high (blue) in semi-arid climates across the southern, southeastern, eastern,
and northeastern margins, and in hyper-humid climates in the western parts of the RFA region.
This indicates that changes in CLS in these regions are predominantly driven by changes in
rainfall suitability. Changes in CLS in semi-arid and dry sub-humid climates of the Rift Valley
corridor (dashed line in Fig. 5.11) are also sensitive to rainfall, especially for maize, sorghum,
and wheat. The rainfall limitations in the dry climatic regions are linked to moisture deficit
during the growing season that considerably reduces crop yields. In the hyper-humid regions,
problems associated with excess rainfall including waterlogging and soil nutrient erosion (as
discussed in Table 5.1) are the main constraints and are highly noticeable, especially for teff
and wheat CLS. Clay soils like nitisols, luvisols, and vertisols are the dominant soils across the
hyper-humid areas in the western part of the RFA region (Ali et al., 2022), making the region
susceptible to waterlogging problems.

In the highland and lowland (western and northwestern) regions, on the other hand, the changes
in CLS are highly sensitive to temperature. In the lowland areas, teff and wheat CLS are more
sensitive to temperature compared to maize and sorghum. The temperature sensitivity of CLS
can be attributed to two combined limitations of temperature, namely thermal stress and
evaporative stress limitations. Thermal stress (cold and heat stress) tolerance is the genetic
property of a crop that determines the geographic niche of that crop species (Sutherst, 2003).
The thermal ranges in which a crop can survive are often given by low- and high-temperature
thresholds. Under the projected warming climates, temperature converges to and eventually
surpasses the high-temperature thresholds of crops in lowland regions, resulting in frequent
heat stresses and gradual abandonment of crops. In the highland marginal agroecosystems,
temperature instead exceeds the low-temperature thresholds reducing cold stress frequencies,
and thus widening the crop niches toward high altitudes. The evaporative stress limitations are
linked to temperature effects on crop evaporative moisture losses. Lowland regions are energy-
excess (water-limited) systems where crops often suffer from high water stress due to high

evaporative losses driven by high temperature under a given moisture-limited condition, thus
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climate warming aggravates water stress conditions in lowlands. On the contrary, highland
ecosystems tend to be energy-limited, thus crops transpire less due to stomatal closure under
cold temperatures, which also means that CO> uptake and photosynthesis are limited. Climate
warming overcomes the energy limits in the highland ecosystems, increasing photosynthesis

and crop yields under available water conditions

Temperature-sensitive both Rainfall-sensitive
e [INE
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Fig. 5.11: Relative sensitivity (8,4:i,) Of cropland suitability to rainfall and temperature for teff, maize, sorghum
and wheat. The B,.4:i, Values mapped here are the average of nine OAT simulations — the combinations of three
future periods (the 2030s, 2060s, and 2080s) under three SSPs (SSP1-2.6, SSP2-4.5, and SSP5-8.5).
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5.4. Discussion

5.4.1. Socioeconomic and environmental implications

We have presented the possible future changes in CLS for the major staple food crops on
climatological time scales in the RFA area of Ethiopia. It should be understood that these
changes in CLS represent a response to climate change in the long term, which is different from
responses to climatic extremes and interannual variability that often result in spontaneous
short-term impacts on crop yield. While interannual variabilities in CLS are primarily driven
by variabilities in rainfall suitability as illustrated in Fig. 5.12a, and temperature extremes (not
shown here) the long-term changes in CLS are caused by both temperature and rainfall. In fact,
temperature limitations are more severe in the long-term for the four crops, compared to rainfall
limitations (Fig. 5.12b), which is also in agreement with the findings in previous studies
(Akpoti et al., 2022; Holzkamper et al., 2013; Lobell and Burke, 2008; Schlenker and Lobell,
2010). The early sign of these changes can be a gradual decrease in the native crop productivity,
as has already been witnessed by farmers across various regions in Ethiopia (Zenebe Adimassu
et al., 2014; Destaw and Mekuyie, 2022; Megabia et al., 2022; Moroda et al., 2018;
Tesfahunegn, 2021; Teshome et al., 2021; Tessema, 2021). This is followed by a phase of
generally low productivity where the native (existing) crop species retreat and new crop species
emerge (e.g., Abera and Tesema, 2019; Hameso, 2018; Tofu and Wolka, 2023). The final stage
is when the native crop is abandoned and the new crop is adapted, for example as observed in
sub-humid and humid areas in central and northern Ethiopia (Taye, 2021; Tessemaet al., 2019).

a) Interannual variability (1981-2010) b) Long-term changes (2070-2099)
= s 1S E 0
5 06 RF Tm = 0.5 _ i
5 2 . o T
S 04 £ oftb-b-tiE- ---H- S R S
5 @ H
i
g 02 o 0.5 1
L.“O—J | T T I e
S o = = = = O 1 1 1
Teff Maize  Sorghum  Wheat Teff Maize Sorghum  Wheat

Fig. 5.12: (a) Interannual variability in suitability represented by boxplots of the coefficients of variation in the
current climate , and (b) long-term changes in the suitability index (SI, blue boxes), rainfall suitability (Sge,

orange) and temperature suitability (Stm, yellow) under future climate. The boxplots represent variations among
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the grid cells across the RFA region. The coefficients of variation were calculated from the annual S, Sgrand Stm
for the reference period (1981-2010). The long-term changes were computed as the differences between the future
(2070-2099) suitability under SSP5-8.5, and the reference (present) suitability.

In marginal croplands, the changes in CLS are largely unidirectional. For example, in lowland
areas the emergence of new crop species is constrained by warm temperature extremes, thus
the croplands are abandoned once suitability for the native crop diminishes, while in highlands
temperature becomes more suitable and new croplands emerge (Burke et al., 2009; Dendir and
Simane, 2021; Sloat et al., 2020). However, expansions toward the highlands are not only
limited by other environmental factors such as soil and slope, but they are also unsustainable
as they trigger massive land conversion with serious environmental impacts including
deforestation, biodiversity losses, and land degradation (Delelegn et al., 2018; Gidey et al.,
2023; Moges, 2018), particularly in highly populated countries like Ethiopia. Since only a
portion of the newly emerging croplands can realistically be exploited by farmers, our analysis
represents a best-case scenario, which is unlikely to occur. Our analysis may therefore
underestimate the overall negative impacts of climate change on future cropland areas in

Ethiopia.

The contraction of suitable croplands will have adverse economic and food security
implications in Ethiopia. A summary of the approximate changes in the annual production of
the four crops in the 2060s under the intermediate emission scenario, assuming a linear
relationship between production volume and cropped area is shown in Table 5.4. For example,
under business-as-usual practices, i.e., rainfed small-scale farming practices with the same
level of inputs, technologies, and services as present, the national teff production will decrease
from the current volume of about 2.1 million tons to 1.8 million tons. Similarly, it is projected
that maize production will fall from 2.8 million tons to 2.6 million tons due to the contractions
of the suitable cropland areas (Fig. 5.8). On the contrary, Ethiopia’s population is predicted to
climb from 73.8 million (2007 census) to about 171.8 million in 2050 (Bekele and Lakew,
2014). These concurrent challenges add to the severe food security status in the country (GHI,
2022; Mohamed, 2017) exacerbating the level of poverty and the risks of hunger and

malnutrition in the future.
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Table 5.4: Comparison of the current and future cereal production associated with the projected changes in suitable
cropland areas during the 2060s under the intermediate emission scenario. The present (reference) production was
assumed comparable to the average of productions in the years 2000, 2003-2007 and 2010.

Current Future (2060s) under SSP2-4.5

L . )
Production Cropped Production in Crop areain (10

(108 tons) area (10° ha) (1068 tons) i)

Teff 2.09 2.14 1.76 1.80
Maize 2.80 141 2.77 1.40
Sorghum 2.10 1.39 2.04 1.35
Wheat 1.99 1.29 181 1.17

5.4.2. Adaptation

Our results suggest that climate-driven changes in CLS are relatively small under sustainable
development pathways that lead to low GHG emissions compared to the intermediate and high
emissions, indisputably implying that global emission mitigation is vital. However, the impacts
of these small changes even under the low emission targets are net negative and they can be
impactful for society given the increasing food demand. For example, low emission pathways
result in the reduction of teff cropland area by about 9% and that of wheat by 2.5% by 2060s
(Fig. 5.8b, h), which can be a substantial limitation to the efforts towards meeting the ‘zero
hunger’ sustainability goal (Tilman et al., 2011). Context-based adaptation and sustainable
intensification measures are vital to reduce these impacts and meet the food demand of the
growing population. Our sensitivity analysis results are useful in defining the objectives and
the types of adaptation measures that can be implemented at a given location.

In rainfall-sensitive agroecosystems, water management practices aimed at reducing crop water
stress in rainfall-deficit areas and waterlogging and nutrient losses in rainfall-excess areas are
needed. In particular, reducing water stress in rainfed farming systems consists of several
measures ranging from locating optimal planting dates that maximize the total available
moisture during the growing season, to optimal on-farm management of rainwater that allows
maximum infiltration, storage, and plant water availability, and minimum evaporative losses.

In temperature-sensitive lowland areas, it is the management practices, which aim at reducing
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evaporative losses that are important to alleviate evaporative stress, but only within the thermal
stress limits of crops. Improving crop tolerance to harsh agroecological conditions like thermal
and water stress through plant breeding is a viable and widely used strategy for climate
adaptation and yield improvement (van Etten et al., 2019). Microclimate regulation is another
adaptation strategy that can be implemented to reduce heat stress under warm climates. In this
regard, agroforestry systems provide multiple benefits including microclimatic regulation,
water conservation, soil fertility improvement, pest control, and farmers’ income stabilization
(Lasco et al., 2014). Under limited adaptive capacity, which is likely for example in Metekel
and Awi zones for maize, Kamashi zone for sorghum in the western part, and West Hararge
for teff in the eastern part of the RFA region, gradual switching to more resilient crops and/or

smooth transition to a suitable farming system is needed.

Effective adaptation entails holistic measures including policy, appropriate technology,
informed decisions, social transformation, and multi-stakeholder actions. These measures
would unlock the untapped potential for adaptation and resilience by filling the current yield
gaps thereby increasing production, for example by about 24 million tons (8 times more) for
maize in Ethiopia (van Dijk et al., 2020). Institutional-level efforts are very crucial in Ethiopia
to coordinate knowledge generation, evidence-based adaptation planning, decision-making,
implementation, monitoring, and financing of climate adaptation. Because in Ethiopia climate
change poses multiple impacts that differ in their types, occurrence probability, and severity,
adaptation goals and plans need to be site-specific and comprehensive beyond the mostly
climatic emergency responses (Conway and Schipper, 2011). Adaptation goals that target to
improve resilience at farm and landscape levels considering interannual variability of rainfall,
droughts as well as long-term changes in cropland suitability are necessary. Awareness of the
diversity of future climate impacts should be created within the agricultural community to build
readiness and flexibility for farmers to adjust to the changes and practice a diversified family

economy.
5.4.3. Study limitations and future directions

The spatial maps presented here are limited by the spatial resolution of the climate data (0.05°
x 0.05°), and thus sub-grid (e.g., landscape, farm, and field scale) details are not explicitly

represented. In particular, terrain characteristics like slope and aspect have not been considered
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in the suitability model, as their effects are impossible to capture at this coarse spatial
resolution. As a result, the estimated potential suitability and projected cropland expansion
toward highlands have not been topographically constrained and thus might be overestimated.
Our framework however allows the inclusion of topographic limitations into the assessment of
crop suitability and this could be a useful direction for future research. Ultimately, local scale
plans and decisions, for example, cropland intensification should be based on future suitability
assessments at a higher spatial resolution. Another limitation is that the effects of rainfall and
temperature on crop suitability in our model were represented in a generalized way, i.e., as
growing season total rainfall and mean temperature. The influences of other rainfall
characteristics, such as the onset and duration of the rainy season, and additional temperature
characteristics, such as cold and warm extremes, should be considered in future studies, also
using process-based crop models in addition to statistical approaches. Future research in
Ethiopia should also be extended to the Belg growing season, because the secondary rainy
season may provide new opportunities as well. Despite these shortcomings, our analysis
provides a valuable first-order assessment of the agroecological impacts of climate change on
cereal crop production in the RFA area of Ethiopia, with a towards understanding the
implications as well as adaptation actions that need to be taken especially at institutional level

in the country.
5.5.  Summary and Conclusions

The impact of climate change on rainfed agriculture poses a significant challenge to future food
security and livelihoods, particularly in vulnerable countries like Ethiopia. We investigated the
impacts on cropland availability by modelling cropland suitability under current and projected
future climate conditions. We show that the warming climate and variable rainfall conditions
in Ethiopia's rainfed agricultural area will cause suitable cropland areas to experience
altitudinal shifts toward the highlands, leading to a loss of viable farming areas in the lowlands
and a gain in the highlands as a result. However, due to strong evaporative and heat stresses in
the moisture-limited lowland areas, it is expected that suitability losses in the lowlands will
outweigh the gains in the highlands. Thus, even under the low-emission climate scenario, the
net projected effects on cropland areas will be negative. This could have serious implications

for food security in Ethiopia, especially given the expected high demographic growth in the
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coming years. The impacts of intermediate and high emission scenarios are more severe, and

cropland suitability conditions will worsen with time.

In some parts of the rainfed agricultural region, the current cropland suitability is constrained
by low soil suitability, for example, due to high clay content (thus poor internal drainage) and
acidity in the western humid agroecologies, and high soil alkalinity in the eastern and
southeastern parts of the rainfed agricultural region. It is possible to increase productivity in
these regions using effective management and technologies that can improve the suitability of
the soil. The management and technologies that will help overcome climatic limitations can be
selected based on the rainfall and temperature sensitivity of the croplands. Because lowland
areas are more sensitive to temperature change, management interventions that reduce heat and
evaporative stress are particularly necessary. In contrast, the management of excess rainwater
in hyper-humid regions and the conservation of moisture in dry regions can significantly
improve cropland suitability in these areas. The significant limitation of solar radiation in the
forest-dominated southern part of the RFA region necessitates measures like selection of crop
species with high radiation use efficiency, and proper choice of the growing season to ensure
optimal radiation inputs, and moisture and temperature conditions. Our analysis provides a
pioneer study and comprehensive information for guiding climate adaptation plans mainly at a
national level. However, our work also stresses that reliable local adaptation plans should be
based on high-resolution site-specific information about future climate, soil, and local farming

contexts.
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Chapter

Conclusions and Outlook

6.1. Summary

This thesis aimed to assess the climatic aspects of agro-environmental challenges and
opportunities in rainfed agriculture (RFA), and their implications for future climate adaptation
and resilience-building plans and decision-making in the context of Ethiopia. It begins by
dealing with data limitations in the RFA region of Ethiopia (Chapter 2) and the utility of lower-
quality scarce ground station observations to enhance the accuracy and spatial resolution of
widely-available gridded climate datasets. Concretely, in this Chapter the ERA5-Land 2-m air
temperature was de-biased and resampled to a higher spatial resolution over the Ethiopian
domain (Wakjira et al., 2023, 2022). This new temperature dataset called BCE5, together with
existing gridded precipitation datasets, and various spatial land cover and soil datasets, form
the foundation of the analysis framework in this thesis. In the subsequent chapters 3-5, the
thesis then assessed three aspects of climate-water-agriculture relations, quantifying their
potential effects on crop distributions and yields, with a special view towards climate change

impacts.

The first aspect, presented in Chapter 3, focused on the temporal attributes of rainfall that
determine the timing and duration of the rainy season and the seasonality of rainfall (Wakjira
etal., 2021), the features that critically define the optimal timing of seasonal crop planting that
guarantees adequate moisture availability during the growing season in RFA systems. The
second aspect, presented in Chapter 4, focused on quantifying growing season water
availability and crop water demand, and on the implications for closing the water-limited yield
gaps both under present and future climates. The third aspect, explored in Chapter 5, delved
into changes in the agroecological suitability cropping areas, which is primarily defined by
climate, soil and topographic factors. The focus here was on mapping potential cropland

suitability and analyzing anticipated future changes under climate scenarios. In the following
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sections, | summarize the main insights resulting from the research in view of the major

research questions posed at the start of this thesis.

Insight 1: Low-quality ground station temperature observations can reliably be used for
enhancing the quality of gridded global datasets through adoption of appropriate statistical

methods that reduce local at-site uncertainty and account for external forcing, e.g. elevation.

The first research question posed in this thesis was, “how can we utilize low-quality station
temperature observations for adjusting statistical biases and enhancing spatial details in
gridded climate datasets for local applications?” The answer to this question (Chapter 2) is
based on the development of a workflow for bias-adjustment of the ERA5-Land maximum and
minimum 2-m air temperature at an enhanced spatial resolution (0.05° x 0.05°) using spatial
interpolation and quantile mapping (QM). The aim here was two-fold: first, to develop a
framework for utilizing in-situ observed (IOBS) temperature data to de-bias and downscale
gridded global datasets for local applications, and second, to produce a new high-quality
gridded temperature dataset for Ethiopia. The fact that the IOBS temperature data that is needed
to set up the QM in this thesis involves large data gaps, a sparse station network, measurement
errors (outliers), and inhomogeneity, necessitates a careful adoption of a set of approaches.
These approaches include preprocessing the IOBS data to address outliers and inhomogeneity
issues, along with spatial interpolation and the QM technique. Three major issues needed to be
resolved to enhance the local quality of the global temperature dataset in ERA5-Land using
poor-quality IOBS data in Ethiopia (see section 2.2).

First, large data gaps imply that the I0BS data are not directly usable for robust time series-
based QM model calibration. | instead proposed to use statistical parameters (mean and
standard deviation) derived from the IOBS rather than the IOBS time series for the calibration
of the QM model. The choice of the statistical parameters depends on which probability
distributing function fits the IOBS data best. The idea of relying on temperature statistics
triggered an important question: whether or not the statistics derived from observed data with
large gaps are reliable. In the context of Ethiopia, it was found that maximum difference in the
long-term mean of both maximum and minimum temperature statistics computed from full 30
year records and short 5 year records (25 years of gaps), is very low (less than 0.25°C)

suggesting that reliable statistics can be obtained from measurements with large data gaps.
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Second, despite the reliability of the estimated at-site temperature statistics, the sparse IOBS
station network, particularly in remote parts of Ethiopia, introduces a significant problem for
the spatial interpolation of IOBS statistics. To address this, a hybrid interpolation technique
was applied. In this technique, background temperature statistics are modeled as a function of
elevation and location, and the residual temperature statistics are interpolated using the Inverse
Generalized (non-Euclidean) Distance Weighted (IGDW) approach (Frei, 2014). The use of
non-Euclidean distance accounts for the effects of mountain barriers on temperature differences
between two locations, which is particularly vital for capturing spatial variabilities in
mountainous regions. The hybrid interpolation technique, combining regression-derived
background and IGDW-interpolated residual IOBS temperature statistics, enabled the
generation of the spatial field of IOBS statistics more accurately, which was then successfully
used for the calibration of the QM model at every grid.

Third, in time series-based QM, non-stationarity (preservation of trends in the data) is ensured
by calibrating the model dynamically along the data length, for example, on a moving window
basis, which is impossible when relying only on the temperature statistics. To overcome this
problem, a two-step QM procedure was introduced in this thesis. In the first step, bias
adjustment is performed in a stationary setting (without preserving trends) using the
climatology of monthly temperature statistics. Then, in the second step, non-stationary QM
was applied to the monthly-corrected data in the first step, using annual temperature statistics
to allow for interannual variability and trends along the data length. This two-step QM
successfully produced the bias-adjusted dataset at the same accuracy that could be achieved

with time series-based QM.

In summary, | showed that low-quality IOBS temperature data provides a sufficiently
representative local temperature climate that can be incorporated into gridded global
temperature datasets to de-bias and downscale them for local applications in data-scarce
regions. However, this process requires an innovative combination of methods accounting for
limitations regarding data gaps in time and space and nonstationarity. The final bias-corrected
ERAS5-Land dataset called BCES produced in this thesis demonstrates an approximately 68%
greater accuracy in maximum air temperature and 25% greater accuracy in minimum air

temperature compared to the original ERA5-Land 2-m air temperature dataset over Ethiopia.
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It was published as an Open Access Dataset and is freely available to the scientific community
(Wakjira et al. 2022).

Insight 2: The timing of the start of the rainy season and rainfall seasonality are significantly
impacting crop yields in RFA regions, i.e. delays in rainfall onset dates under unimodal
rainfall regimes, and changes in seasonality under bimodal rainfall regimes, are the main

determinants of cereal crop production in Ethiopia.

The second research question posed in this thesis was, “What are the influences of rainfall
timing and seasonality on seasonal crop production and what implications do they have for
agronomic and water management decisions across the RFA region of Ethiopia?” To answer
this question, in Chapter 3 four key temporal attributes of rainfall -- seasonality, onset,
cessation and duration of the rainy season -- were analyzed and associated with the June-
September (meher) cereal crop production in the Ethiopian RFA region. Seasonality,
representing the extent to which the annual rainfall is concentrated in the rainy (growing)
season (Feng et al., 2013), was determined as a dimensionless index by combining the annual
rainfall and its probabilistic monthly distribution for every year (see section 3.3.1). The timing
and duration of the rainy season were computed by a method which identified the onset and
cessation dates of the rainy season from daily gridded precipitation (CHIRPS), and the rainy
season duration between the onset and cessation dates was considered as the length of the

rainfed growing season (see section 3.3.2).

These analyses provided several very useful outputs about the rainfall regime in Ethiopia that
significantly complement existing literature (Liebmann et al., 2012; MacLeod, 2018; Segele
and Lamb, 2005). For example, with higher accuracy we can categorize the Ethiopian RFA
region into northern and southern sub-regions that generally exhibit distinct temporal rainfall
features. | showed that the major meher-producing northern half of the RFA region is
characterized by highly seasonal rainfall (Fig. 3.6) and a unimodal rainfall regime (Fig. 3.3).
The onset dates in this sub-region range from early May in the western humid areas (with
season duration of ~180 days) to early July in the northeastern semi-arid areas, where the
season duration is as short as ~60 days (Fig. 3.8). With the exception of the northeastern semi-
arid areas, this sub-region shows low interannual variability in seasonality (Fig. 3.7), timing

and duration (Fig. 3.9) of the rainy season. Correlation analyses between cereal production
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reported by the Central Statistical Agency of Ethiopia and temporal attributes of the meher rain
over this sub-region revealed a strong influence of the rainy season onset, with late-onset
resulting in statistically significant decreases (on average by 1.5% for every 5-day delay) in
cereal production. The influence of seasonality was weakly pronounced (Fig. 3.10). These
findings emphasize the critical importance of rainfall onset-informed scheduling of planting

operations in the main meher-producing region of Ethiopia.

In contrast, the southern half of the RFA region experience erratic (less seasonal) rainfall with
transitional (year-round) and bimodal rainfall regimes peaking in March/April (belg), and
August/September in the eastern, or September/October in the southern parts of this sub-region
(Fig. 3.3). Both seasonality and timing (onset and cessation), and hence the duration of the wet
seasons, vary highly from year to year. As a result, meher crop production shows a weak
correlation with the timing and duration of the rainy season. Instead, it is meaningfully
correlated with seasonality (Fig. 3.10). This is particularly evident in the eastern semi-arid part
of the RFA region. The insight here was about the “curse of seasonality”, meaning that where
a small annual rainfall total comes in two seasons, this makes both seasons less reliable for
crop production. The more the annual rainfall total is concentrated in one of the two seasons
(either meher or belg), the more green water becomes available for crops, and hence the higher
the crop production in that season. The water management implication of this is that water
harvesting and vapor-shifting (from evaporative losses to transpiration gains) strategies should
be prioritized to increase water-limited yields.

Insight 3: The median water-limited attainable yield (AY) during the meher growing season
is approximately 80% of energy-limited potential yield, i.e., the water-limited yield gap is
20%. Climate change is expected to have minimal impact on AY in the major meher-
producing regions, while it has a greater positive impact in the Belg-producing regions.

The next research question was, “What is the current climatology of water-limited attainable
yield potential under RFA practices, and how is it expected to change under future climate
conditions in Ethiopia?” This was investigated in Chapter 4 by developing a modelling
framework that utilizes climatic-hydrological-crop yield (CHC) relationships (section 4.2.3).
The framework integrates the FAO Penman-Monteith algorithm (for estimating atmospheric

evaporative demand), a conceptual hydrological model (for simulating key agronomic water
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balance components), and a water production function (for determining water-limited yield).
The CHC modelling framework is driven by gridded climatic data (temperature developed in
Chapter 2 and precipitation studied in Chapter 3), and utilizes state-of-the-art topographic, land
cover and soil data. The CHC modelling framework was applied to examine green water
availability and to estimate attainable yield potential during the two growing seasons — meher

and belg -- under both present and future climates in the RFA region of Ethiopia.

| showed that green water serves as a highly reliable source for meher (May — September)
agricultural evapotranspiration across the majority of the RFA region. In over 50% of the
region, AY exceeds 80% of the potential (fully irrigated) yield. The median climatological AY
during meher, considering the period 1981-2010, ranges from 46% in highly moisture-limited
dry semi-arid areas to 93% in humid areas (Fig. 4.1). During the belg season, which contributes
to nearly 10% of the annual cereal crop production in Ethiopia (Taffesse et al., 2012), the
median AY ranges from 40-60% across the respective producing region, primarily in the
southern half of the RFA region. Spatial variations in AY are attributed not only to the spatial
distribution of rainfall but also to the spatial variability of soil properties and surface conditions
(e.g., slope, roughness), influencing surface and root zone hydrological fluxes and green water
storage capacity. One main result of this Chapter was the systematic comparison of the AY and
observed actual yield (Fig. 4.12), which helps us identify the crop yield gap that needs to be
addressed through holistic agro-environmental resource management to enhance rainfed crop

productivity in the face of climate change (see section 6.2).

Another important insight in this Chapter was related to the nature of climate change across
Ethiopia. The downscaled multiple GCM projections of the future climate revealed warmer
and largely wetter future climates during the growing seasons across the RFA region (Fig. 4.6).
I showed with the CHC framework that this is likely to result in only slight changes (increases
or decreases) in AY across the large parts of the meher-producing regions, particularly in humid
and sub-humid areas. Relatively higher changes, mostly in the range of -5% to 5%, are expected
in the southeastern and eastern semi-arid areas, especially for teff compared to maize, sorghum
and wheat. The changes in meher AY are predominantly positive in the 2030s, and then
decreases towards the end of the century (Fig. 4.10). In contrast, climate change is projected to

result in an increase the belg AY in the future periods, for example by up to 20% in a large part
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of the belg-producing regions by the end of the century, providing perhaps an additional

opportunity for the intensification the belg season crop production by farmers.

Insight 4: A larger part of the RFA region is potentially suitable for the major cereal crops
in Ethiopia, although soil-related limitations require management interventions. However,
climate change is likely to have a serious impact in the future, resulting in altitudinal shifts

and contraction of suitable croplands.

The fourth research question of this thesis, “What is the potential cropland suitability across
the RFA region of Ethiopia, and how will it change under the projected future climate?” was
addressed in Chapter 5. This was approached through numerical modelling of cropland
suitability (as detailed in section 5.2.3), considering key climatic (growing season temperature
rainfall, and solar radiation) and soil factors (texture, pH and organic carbon). The modelling
framework leverages a functional relationship between crop yield and the individual factors
(Fig. 5.2) that was parameterized with yield observations and factor data at grid scale, and used
for the simulation of the partial yield responses. The simulated (factor-specific) yield responses
were post-processed to determine the partial suitability. The overall cropland suitability was
obtained by combining the partial suitabilities. The framework was then applied to map the
current potential cropland suitability and to assess future changes, considering the four major
cereal crops produced in Ethiopia. Furthermore, relative sensitivity of cropland suitability to

rainfall and temperature was analyzed using the one-at-time local sensitivity method.

The finding from this Chapter was that based on climatic and soil qualities, more than half of
the cultivable areas of the RFA region are moderately and highly suitable for sorghum (63%),
teff (54%) and maize (51%). Limited to mid- and highland agroecologies, wheat is the least
versatile crop with only 29% of the region potentially suitable (Fig. 5.4). While climate plays
a defining role, | also show that soil related limitations such as acidity, alkalinity and
waterlogging could constrain present cropland suitability in some regions. Looking towards
the future, climate change is expected to significantly impact cropland suitability in Ethiopia.
The projections suggest that the areas suitable for teff and wheat will decrease, for example,
by 18% and 27%, respectively, under SSP5-8.5 by the end of the century (Fig. 5.8). Maize and
sorghum croplands will experience altitudinal shifts with relatively less areal losses compared

to teff and wheat croplands.
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The impacts of climate change on croplands become more pronounced with more extreme
greenhouse gas emission scenarios, and as we move toward the end of the century. This is
particularly evident in lowland agroecologies, where the changes are predominantly driven by
increases in temperature. Highland agroecologies are also temperature-sensitive, but the impact
there results in a gain in cropland suitability. On the other hand, hyper-humid and semi-arid
agroecologies are more sensitive to rainfall. These regional differences in the climate
sensitivity of croplands are crucial to guide the type of adaptation measures that are suitable,
depending on the sensitivity. | argue in this work that this aspect of climate change will pose
critical challenges to development targets like food security, poverty reduction, and economic

resilience of the rural society, necessitating urgent adaptation and risk management strategies.
6.2. Scientific and practical relevance

This thesis provides novel quantitative insights into the agroclimatic, agrohydrological, and
agroecological perspectives of the rainfed farming system in Ethiopia at a national scale using
state-of-the-art datasets, models, and ground observations. During this research effort, new
climate data have been produced, replicable analysis and modelling frameworks have been
developed, and both scientific and practical information have been generated. These outcomes
can serve as a foundation and input for future research in the field, as well as provide valuable
information for practices, planning, and policy- and decision-making relevant to climate-smart
agriculture in Ethiopia. Although the study was focused on Ethiopia, the vision was to create
generalizable workflows that will be reproducible in other RFA regions worldwide. Here, the
main methods and results are discussed with regard to their scientific and practical relevance

and existing literature.
6.2.1. Data and methods for agrometeorological analyses

Climate-smart agricultural practice requires detailed agrometeorological elaborations of
agricultural landscapes and effective monitoring of key state variables and their changes
(Blaser et al., 2018; Lipper et al., 2014; Peng and Guan, 2021). This requires high-quality
climate data with adequate spatial detail, sufficient duration, and reasonable accuracy (Tim
Wheeler and Braun, 2013) -- a prerequisite historically lacking in wider sub-Saharan Africa
and other parts of the developing world. Frameworks, such as the one employed here to de-

bias and downscale globally available climate reanalysis data, applied to air temperature in
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Chapter 2 can be reproduced in other regions. | believe such local calibration of a global dataset
to a specific region/country is better than a globally adjusted dataset to fit local applications.
The demonstrated performance in producing the BCES dataset can potentially serve as a
showcase of the value of lower-quality in-situ observation data. This framework is versatile
and can be adopted for other climate variables, with necessary considerations for the nature of
the variable. For example, one must account for the probability distribution of the data,
environmental covariates, and internal properties of the variable, such as intermittency and
phase for precipitation, among others. In my opinion, BCE5 can serve as a reference
temperature dataset for other agrometeorological and climate impact studies in Ethiopia that

provide both scientific understanding and practical applications as presented in section 6.2.4.

The works undertaken in Chapters 3-5 represent examples of climate data applications in
combination with soil, land cover and crop data, for a detailed agrometeorological
characterization of locations. This includes defining the climatology of rainy season onset and
cessation, potential rainwater productivity (water-limited yield potential), and climate-defined
and soil-limited cropland suitability. These key agroecological characteristics can inform farm
management practices and be used for detecting and monitoring ongoing environmental
changes. The aim in my research was to develop analysis frameworks and workflows in
Chapters 3-5 that can be replicated for similar scientific inquiries in other case studies, with
context-specific adjustments as needed. The numerical modelling framework implemented in
Chapter 5 overcomes some of the important drawbacks of existing land suitability models, such
as those based on fuzzy logic (e.g., Feng et al., 2017; Schneider et al., 2022; Zabel et al., 2014)
that are based on an empirical definition of suitability functions. In our case, the suitability
functions derived from a mathematical relationship between crop yield and the suitability factor

allow a more realistic and data-driven parametrization of suitability.

The CHC modelling framework applied in Chapter 4 is a simple but powerful tool that can be
adopted for various agrometeorological applications such as estimation of water availability
and crop water demand both for irrigated and rainfed systems, and relative yield prediction the
purpose of management planning. This avoids the dependence on process-based crop models,
which are often data-intensive and the require rigorous calibration of several parameters
(Jagermeyr et al., 2021; Ramirez-Villegas et al., 2017; Steduto et al., 2009). Moreover, the
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CHC modelling framework allows simulations at any scale from field scale to region and global

scale.
6.2.2. Implications for yield forecast and decision-support for actors

Ideally, farmers make the right decisions when they have insights into the prospective yield in
the upcoming season based on the onset of the rainy season. In this context, insights from
Chapter 3 provide a concrete link between crop yield losses or gains and the onset of the rainy
season. This linkage can serve as a foundation for extending rainfall onset forecasts to yield
predictions (Rattalino Edreira et al., 2021), supporting farmers in making elementary
agronomic and water management decisions, particularly in the main meher-region of Ethiopia.
When the forecast of rainfall amount is available and sufficiently reliable (Diro et al., 2011b;
Ehsan et al., 2021; Gissila et al., 2004; MacLeod et al., 2023), the agrohydrological modelling
framework used for assessing water-limited yield in Chapter 4 can be employed to estimate the
level of soil moisture limitations that farmers can expect during the forecast lead time. A late
onset of the rainy season often signifies either drought onset or dry spell conditions that may
necessitate the activation of risk management actions, where yield-based information is crucial

for government agencies and non-governmental organizations.
6.2.3. Climate impact information for planning, policy design and decision-making

The primary practical significance of this thesis lies in providing information climate
adaptation, resilience and risk management planning, policy design and decision-making in
Ethiopia. The insights gained from the assessment of agroecological impacts of climate change
in Chapter 5 sound an important alarm for urgent policy, regulatory and institutional responses
to address the potential challenges of climate-driven future cropland abandonment and shifts —
something that seems to have been underestimated in the current national adaptation plan of
Ethiopia (FDRE, 2019). Insight from our climate sensitivity analysis in section 5.3.3, which is
in contrast to other studies (Burke et al., 2009; Kummu et al., 2021; David B Lobell et al.,
2011; Lobell and Burke, 2008) suggests that temperature increase predominantly drives the
reductions in cropland availability necessitates holistic approaches to adaptation and mitigation
solutions. Alongside well-established genetic modification of crop varieties (Gago et al., 2014;
Hatfield and Dold, 2019; Porras et al., 2023), considering agroecological measures that can

regulate the microclimates of croplands could be viewed as an alternative strategy in this
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regard. Insights from Chapter 4 regarding the present and future green water yield potential, on
the other hand, suggest largely minimal influence of climate change during the main growing
season, but with untapped potential and positive impacts during the shorter growing season.
This information is useful for setting agricultural intensification targets based on the available
potential and planning how to reach these targets by closing yield gaps. Such planning is crucial
in efforts to overcome the triple challenges -- food security, poverty, and climate vulnerability

in agricultural nations like Ethiopia.
6.2.4. Major practical applications of the findings

In this section, I will present concrete examples of where and how agro-environmental insights
from this thesis can be utilized to improve rainfed crop production for food security, poverty
reduction, and climate resilience. As mentioned in earlier sections, these findings are relevant
in both practical applications, such as farm-level management supported through agricultural
extension services, and institutional applications, including planning, policy, and regulatory

designs.
Water conservation in dryland area with bi-modal rainfall regime

The regional patterns of crop production responses to rainfall seasonality and timing presented
in Chapter 3 can serve as a guide for agricultural extension and development agents in
supporting farmers with strategies to minimize crop water stress during the growing season. In
this regard, our findings (Fig. 3.10) point out which strategy is needed where, implicating two
categories of possible management strategies: proper choice of optimal planting dates based on
the rainfall onset under a unimodal rainfall regime, and rainwater water conservation in semi-
arid bi-modal rainfall regimes. The latter is particularly crucial in the eastern part of the RFA
region, where soil moisture deficit is high (Fig. 4.5a), necessitating soil and water conservation
measures at field and farm scales. The established guidelines for soil and water conservation
in Ethiopia, as suggested by Hurni (2016, 1998), can provide technical guidance for
implementing water conservation measures effectively. While water conservation in this
moisture-limited region should aim to maximize rainfall infiltration (runoff retaining), and
minimize evaporative losses, achieving both simultaneously can be challenging due to the high

labor requirements of these measures (Studer, 2021). Our analysis result (Fig. 5.12a) suggest
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that rainfall variability is the main factor contributing to interannual variability in crop yields,

emphasizing the need to prioritize conservation measures that maximize soil moisture.
Amelioration of soil-related limitations

In our assessment of cropland suitability, we have identified areas where soil conditions limit
crop yields. One such limitation is the potential for waterlogging problems, affecting a
substantial area of the RFA region in the western humid and sub-humid parts (Fig. S5.1). These
areas are characterized by clayey soils, mainly nitisols and vertisols (Ali et al., 2024). Teff and
wheat production in these areas are particularly hampered by this soil-climate interaction,
leading to prolonged soil saturation. Addressing this issue requires the removal of excess water
from agricultural fields (runoff draining) to overcome waterlogging-induced limitations.
Locally developed soil drainage implements such as the Broad Bed Maker (BBM) (Rutherford,
2008) have been effectively used in Ethiopia. Several studies have demonstrated that runoff
drainage practices like broad bed and furrow methods can increase crop yields by over 30
percent (Alemayehu et al., 2023; Lebay et al., 2021; Welderufael and Woyessa, 2009).

The pH partial suitability map (Fig. S5.2) provides indications of areas where soil pH limits
crop yields. About 13% of the RFA region, particularly the western humid areas are identified
as acidity-affected (the dotted areas in Fig. 6.1), significantly limiting land suitability for teff
and wheat cultivation. Conversely, croplands in the northern parts (primarily in the Tigray
Regional State) and eastern parts (accounting for about 11%) of the RFA region are limited by
soil alkalinity (see the crosshatched areas in Fig. 6.1). These insights can guide planning
technical advisory services for farmers and resource mobilization for soil amendment practices
such as liming, organic amendment, and tillage management to address acidic soils in these
regions (Gurmessa, 2021; Warner et al., 2023). Despite the significant limitations posed by soil
alkalinity, soil treatment practices for alkaline soils have been limited in Ethiopia. Our findings
highlight the urgent need for alkaline soil amendment in these vulnerable regions. Assessments
show that practices such as amendment with gypsum, biochar, cow dung, and phosphate
fertilizers hold promise for ameliorating alkaline soil conditions (Bello, 2012; Li-ping et al.,
2015; Qayyum et al., 2017).
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Fig. 6.1: Soil pH suitability for teff and wheat production across the rainfed agricultural region of Ethiopia. The
dotted areas correspond to regions with soil pH < 6 (acidic), and the crosshatched areas correspond to soil pH > 8

(alkaline)
Policy and institutional implications

The comprehensive analysis of agro-environmental dimensions in smallholder rainfed farming
systems undertaken in this thesis provides crucial information for policy and institutional
considerations for the achievement of the food security, poverty reduction, and climate
resilience goals. The main understanding from Chapter 4 is that under ideal input and
management conditions, the regional average water-limited yield gap is 21% of the potential
(fully irrigated) yield, while the actual yield gap (e.g., for maize) is about 73% of the fully
irrigated yield or about 64% of the water-limited (rainfed) attainable yield. In other words, only
36% of what could be produced on average is achievable under prevailing agro-environmental
conditions. This yield gap can be attributed to agricultural input and management limitations,
which are determined by the underlying policy and institutional setting as summarized in Fig.
1.1. This implies that there should be fundamental reconsiderations of regulatory and
institutional measures to ensure farmers have unlimited access to agricultural inputs (such as
fertilizer, pesticides, and herbicides), appropriate technologies, extension services, access to
markets and finance, and weather and climate services. The future changes in cropland
suitability reported in Chapter 5 are also key inputs for long-term climate adaptation policies

that need to be in place.
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6.3. Limitations and Outlook

6.3.1. Limitations of the thesis

In this thesis, the research effort was driven by the development and use of a range of
quantitative methods to contribute to our understanding of the climate, water, crop, and
agroecological relationships and their changes with climate, primarily addressing the need for
evidence-based policy- and decision-making (Fig. 1.1) at higher administrative level in
Ethiopia. These quantitative estimations, which involved multi-year simulations at relatively
high resolution covering the entire rainfed agricultural region (~667,000 sg.km), required

assumptions and simplifications, leading to three key limitations that I highlight here.

The first one is related to the adequacy of the prediction scales. The analyses here were
performed at a spatial resolution defined by the state-of-the art climate dataset used (0.05° x
0.05°), mainly CHIRPS rainfall (Funk et al., 2015) and BCES5 air temperature (Wakjira et al.,
2023, 2022). Therefore, sub-grid landscape and farm scale details have not been represented.
This limitation is particularly important, for example, in the context of our cropland suitability
mapping in Chapter 5, in which the effects of terrain slope were masked out, and sub-grid
variabilities in soil properties were not included. Consequently, not every piece of information
presented in the thesis at grid scale is complete for landscape and farm level uses. Therefore,
additional local assessments may be needed for (details in section 6.3.3).

The second limitation is related to the conceptual modelling of the climate-hydrology-crop
relations. In order to optimize the handling of computations involving large data volumes, some
methods used in this thesis have been simplified without significantly compromising the
quality of the output. For example, the CHC modelling framework implemented in Chapter 4
involved a simplified crop response module in which water production function was used
where the complex crop growth processes were represented by the yield response factor. This
modelling framework can be categorized into crop coefficient models, which are types of crop
models wherein the water production function is coupled with water balance models to estimate
seasonal crop water use and crop yield (Foster and Brozovi¢, 2018; He et al., 2022; Schwartz
et al., 2020). In our case, this allows the simulation of relative yield (the ratio of water-limited

and energy-limited yields).
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The third important simplification concerns the climate downscaling method used, i.e. the delta
change method in which the natural variability of the reference climate was assumed to remain
unchanged (Navarro-Racines et al., 2020; Sarr et al., 2015). For the two applications in this
thesis -- the analyses of changes in water-limited yield potential in Chapter 4, and changes in
cropland suitability in Chapter 5, both of which focused on the changes at climatological time
scale, this assumption does not pose major uncertainty (Glotter et al., 2014). However,
assessments focusing on seasonal, interannual variability and trends under future climates need
to account for changes in the natural variability of the future climate (Basche et al., 2016;
Hoffmann et al., 2018; Williams and Falloon, 2015).

6.3.2. Uncertainties in inputs and model parameters

In addition to the limitations discussed in Section 6.3.1, uncertainties in input data and
parameters also influence the model outputs. Here, I will elaborate the uncertainties in climate
data, soil, and crop data and parameters, and their propagation through modelling cascades in

the three major agro-environmental aspects covered in this thesis (Chapter 3-5).
Uncertainties in climatic inputs

Climatic inputs are the major sources of uncertainties in this thesis. These uncertainties fall
under three categories (Deser et al., 2012; Fatichi et al., 2016a; Peleg et al., 2019): climate
model uncertainties resulting from limitations in climate models and the algorithms used to
produce the data, climate scenario uncertainties stemming from limited knowledge of future
greenhouse gas emission pathways, and stochastic uncertainties arising from the random
variability of the climate variables. In our analyses, the influence of stochastic uncertainties in
the future climate datasets on our results is minimal, particularly at the climatological

timescale, where they are averaged out.

Concerning climate model uncertainties in the current climate, we have significantly reduced
uncertainties in temperature inputs through bias-correction (see Chapter 2). The CHIRPS
rainfall data, used as the reference for rainfall climate, is considered the most suitable gridded
rainfall data for agroclimatic monitoring in Ethiopia (Bayissa et al., 2017; Gebremicael et al.,
2019; Musie et al., 2019). However, its performance tends to decline over the southern and

southeastern parts of the RFA region (Fig. 3.2) where the station observation network is sparse
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(Ahmed et al., 2024). Consequently, uncertainties arise in rainfall timing attributes over these
regions, where predictability is naturally low due to the transitional or bimodal nature of the
rainfall regime (Fig. 3.3). Moreover, uncertainties in rainfall across the southeastern part
contribute to uncertainties in simulated agrohydrological fluxes and attainable yield potential,
particularly during the Belg season. Water-limited attainable yield is sensitive to rainfall during
Belg, as illustrated in Fig. 4.11. Cropland suitability in this region is also rainfall-sensitive (see

Fig. 5.11), implying higher uncertainty in the suitability maps for this area.

The future climates (rainfall and temperature) carry both climate model and climate scenario
uncertainties that could propagate to the analyses results in Chapters 4 and 5. In delta change
downscaling approach that we employed, future climate is partitioned into the natural climate,
and the delta (change). The propagation of climate model uncertainties in the natural climate
is negligible because the uncertainties are similar in the future climate and current climate due
to the stationarity assumption in the delta change downscaling method (see Section 5.2.2). The
uncertainties in the delta (changes) are explained by the differences in the future changes
projected by various GCMs or RCMs. As discussed in the earlier sections, we represented the
future changes in the climate variables by the median of the changes derived from multiple
model projections to keep the uncertainties at minimal. The largest source of uncertainty in
future climates stems from scenario uncertainty (Hawkins and Sutton, 2011). In this regard,
our results were presented based on three possible future climate trajectories, which correspond
to low, intermediate, and high greenhouse gas emissions scenarios as defined by the

Intergovernmental Panel on Climate Change (IPCC).
Uncertainties in soil data and parameters

Soil inputs introduce additional uncertainties that must be considered when interpreting and
using the results related to water-limited attainable yields and cropland suitability presented in
Chapters 4 and 5. Due to the inherently high spatial variability of soil properties, even the
quality of the best available soil data, such as SoilGrids is limited. For this, further soil profile
measurements are needed for better calibration of the spatial prediction models (Poggio et al.,
2021). Specifically, SoilGrids utilized fewer than 2 soil profile measurements per 1000 km?
area in Ethiopia (Batjes et al., 2020), highlighting the scarcity of observed soil data that can

potentially lead to uncertainty in the spatial prediction model.
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Uncertainties in soil texture, organic carbon content, and pH can influence the predicted crop
suitability. In the case of water-limited attainable yields, uncertainties related to soil arise from
soil texture, organic carbon, and the agrohydrological parameters derived from them. The
determination of soil water retention at saturation, field capacity, and wilting point is based on
pedotransfer functions, such as Saxton and Rawls, (2006) in our case, which are also affected
by the spatial heterogeneity of the soil properties (Nasta et al., 2021; Van Looy et al., 2017).
The uncertainties in the water retention characteristics affect soil water balance calculations,
which in turn propagates to the green water availability and water-limited yield estimates.

Uncertainties in crop data

The crop data used in this thesis that is sourced from the statistical summaries of the annual
Agricultural Sample Survey (AgSS) published by the Central Statistical Agency of Ethiopia
(e.g., CSA, 2010). Consequently, there are obvious statistical uncertainties associated with this
crop data. One such uncertainty arises from sampling, as these data are based on yield surveys
and measurements from the sample households, which are then extrapolated to represent crop
production data for entire administrative zones. Additionally, yield measurement errors and
inconsistencies, in crop sample weight, sampled area, field size, cultivated area, and other

involved measurements can introduce further uncertainties into the data.

The spatial downscaling of zonal average crop data to grid scale in Chapter 3 assumed the crop
cover fraction retrieved from the Copernicus Land Services. This product is reported to have
continental-scale accuracy of 80% at a 100 m spatial resolution (Buchhorn et al., 2020),
implying some level of uncertainty in the spatial pattern of the disaggregated total cereal
production. Consequently, this uncertainty can propagate to the correlation analysis results

reported in the chapter.
Uncertainty and sensitivity analyses

In previous discussions, | have identified the main uncertainties arising from inputs,
assumptions, and models and how they influence the model outputs. It is important to note that
some of these uncertainties are masked due to the spatial and temporal aggregations involved.
For instance, both the soil and cropland cover datasets were spatially aggregated from their

original resolutions of 250 m and 100 m, respectively, to 5 km, which is the spatial scale
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considered throughout this thesis. Our analyses in section 2.2.1 (see Fig. 2.7) demonstrated
how uncertainties in climate data diminish upon temporal aggregation. Consequently, rainfall
uncertainties in the analyses of rainfall temporal attributes (Chapter 3), which were carried out
at pentadal (5-daily) are reduced. Similarly, in the assessments performed at climatological
timescales, focusing on water-limited yields and cropland suitability, uncertainties in the
climatic inputs as well as that of the agrohydrological and agroecological model outputs are

significantly reduced, as mentioned earlier.

Quantification of uncertainties is crucial for guiding end-user decisions and understanding the
associated risks. In this thesis, a local sensitivity analysis was conducted to focus on key drivers
of changes, such as rainfall, temperature, and evapotranspiration, affecting water-limited
attainable yield and cropland suitability. This method involves systematically analyzing output
variability in response to individual changes in input variables. In future studies, this analysis
can be extended to global sensitivity and uncertainty analyses, such as Sobol” method (Sobol’
et al., 2007) to provide a more comprehensive understanding on the influences of input
variabilities on model outputs. Sobol’ method enables quantification and partitioning of
uncertainties considering input and parameter variabilities across entire variable space
(Hamby, 1994; Sobol’ et al., 2007). It employs distribution-based sampling of variances mostly
using Monte-Carlo simulations, to perturb the model with the sampled set of inputs (Fatichi et
al., 2016a; Guo et al., 2017; Peleg et al., 2019). One main limitation of the Sobol’ method can
be its computational demand, especially when applied at the grid scale over a large
geographical domain. This limitation becomes more pronounced with the number of input

parameters for which sensitivity is analyzed.
6.3.3. Research Outlook

Climate-smart agriculture is founded on the application of practical information and
technologies, considering the agroecological and socioeconomic contexts to enhance
productivity, build resilience, and ensure environmental sustainability (FAO, 2022). In this
sub-section, | will describe what I think are important future research topics that can overcome
the limitations indicated in section 6.3.1, in order to enhance our understanding of the

landscape and farm-scale context, and thus support smart farming practices.
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Joint agrometeorological and agroecological elaborations

Soil properties, topographic characteristics, weather, land cover, and biodiversity vary over
small horizontal distances, influencing agrohydrological and agronomic responses to weather
and climate dynamics. These responses, in turn, shape farm management practices. The
availability of high-resolution geospatial data from multiple sources, coupled with climate
datasets, allows for detailed spatial elaboration (at sub-kilometer scale) of agroecologies.
However, the spatial resolution of existing climate datasets is coarse compared to soil,
elevation, and land cover datasets. Future efforts should therefore focus on enhancing climate
data availability for local applications. For variables like temperature, frameworks such as the
one implemented in Chapter 2, which enables the assimilation of local climate statistics can be
utilized, leveraging the strong explanatory power of elevation. A similar approach can also be
extended to rainfall and other climate data through a thorough selection of statistical parameters
and environmental covariates. The potential of remote sensing observations such as cloud
dynamics to be used as predictors of the local climate variables like rainfall can also be
evaluated (Kumah et al., 2022; Wilson and Jetz, 2016). Alternatively, recently developed high-
resolution global climate datasets like Climatologies at High resolution for the Earth’s Land
Surface Areas (CHELSA) (Karger et al., 2020) can be tested and used.

High-resolution cropland suitability mapping is essential for guiding cropland expansion
without causing unsustainable land conversion. The numerical suitability-mapping framework
implemented in this thesis (Chapter 5) can be utilized by incorporating additional factors, such
as elevation, slope, and soil depth, while masking out non-agricultural land uses.
Simultaneously, agrometeorological details of the suitable agroecologies need to be elaborated.
These details may include the agrohydrological component responses (Chapter 4) of
agricultural landscapes, such as rainfall-runoff, infiltration, green water storage capacity,
evapotranspiration demand, erosion risks, waterlogging risks, and water-limited yield
potential. These are vital to guide farmers in implementing appropriate soil, tillage, and water

management strategies (Hurni, 2016).
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Teleconnection-based prediction of rainfall timing

Forecast information on the timing of the growing season rainfall is of paramount importance
for scheduling planting operations and water management to minimize the risks of crop failure
associated with delays in the rainy season in rainfed systems. The teleconnection between
Ethiopian rainfall and the dynamics of the SST over the Pacific, Atlantic, Indian Oceans, and
the Red Sea region (Alhamshry et al., 2019; Segele and Lamb, 2005) as well as global
atmospheric moisture circulations (see also section 1.2.2) can be utilized for predicting the
arrival of rainy days over the meher region of Ethiopia. For example, in our exploratory data
analysis (Fig. 6.2) of the linkage between rainfall onset and SST anomalies of the central
Equatorial Pacific using NINO3.4 index in Chapter 3 demonstrate such potential. The analysis
showed that 54% of the years with late meher rainfall onset during 1981-2010 were the years
with a positive ENSO (NINO3.4 > 0.5°C is El Nifio). Specifically, during El Nifio years, 64%
of the cases (7 out of 11) exhibited a late onset of the meher rainy season (see the green marks
in Fig. 6.2b). Looking at the corresponding cereal production anomaly during the period 1995-
2010 (Fig. 6.2c), it was found that 4 out of the 6 EI Nifio years (67%) had a negative cereal
production anomaly, suggesting a meaningful linkage.

The utilization of these teleconnections entails further understanding on the dynamic aspects
of these linkages that future research needs to solidify. For example, the choice of the optimal
time scale and the lag between the relevant oceanic variable (e.g., SST) and the rainfall onset
that maximizes that correlation, and the intensity of SST anomaly versus the intensity of the
onset anomaly, are relevant information the prediction of the teleconnection-based rainfall
onset. The joint influences of multiple SST-related phenomena, especially that of the ENSO,
the Indian Ocean Dipole (Degefu et al., 2017; Dubache et al., 2019) and Madden Julian
Oscillation (Berhane and Zaitchik, 2014; Zaitchik, 2017) can also have a significant influence

on the prediction of the rainfall onset.

Atmospheric circulation, which is responsible for moisture transport from oceans to land, is
also a key aspect that needs to be understood. As briefly touched in Chapter 3, the onset and
cessation of the meher rainy season is largely controlled by the seasonal north-south oscillation
of the Inter Tropical Convergence Zone (ITCZ). Consistent with this oscillation, the onset of

the meher season rainfall follows a gradual movement from the southwestern part of the RFA
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region where first onset is observed around early April toward the northeastern part where the
last onset happens around early July (Fig. 3.8). This suggests that onset prediction can be
improved through tracking the latitudinal location of the ITCZ, which needs to be further
explored. Additionally, westerly and easterly winds also play an important role in moisture
transport to Ethiopia (Gleixner et al., 2017; Viste and Sorteberg, 2013), thus their interaction

with the ITCZ should be considered in the prediction of the rainfall onset.

’ ! ! ! ! ! ‘ ! ! ! ! I NSO+ (EI Nino when >0.5°K)
(a) [ ENSO- (La Nina when <-0.5°K)
Nino3.4
anomalies [K],
90-day
moving avg,
1981-2010
8 10F e T — 1 T | P ) (P e e g [ [ o | g [ e T
EREE i 1 ; :
(b) £ sl ddd T | o i & L } L LRI
Rainfall “oS O A ol N N B e S A R
onset H B P : a . : L ob : E} : Q Q P
=, gifiifageBiAnll inanealdaniie
[pentad], - T3 L i ol o T T A S R S I
1981-2010 2 50 i i i R w__L £ i
=] * i T ' H T ' i ' ' e 4 |
i i i 04 i i i
= N I : !
= -10 [ t * | | | t oo 17
1982 1984 1986 1988 1990 1992 199 T ‘ T ‘ T T ‘ T
0.25 ; i
(©) - 1 T o4 o¥
Meher cereal l:] Q A o m T
production 0 *W_B»%HE-I'_QN[%BBQ»E _____
anomalies[kton], - E' H A I
1995-2010 : = oot b i
0251 R 1
055 . . . . s . . H
1996 1998 2000 2002 2004 2006 2008 2010
Year

Fig. 6.2: Anomalies in the CHIRPS rainfall onset (panel b) and meher cereal production (c) over the entire rainfed

agricultural area (see section 3.3.3) with respect to the NINO3.4 index from https://climexp.knmi.nl/ (a) for the

period (1981-2010). Each boxplot considers the values at all grid cells in the study area. Outliers are not plotted.
The green marks show the years of +ve ENSO phase (El Nifio) with +ve rainfall onset anomaly (late-onset), and

-ve cereal production anomaly.
Assessment of climate impact and adaptation strategies using mechanistic crop models

In the assessment of green water availability and water-limited attainable yield in Chapter 4 of
this thesis, it was assumed that the crop response to climate was lumped into the yield response
factor, Ky. Additionally, nutrient and crop management were assumed optimal so that the
effects of changes in water availability under a changing climate can be detected. However,
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impact assessments and adaptation evaluations for field application should be based on models

that are more detailed.

One advantage of process-based crop models for climate impact studies is its ability to account
for the positive gains of crops from the elevated CO. concentration through increase water use
efficiency (Minoli et al., 2022; Zhao et al., 2017). The positive gains from elevated CO; are
limited by soil nutrient availability (Fleischer and Terrer, 2022; Raes et al., 2021; Van
Groenigen et al., 2006). In this regard, process-based crop models can be used to analyze
fertilizer use scenarios and recommend optimal fertilizer application to maximize the benefits
of crops from CO. fertilization. Crop models also consider the thermal stress effect of
cold/warm temperature, which is another key aspect driven by climate change. Crop growth
responses to various stresses (water, nutrient and thermal) at different growth stages have
different implications for the final yield and these non-linear responses are only captured by

process-based crop models.

Future studies should leverage crop modelling experiments to also analyze management
scenarios aimed at improving agricultural resource use efficiencies for enhanced crop yields
(Raes et al., 2021). This requires the further development of frameworks to evaluate the
effectiveness of climate adaptation strategies. Specifically, agrohydrological feedbacks and
processes associated with soil and water management-based adaptation strategies should be
adequately represented in crop models (B. Peng et al., 2020; Siad et al., 2019; Zhang et al.,
2021). Enhancing water use efficiency is the main priority in climate adaptation and resilience
building. This ranges from strategies that maximize the seasonal water availability, for
example, through optimal choice of planting date and measures to reduce runoff and increase
infiltration, to measures that minimize evaporation losses. A wide range of such strategies have
been recommended in previous research and field demonstrations (Hurni, 2016; Marval et al.,
2022). However, their implementation remains limited, primarily focusing on community-
based landscape and watershed development targets in Ethiopia (Siraw et al., 2020). On-farm
water management should be promoted through collaborative research that involves farmers
and on-farm trials. This approach not only facilitates the co-creation of knowledge but also

allows for field data collection essential for modelling the system effectively.
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Lastly, multi-objective practice like conservation agriculture seeks to maintain the agriculture-
environment equilibrium through restoration of healthy agroecosystems and climate mitigation
while ensuring sustainable food production. It is based on the principles of maintaining soil
health by minimizing soil disturbance through reduced tillage, and increasing soil organic
carbon through practices like residue retention, cover cropping and crop rotation (Giller et al.,
2021; Wittwer et al., 2021). Such practices can potentially alter the agrohydrological responses
and thus water availability, and are largely overlooked in the current research in the field
(Lankford et al., 2022). Future studies should assess the effectiveness of conservation

agriculture from water availability, and thus the climate adaptation perspective.
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Appendix A: Supplementary materials for Chapter 4

Table S4.1: List of the administrative zones within the nine regional states of Ethiopia based on pre-2010 divisions.

The short names are arbitrary designations used in Fig. 4.1.

Short

Short

name Long name Region name Long name Region

NWT | North West Tigray SHI Shinile

CTI Central Tigray FAF Fafan

ETI Eastern Tigray Tigray LIB Liben

STI Southern Tigray AFD | Afder

WTI Western Tigray DOL | Dolo .

ZO1 | Zonel JAR | Jarar Somali

202 Zone 2 SHB | Shabelle

Z03 Zone 3 Afar KOR | Korahe

Z04 Zone 4 SIT Siti

Z05 Zone 5 NOG | Nogob

NGO | North Gondar MET | Metekel

SGO | South Gondar ASO | Asosa Benishangul-gumz

NWO | North Wello KEM | Kemashi

SWO | South Wello GUR | Gurage

aNSH | North Shewa HAD | Hadiya

EGO | East Gojam Amhara KET | Kembata Tibaro

WGO | West Gojam SID Sidama

WAG | Wag Himra KEF Kefa

AWI Awi GGO | Gamo Gofa

ORO | Oromia BMJ | Bench Maji

WWL | West Wellega YEM | Yem Special

EWL | East Wellega AMA | Amaro Special

ILU llu Aba Bora BUR | Burji Special

JIM Jimma KONs | Konso Speicial SNNPR

WSH | West Shewa DER | Derashe Special

OoNSH | North Shewa DAW | Dawuro

ESH East Shewa BAS | Basketo Special

ARS Arsi . KON | Konta Special

WHA | West Hararge Oromia SIL Siltie

EHA | East Hararge ALB | Alaba Special

BAL | Bale ALL | Alle

BOR Borena WOL | Wolaita

SWS | South West Shewa SOM | South Omo

GUJ Guji AGN | Agnuak

WARS | West Arsi MAJ | Majang Gambela
NUE Nuer
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Table S4.2: List of the CMIP6 model projections used for the projection of the precipitation, maximum and

minimum temperature and incoming short wave radiation over Ethiopia. The ‘x’ marks shows the datasets that

were used from the indicated model.

Institution
Model 1 Precip Tmax Tmin Rsw Reference
(country/region)
ACCESS-CM2 CSIRO (Australia) X X X X (Bietal., 2020)
AWI-CM-1-1-MR | AWI (Germany) X X X X (Semmler et al., 2020)
BCC-CSM2-MR BCC (Asia) X X (Wu et al., 2019)
CAMS-CSM1-0 CAMS (China) X X (Rong et al., 2019)
CanESM5-CanOE | CCCma (Canada) X X X X (Christian et al., 2022)
(Danabasoglu et al.,
CESM2 NCAR (USA) X X
2020)
CIESM THU (China) X X (Lin et al., 2020)
CMCC-CM2-SR5 X X (Cherchi et al., 2019)
CMCC (ltaly)
CMCC-ESM2 X X X X (Lovato et al., 2022)
CNRM-CM6-1 X X X X
CNRM-CM6-1-HR | CNRM (France) X X X X (Voldoire et al., 2019)
CNRM-ESM2-1 X X X X
EC-Earth3-Veg-LR | EC-Earth (Europe) X X (Doscher et al., 2022)
FGOALS-g3 CAS (China) X X X X (Lietal., 2020)
FIO-ESM-2-0 FIO-QNLM (China) X X X X (Bao et al., 2020)
GFDL-ESM4 NOAA-GFDL (USA) X X X X (Dunne et al., 2020)
HadGEM3-GC31-
L MOHC (UK) X X X X (Andrews et al., 2020)
IITM-ESM CCCR-IITM (India) X X X X (David A. et al., 2019)
INM-CM4-8 ) X X )
INM (Russia) (Volodin et al., 2018)
INM-CM5-0 X X X X
IPSL-CM6A-LR IPSL (France) X X X X (Boucher et al., 2020)
MIROC6 X X X X (Tatebe et al., 2019)
MIROC (Japan) _
MIROC-ES2L X X X X (Hajima et al., 2020)
MPI-ESM1-2-LR MPI (Germany) X X X X (Gutjahr et al., 2019)
NESM3 NUIST (China) X X (Cao et al., 2018)
NorESM2-MM NCC (Norway) X X (Seland et al., 2020)
TalESM1 AS-RCEC (Taiwan) X X (Wang et al., 2021)
UKESM1-0-LL MOHC (UK) X X X X (Sellar et al., 2019)

1 The full names of the institutions can be found in (IPCC, 2021)
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Table S4.3: List of the nine surface runoff measurement sites and measurement periods collected from published
literature for validation of the simulated surface runoff.

Measurement Measurement periods
site Lat (" N) Lon (* E) (Values used in thepevaluation) Reference
Maybar 11.02 39.67 1982-1993 (mean)
Hunde lafto 9.07 41.00 1983-1993 (mean) (Herweg and Ludi, 1999;
Andit Tid 9.80 39.72 1982-1992 (mean) Herweg and Stillhardt,
Anjeni 10.81 37.57 1985-1993 (mean) 1999)
Gununo 6.92 37.65 1982-1992 (mean)
Dendi 9.13 37.12 2007-2009 (annual) (Adimassu et al., 2014)
Holeta 9.07 38.48 2009-2010 (annual) (Adimassu et al., 2019)
Debre Mawi 11.33 37.43 2008-2009 (annual) (Amare et al., 2014)
Chefe donsa 8.96 39.11 2001-2002 (annual) (Erkossa et al., 2006)
Dera 8.36 39.34 2004 (annual) (Welderufael et al., 2008)
Yeku 12.52 39.07 2003 (annual) (Collick et al., 2009)
Guder* 9.84 36.67 2003 (annual) (Tumsa et al., 2022)
Dodota* 11.50 39.92 1994-2000 (mean) (Teso et al., 2010)
Keleta 8.12 39.46 1981, 1990 (annual) (Tibebe and Bewket, 2011)
Suluh* 13.80 39.50 1992-2003 (mean) (Abebe, 2014)
Hare* 6.25 37.55 1990-1999 (mean)
- (Wagesho et al., 2013)
Bilate* 7.50 37.94 1990-1999 (mean)

*These are model-calibrated surface runoff data: Guder (SWAT+), Dodota (SWAT), Suluh (HEC-HMS), Hare and Bilate (SWAT)

Table S4.4: Published potential (fully irrigated, optimally fertilized) yield measured at 14 experimental sites across
the RFA region of Ethiopia.

Experimental site Potential yield, Lat Lon Reference
Yp (ton/ha) (°N) (°E)

Salaklaka, Northwest Tigray 7.3 14.3 38.72 | (Gebreigziabher, 2020)
Melkasa, East Shoa 7.9 8.4 39.35 | (Seid, Mulugeta M; Narayanan, 2015)
Boloso Sore, Wolayta 8.8 7.0 37.75 | (Chinasho et al., 2023)
Tepi, SW Ethiopia 6.8 7.187 | 35.42 | (Zeleke, 2020)
Raya, South Tigray 8.7 12.7 39.7 | (Mehari et al., 2020)
Arba Minch, Gamo Gofa 8.0 6.08 37.58 | (Setuetal., 2023)
Koga, West Gojam 5.9 11.37 | 37.12 | (Abiyu and Alamirew, 2015)
Haru ARC, West Wollega 8.4 8.90 35.87 | (Admasu et al., 2017)
Adami Tulu, East Shoa 4.5 7.75 38.65 | (Furgassa, 2017)
Mehoni, South Tigray 5.7 12.87 | 39.64 | (Mebrahtu and Mehamed, 2019)
Haramaya, East Hararge 7.1 9.417 42.04 | (Mengiste and Tilahun, 2009)
Hawassa, Sidama 9.0 7 38 (Jemal and Berhanu, 2020)
Koka, East Shoa 6.29 8.43 39 (Meskelu et al., 2018)
Gumselasa, South Tigray 9.9 13.25 | 39.51 | (Mintesinot et al., 2004)
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Fig. S4.1: Comparison of area-averaged monthly cycles of the simulated ETa and other independent ETa products

(a-f) at six arbitrarily clustered sub-regions (g) for the record period 2003-2010.
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Fig. S4.2: Comparison of simulated and independent (observed) annual ETa (a-f) at the six sub-regions (see Fig.

S1g) for the record period 2003-2010.
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Fig. S4.3: Projected changes in Meher water-limited attainable yield (AY) for teff under the SSP1-2.6, SSP2-4.5,
and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.4: Projected changes in Meher water-limited attainable yield (AY) for maize under the SSP1-2.6, SSP2-
4.5, and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.5: Projected changes in Meher water-limited attainable yield (AY) for sorghum under the SSP1-2.6, SSP2-
4.5, and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006)
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Fig. S4.6: Projected changes in Meher water-limited attainable yield (AY) for wheat under the SSP1-2.6, SSP2-
4.5, and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006)
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Fig. S4.7: Projected changes in Belg water-limited attainable yield (AY) for teff under the SSP1-2.6, SSP2-4.5,
and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were

also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.8: Projected changes in Belg water-limited attainable yield (AY) for maize under the SSP1-2.6, SSP2-4.5,
and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were

also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.9: Projected changes in Belg water-limited attainable yield (AY) for sorghum under the SSP1-2.6, SSP2-
4.5, and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.10: Projected changes in Belg water-limited attainable yield (AY) for wheat under the SSP1-2.6, SSP2-
4.5, and SSP5-8.5. The RFA region was masked using cropland suitability maps (Wakjira et al., under review) to
restrict the analysis to areas potentially suitable for each crop. The non-producing areas during both seasons were
also masked out as mapped in the Atlas of Ethiopian Rural Socioeconomy (IFPRI and CSA, 2006).
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Fig. S4.11: Boxplots of the projected changes in water-limited yields (AY) of the four major cereal crops produced
in Ethiopia in different climatic regimes under the three SSPs during the three future periods, during the Meher
growing season. Each boxplot represents the distribution of AY changes within Belg-producing areas for all grid

cells in the respective climatic regime. Outlier values have been excluded.
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Fig. S4.12: Area-averaged relative sensitivity (B.aio) OF Water-limited attainable yields (AY) to rainfall and
atmospheric evaporative demand (AED) for the Belg growing season at the administrative zone level under the
low, intermediate and high emission scenarios for teff, maize, sorghum and wheat. The mapped values represent
the average of B.aio Of all grid cells within each zone, and all three future periods. The short names of the 62
administrative zones within the RFA region of Ethiopia are indicated in Fig. 4.1. The long names are listed in Table

S1 of the supplementary material.
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Teff Maize

Partial rainfall suitability [-]

Fig. S5.1: Partial rainfall suitability for teff, maize, sorghum and wheat based on the total May-November rainfall
climatology of the period 1981-2010.
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Fig. S5.2: Partial soil pH suitability for teff, maize, sorghum, wheat.
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Fig. S5.3: Partial temperature suitability for teff, maize, sorghum and wheat based on the mean May-Nov

temperature climatology of the period 1981-2010.
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Fig. S5.4: Partial solar radiation suitability for teff, maize, sorghum and wheat based on the mean May-Nov

temperature climatology of the period 1981-2010.
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Fig. S5.5: Change maps of the cropland suitability for teff for emission scenarios (rows) and periods (columns).
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Fig. S5.6: Change maps of the cropland suitability for maize for emission scenarios (rows) and periods (columns).
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Fig. S5.7: Change maps of the cropland suitability for sorghum for emission scenarios (rows) and periods
(columns).
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Fig. S5.8: Change maps of the cropland suitability for wheat for emission scenarios (rows) and periods (columns).
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Fig. S5.9: Percent changes in suitable cropland areas for teff, maize, sorghum and wheat in different in the lowland

SSP5-8.5

(a), midland (b), and highland (c) agroecologies during 2030s, 2060s and 2080s under the three emission scenarios.

The changes were computed considering all grid cells with SI > 0.6.
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