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Assessing maize water requirements in the context of climate

change uncertainties over southern Africa

Abstract

Climate change studies are subject to high uncertainties partly resulting from data reliability.
This study investigates the challenges of using statistical downscaled climate data to examine
the likely impacts of climate change on maize growth in southern Africa in the context of
these uncertainties. Daily downscaled data from five General Circulation Models (GCMs)
were used to investigate changes (between the future and recent past) in rainfall totals,
evapotranspiration, crop sowing dates, as well as the number and length of dry spells during
critical periods for growing maize. A crop model is used together with the downscaled
climate data to simulate maize water requirement satisfaction index at 176 stations in
southern Africa. A new sensitivity approach that investigates the contribution of sowing
decisions to the variation in the maize water requirement satisfaction index is used to develop

adaptation options.

The projected climate change results show that there is a strong likelihood for increased
precipitation over south eastern South Africa. This is characterised by an increase in specific
humidity as well as anticyclonic wind anomalies centred along the border between South
Africa and Mozambique during the summer rainfall season. In addition, late sowing dates are
projected over Botswana, Zimbabwe, central parts of Zambia, the Limpopo region of South
Africa and the region bordering Mozambique and South Africa, while earlier sowing are

projected over the central and eastern parts of South Africa.

The maize water requirement satisfaction index simulations across the five GCMs are more
consistent in projecting future changes than the rainfall totals. It suggests that consistent
responses may be better detected in crop model outputs as opposed to changes in seasonal or
monthly rainfall characteristics. Expected rainfall in the first sowing dekad is the most
significant factor to the yield variation in most regions over southern Africa, and as such is an

important component of future adaptation in maize growth.
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Chapter 1

Introduction

At present, there is a growing drive for the development of regional tools to be used in
the evaluation of climate change and responses to it (Wilby and Fowler, 2010). In
addition, stakeholders (e.g. decision makers, farmers) require regional climate change
information for adaptation purposes. In this context, adaptation means short-term and
long-term structural changes to improve a system’s resilience/sustainability for a
changing climate (Eriksen, 2005). As a result of this drive, there is a great opportunity for
scientists to explore ways to translate climate data, which is robustly predicted across a
range of climate models, into information that can easily be interpreted by various

stakeholders at a regional level.

This thesis explores the complexities of assessing the impacts of climate change on maize
growth over southern Africa by using downscaled climate data. For definition and
techniques of downscaling, refer to section 1.3 and section 2.3 respectively. This
downscaled data is useful as farming systems, soil types and vegetation also vary on fine

spatial scales. A case study is used to elucidate the issues involved.

1.1 Background

A number of studies have investigated the impact of climate change on global and
regional agricultural production (Fischer et al., 2002; Gbetibouo and Hassan, 2005;
Walker and Schulze, 2008; Thorton et al., 2008; Brown and Funk, 2008; Lobell et al.,
2008, Nelson et al., 2009). A common message emerging from these studies is that
climate change could intensify existing problems in developing countries, where

communities have a high dependence on the natural environment.

Lobell et al. (2008) projected that by 2030, southern Africa, without sufficient adaptation
measures, could suffer negative climate change impacts on crops, although these impacts
would vary widely by crop. The study showed that adaptation priorities will, among other

factors, depend on the financial capabilities of small scale farmers. Using two General
1



Circulation Models (GCMs) (developed by Commonwealth Scientific and Industrial
Research Organisation (CSIRO) and National Center for Atmospheric Research
(NCAR)), Nelson et al. (2009) showed pronounced negative effects of climate change on
crop production around the globe including sub-Saharan Africa by 2050. They concluded
that climate change could result in additional price increases for most crops (maize, rice,
wheat and soybeans) resulting in a substantial fall in cereals consumption. Gbetibouo and
Hassan (2005) measured the economic impact of climate change on major crops in South
Africa. They highlighted the sensitivity of yield to temperature and rainfall change based
on the last 30 years of the 20th century. Though they concluded that net revenue might
either increase (e.g. Free State, Northern Cape) or decrease (e.g. Gauteng, Kwazulu
Natal), they noted that both major crops and the cropping calendar may be affected by
climate change. Similarly, Walker and Schulze (2008) simulated the variability of yield,
risk and soil organic nitrogen levels over three South African climate regions (Christana,
Bothaville and Piet Retief). They focussed on maize production and simulated the
potential outcome of nine different carbon dioxide concentration scenarios, concluding
that climate scenarios show negative impacts mainly in the drier western part of the

country.

While previous studies have focused on reporting the impacts that climate change might
pose to human well being, little work has been done to explore ways to better understand
and represent the uncertainties that arise when conducting such studies. Additionally,
several studies in southern Africa have largely investigated climate change impacts using
data obtained directly from GCMs, or used a small sample of GCMs thus not
encompassing a wider range of uncertainties. In cases where downscaled GCM data that
is at a locally relevant scale (e.g. station level) has been used, it has been limited to very

small domains (e.g. Walker and Schulze, 2008).

In the following sections, a short overview is presented of the southern African's
agricultural system, including factors currently affecting small scale farmers. In
particular, the role of crop and climate modeling studies in exploring the range of options

for agriculture development is discussed.



1.2 Agriculture in southern Africa

Agriculture remains the primary source of employment and income in most of Southern
Africa Developing Community’s (SADC) rural population with small-scale farmers
contributing a large part of the annual yield. It is also the major source of government
revenue for most countries in the region. For instance, the Food and Agriculture
Organisation (FAO) notes that about 39% of Malawi’s Gross Domestic Product (GDP) is
from agriculture (FAO, 2005). In Zimbabwe, an estimated 80% of the population directly
depend on agriculture, of this over 60% are small scale farmers (Raes et al., 2004, Rukuni
and Eicher, 1994; N.O.A.A., 2002). In Zambia, agriculture contributes about 18% of the
GDP. Small-scale farmers contribute about 60% of the farming outputs with a large share
of production being maize crop (IDL, 2002). South Africa has a dual agricultural system,
with both well-developed commercial farming and more subsistence-based production in
the deep rural areas. Agriculture contributes about 3% to the South Africa’s GDP (GCIS,
2009). Southern Africa as a whole has more than 50% of its agricultural land allocated to
cereals, with maize (the main staple crop) accounting for more than 40% of the total
harvested area (Pratt and Diao, 2006). South Africa is the largest maize producer in the

region mainly due to the contribution of irrigated farm lands.

This thesis focuses on eight countries in southern Africa: Botswana, Malawi, Mozambique,
South Africa, Namibia, Lesotho, Zambia and Zimbabwe (Figure 1.1) mainly due to
availability of climate data in these countries. With the exception of Western Cape in
South Africa, the western parts of the study region (referred to as closed grasslands) are
mostly arid with little crop farming activities. The largest crop lands (yellow shading in
Figure 1.1) are observed over the Free State province of South Africa. Southern Zambia,
Zimbabwe and the Limpopo province of South Africa indicate patches of crop land
spread across these areas. Some countries in the region have relatively small agricultural
sectors due to unfavourable climatic conditions, as is the case with Botswana and

Namibia.
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Figure 1.1: Study region and classification of vegetation types based on the Global Land Cover-
2000 data (Bartholomeacute and Belward, 2005), for Botswana (BT); Malawi (MW);
Mozambique (MZ); South Africa (SA); Namibia (NM); Lesotho (LH); Zambia (ZM) and
Zimbabwe (ZW).

1.3 Climatic factors affecting small-scale agricultural production

Both climate variability and climate change affect crop production, though on different
time scales. Whilst climate variability affects inter-annual (year to year) production,
changes in climate influence the ratio of good (cropping success) and bad (cropping

failure) years, and therefore the economic sustainability of crop production.

1.3.1 Climate variability

Southern Africa is a region characterised by substantial climate variability on
intraseasonal, interannual and longer scales (e.g. Matarira and Jury, 1992; Levey and
Jury, 1996, Mason and Jury, 1997; Reason and Mulenga, 1999; Cook et al., 2004,
Reason et al., 2005). Most often, periodic extreme climatic events (e.g. droughts, floods,
changes in the frequency and intensity of dry spells) negatively impact agriculture over
southern Africa. Small scale farmers are particularly vulnerable to bad climate conditions

as most households depend on rain-fed crops, livestock and other climate-dependent
4



resources for their survival (Gay and Hall, 2000; Ziervogel, 2004). During drought years,
crop loss over the region can approach 60% in individual seasons (Rosen and Scott,
1992). Tadross et al. (2010) showed that rainfall characteristics such as dry spells over
southern Africa may have an impact on maize growth. On the other hand, in many cases
in Africa, too many or too intense wet spells may lead to flooding in areas causing crop
failure (FAO, 1998). In some instances high temperatures might lead to reduced crop
quality and yield as a result of reduced soil moisture content (Hargurdeep and Lalonde,

2003).

Southern Africa is also prone to high variability in rainfall onset dates (Reason et al.,
2005). Having prior information about when the first rains are likely to occur has strong
implications for most small scale farmers and hence on crop yields later in the season.
Omotosho et al. (2000) noted that during the first few weeks of sowing, enough soil
moisture is required to meet the needs of a particular crop at a particular time.
Information on sowing dates of the rainy season becomes critical for planning for the
majority of the farmers, especially if it is made available before the growing season starts.
This can greatly assist on-time preparation of farmlands, mobilisation of seeds and also
reduce the risks involved in planting too early or too late. This thesis partly addresses
these questions through the evaluation of aspects of rainfall frequency, rainfall variability

and the crop sowing dates.

1.3.2 Climate change

At present, southern Africa faces tremendous challenges in the agricultural sector
associated with water supply variability, soil degradation, and recurring extreme climate
events. There is a growing concern that climate change is expected to intensify existing
agriculture problems in developing countries where communities are directly dependent
on the natural environment and are under-resourced to adequately adapt to extreme
changes in climate (Meinke et al., 2006, Ziervogel et al., 2008a). Based on various
climate model projections and scenarios, the Intergovernmental Panel on Climate Change
(IPCC, 2007) has projected that global mean temperature will increase by ~0.6°C
between 2020 and 2029 when compared to the recent past. Over Southern Africa the

5



estimates are slightly higher, ranging from 0.5-1.5°C depending on location, with coastal
projections lower than over interior. Sea level rise is estimated at 18-59 cm from the
lowest to highest ranges (Meehl et al., 2007). Considering that approximately 30% of
population growth by 2050 is expected to be in developing countries (Wiebe, 2009),
climate change presents both challenges (e.g. developing more resilient food crops) and
opportunities (e.g. increasing food production). An in depth review of the existing literature

on climate change projections in southern Africa is presented in Chapter 4.

GCMs are currently the main tools used for impact, change and scenario studies on
global or continental scales (Gaslikova, 2006). These models provide a critical link
between increasing greenhouse gas concentrations and the resulting changes in climate.
By simulating plausible climate scenarios, GCMs help identify climate outcomes
consistent with physical laws and understood changes taking place in atmospheric
composition (Williams et al., 1998). However, several uncertainties limit the accuracy of

these models. Uncertainties result from:

e Limitations in modeling processes that take place at scales smaller than the GCM
resolution. For example, clouds are very important in the energy budget of the
model, but are sub-grid scale and therefore difficult to represent realistically (e.g.
Beaumont et al., 2008);

e Limitation in current understanding of the physical process controlling regional
climate systems;

e Scenario uncertainty (e.g. the extent to which the doubling of atmospheric carbon
dioxide affects increase in temperature);

e The contribution of natural variability to climate change not well understood;

e Difficulty in modeling climate responses to changes in radiative forcing;

e Wide range of possible future world trends in population, economy, technology,
energy, agriculture and land use.

The problem of predicting the future course of agriculture in a changing world is further

compounded by both the fundamental complexity of natural agricultural systems as well



as the social economic systems governing world food supply and demand (Rosenzweig

and Hillel, 1995).

Uncertainties associated with GCM projections at a smaller scale has led to the
development of techniques, such as downscaling, specifically tailored for the study of
regional and local-scale climate change. The term “downscaling” refers to methods by
which local to regional-scale (10 to 100 km) climate information is derived from coarse
resolution GCM variables. These procedures adjust for systematic biases arising from
atmospheric processes or land-surface features that are too small to be resolved by large-
scale climate models (Wilby and Fowler, 2007). (For further details on downscaling

techniques, refer to chapter 2.)

1.4 Adapting agriculture to projected changes in climate

Adaptation has been and will continue to be a strong component of human survival as the
effects of natural variability and climate change manifest themselves. Agricultural
adaptation to climate change depends on the technological potential (e.g. irrigation
technologies), water, biological response, and the capability of farmers to detect climate
change and undertake any necessary actions (Schimmelpfennig et al., 1996). Shah et al.
(2008) noted that agriculture in sub Saharan Africa faces two inter-linked climate
change/variability adaptation challenges. The first relates to increasing the resilience of
crops and adapting farming methods to the region’s highly variable climate (at seasonal
and decadal scales) and the occurrence of extreme events. The second concerns the
development and incorporation of long-term climate change adaptation strategies in
agricultural development planning, management and governance. Effective adaptation
strategies and actions should aim to enhance the well-being of communities in the face of
climate variability, climate change and a wide variety of difficult-to-predict biophysical

and social contingencies (Ziervogel et al., 2008b).

1.5 Thesis goal
Given the need for adaptation to both natural variability as well as climate change in the
agricultural context, the goal of this thesis is to determine the response of maize water

7



requirement satisfaction index (see section 2.5.1 for definition) to future changes in
rainfall, temperature and evapotranspiration, given the uncertainties in the data and
modeling methods. This goal seeks to explicitly underpin the challenge of decision
making in agricultural systems in the context of incomplete or limited climate data and

tools.

The focus in this thesis is on using a suite of downscaled climate projections from
multiple GCMs, for the periods 1979 to 1999 and 2046 to 2065, to investigate how these
data may be used within a crop model and, to investigate how uncertainties in the climate
data affect an evaluation of the potential impacts and mitigating adaptation options. A
new sensitivity approach is presented and tested as a general tool to help analyse the
potential effectiveness of changes in management decisions to mitigate the impacts of

climate change on crop production.

To achieve the above mentioned goal, this thesis addressed the following questions:

1. Given the limited data of evapotranspiration over southern Africa, which
evapotranspiration estimation method is suitable for use in the crop models and
how sensitive is the calculation of reference evapotranspiration to different
climate variables?

2. Which changes in crop-relevant rainfall characteristics are consistently simulated
across multiple downscaled GCMs and are these changes supported by large scale
atmospheric circulation dynamics?

3. What is the response of maize water requirement index to simulated change in
downscaled rainfall, temperature and evapotranspiration?

4. How can changes in the sowing date decision rule (changes in maize planting

dates) be used to mitigate negative climate change impacts?



1.6 Thesis outline

An overview of the thesis chapters is given below.

Chapter 2 describes the sources of different data sets used in the study and the sensitivity
analysis method of maize growth to sowing dates. Techniques used to generate maize
water requirement outputs, including methods for estimation of solar radiation and

reference evapotranspiration, are also discussed.

Chapter 3 presents results on the evaluation of GCM simulations of the recent past, and
the crop model performance. The GCMs and crop model outputs are tested using
observed climate data as well as observed crop yield data. In addition, this chapter
evaluates the sensitivity of reference evapotranspiration to different input variables and

identifies a suitable evapotranspiration method for the study.

Chapter 4 presents the results of projected changes in local climate features using
downscaled GCM data and the associated circulation patterns. Projected regional changes
in climate variables, including rainfall totals, sowing dates, number/duration of dry spells
and evapotranspiration are evaluated. Results in this chapter address the second and third

thesis research questions.

Chapter 5 discusses experiments in which the crop model is used together with
downscaled data derived from five GCMs to simulate changes in the water requirement
of maize over southern Africa. A new sensitivity approach intended to provide sowing
date adaptation strategies over southern Africa is also presented. This chapter addresses

the fourth research question.

Chapter 6 summarizes the findings, concludes the thesis and proposes future work in this

area of study.
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Chapter 2
Data and methodology

2.1 Introduction

Considering the research questions stated in chapter 1, key tasks for this study include
identifying regions showing significant changes (between the future and recent past) in
climate characteristics from a set of downscaled GCM simulations and the impacts these
changes could have on maize development over southern Africa. This chapter presents a
description of climate data and a water balance crop model used in the study. Methods for
deriving solar radiation and evapotranspiration required for crop simulation experiments in

later chapters are also reviewed.

Section 2.2 describes the source of observational climate data used in this study, followed by
a description of climate models and the downscaling techniques in section 2.3. Data
estimation techniques used for computing solar radiation and evapotranspiration are reviewed
in section 2.4 while section 2.5 presents the crop model as well as tools for evaluating

adaptation options.

2.2 Observation data

The observation data analysed in the study includes daily meteorological station data,
monthly climatology dataset of the Climatic Research Unit (CRU) (New et al., 1999) and
National Centre for Environmental Prediction/National Centre for Atmospheric Research
(NCEP/NCAR) reanalysis data (Kalnay et al., 1996). With the exception of CRU, all datasets
are at a station level thus they were interpolated to a common 0.5 by 0.5 resolutions using
Cressman (1959) technique in order to have a spatial representation of climate characteristics.
A 20 year period (1979 to 1999) is used for all the experiments as the control period to match

with available crop yield and observation weather station data.

2.2.1 Meteorological Station data
Daily values of precipitation, minimum and maximum temperature are available for the
period 1979 to 1999. These parameters allow for the computation of dry spells, sowing dates

and daily evapotranspiration values needed for evaluating the crop growth model. In addition,
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this data is used to analyse the baseline climate characteristics over selected regions (see

section 2.6.2 and section 2.6.3).

In total, 170 observation weather stations obtained from National Weather Services (NWS)
are used in the study. Figure 2.1 shows the location of stations considered for the study. Some
regions have few stations to cover the 20 years analysed in the thesis thus not included in the
experiments (e.g. the western parts of Zambia and central Botswana). It should be pointed out
here that observational data has its own limitations and associated uncertainties (e.g.
instrumentation errors, human errors) (Huffman et al., 1997). Quality control is performed on
the data by visual inspection of precipitation and temperature time series for the 170 stations.
Daily precipitation records that fall outside four standard deviations of climatology (1979 to
1999) and those that showed negative precipitation are set to missing values (see da Silva et

al., 1994; New et al., 20006 ).

Southern Africa topography and station location

ALTITUDE (M}

B:s2 - 3057
B 5526,
| IRZEEREE
| [N
[ s73s5-1310
[ Jasss-873
[ ]o-436

* Station location

Figure 2.1: Topography and geographical distribution of the stations used (black dots)

2.2.2 Climate Research Unit data

The CRU CL1.0 data (New et al., 1999) is used for the evaluation of solar radiation and
evapotranspiration (ET) estimates. This version of CRU comprises monthly climatology
values (1961 t01990) of precipitation and wet-day frequency; mean, maximum and minimum

temperature; vapour pressure; solar radiation and cloud cover; frost frequency; and wind
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speed. CRU offers a good source for data when estimating variables that have a high ‘input

data’ requirement as is the case with evapotranspiration.

The CRU mean climate surfaces have been constructed from a dataset of stations obtained
from national meteorological agencies, the World Meteorological Organization (WMO) and
CRU global datasets of station time series. This dataset has a 0.5° x0.5° spatial resolution.
The station data were interpolated as a function of latitude, longitude and elevation using thin-
plate splines (New et al., 1999). The accuracy of the interpolations were assessed using cross-

validation and by comparison with other climatologies (New et al., 1999).

The drawback with CRU data is that it is only available at a monthly time step thus could not
be used in the evaluation of the crop model which requires data at a daily or 10 day time scale
(see section 2.5.1). In this case, daily evapotranspiration values used to drive the crop model

are computed using data from meteorological weather stations and downscaled GCMs data.

2.2.3 NCEP reanalysis data

NCEP reanalysis atmospheric fields are used to generate high resolution (downscaled)
precipitation and temperature data representative of present day climate. The downscaled
NCEP reanalysis data is used to evaluate comparable downscaled data from GCM simulations

of the present day.

Kalnay (2000) defines “reanalysis data” as a state-of-the-art data integration system used to
reprocess all past environmental observations, combining them with short forecasts in order to
derive the best estimate of the state and evolution of the environment. The NCEP reanalysis
dataset includes data obtained through land surface, ship, rawinsonde, pibal, aircraft, satellite,
and other data (Kalnay et al, 1996). The database is enhanced with many sources of
observations provided by different countries and organizations. The NCEP reanalysis has a

horizontal resolution of 222km with 28 vertical levels (Kanamitsu et al., 2002).

In reality, NCEP reanalysis is not classified as observation as it is a model run in a coarse
resolution that is 'forced' to converge to some true observations. This data has its own inherent
errors and limitation (see Poccard et al., 2000). However, a number of studies have shown

that NCEP reanalysis is a good proxy for observation over the region (e.g. Kalnay et al.,
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1996, Widmann and Bretherton, 2000; Hewitson and Crane, 20006) thus it is used in this
study.

2.3 General Circulation Models (GCMs) and downscaling techniques

2.3.1 GCMs

GCMs represent the physical processes in the atmosphere, ocean, cryosphere and land surface
(IPCC, 2007). In addition, they provide a critical link between increasing greenhouse gas
concentrations and resulting changes in climate. GCMs depict the climate using a three
dimensional grid over the globe and typically have a coarse horizontal resolution of about 300
km and 10 to 30 vertical layers in the atmosphere and the oceans (/PCC, 2007). Recent
advancements in GCMs used by the IPCC fourth assessment report (AR4) include
improvements in modeling dynamics of systems that influence climate over particular regions
(e.g. advection, increase in horizontal and vertical resolutions in some GCMs). Additionally,
recent GCMs have integrated more processes, in particular the modelling of aerosols, and
land surface and sea ice processes. There have also been improvements in the

parameterizations of physical processes (Randall et al., 2007).

In order to project changes in future climate characteristics and maize water requirement over
the study domain, downscaled data from five GCMs covering the period 1979 to 1999 and
2046 to 2065 are used. The five models were selected largely on the basis of availability, but
they represent the latest state-of-the-art downscaled temperature and precipitation data for
southern Africa. In addition, these models have been shown to reasonably capture and

reproduce past climatic features over South Africa (Hewitson and Crane, 2006).

The five GCMs are part of the Coupled Model Intercomparison Project phase 3 (CMIP 3) in
the IPCC, AR4. Their simulations are based on the SRES A2 (Special Report on Emission
Scenarios, Nakicenovic et al., 2000) emissions scenario. The A2 emissions scenario storyline
is characterised by a very heterogeneous world with continuously increasing global
population and regionally oriented economic growth that is more fragmented and slower than
in other storylines (Nakicenovic et al., 2000). Table 2.1 lists the GCM names (first column)
followed by the horizontal resolution in the second column. The third column shows the
acronyms for the GCMs used in this thesis while the last column lists the institution

sponsoring the model.
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Table 2.1: List of GCMs used in downscaling process forced by the SRESA2 emission scenario.
Further details are available at http://www-

pemdi.linl.gov/ipcc/model _documentation/ipcc_model _documentation.php

CMIP3 Name Horizontal | Name Used | Institution
Resolution

cccma_cgem3 1 | ~2.8°x 2.8° | CCCM Canadian Centre for Climate Modeling and
Analysis, the third generation coupled
global climate model (CGCM3.1 Model,
T47)

cnrm_cm3 ~1.9°x 1.9° | CNRM Météo-France, Centre National de
Recherches Météorologiques, the third
version of the ocean-atmosphere coupled
model (CM3 Model)

gfdl cm2 0 2.0°x 2.5° | GFDL NOAA Geophysical Fluid Dynamics
Laboratory, CM2.0 coupled climate model

giss_model e r 4.0°x 5.0° | GISS NASA Goddard Institute for Space Studies,
ModelE20/Russell

mpi_echam5 ~1.9°x 1.9° | ECHAM Max Planck Institute for Meteorology,
Germany, ECHAMS / MP1 OM

Although GCMs provide realistic representations of large-scale aspects of the climate, they
generally do not give good descriptions of local and regional scales (Benestad, 2004). Mearns
(2003) notes that GCMs are unable to explicitly capture the fine scale structure that
characterizes climatic variables in many regions of the world (refer to section 1.3.2 of chapter
1 on GCM limitations). In order to capture these finer scale features, there is a need to run

GCMs at much higher resolutions (Figure 2.2).
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The high resolution (downscaled) data is vital for climate impact studies such as farming
systems where rainfall, soil types, vegetation (among other variables) vary over small spatial
scales. Most downscaling techniques have their conceptual roots in the experimental,

objective weather forecasting of the mid 20" century (Mearns, 2003).

GCM Resolution
e.g. HADCM2 2.50 x 3.750

.
R

Regional Climate Model
Resolution e.g. 50km

Aggregation

Hydrology

Vegetation

4 Topography

uoebaibbesiq

Social Systems

Figure 2.2: Schematic representation of the downscaling principle. The process takes into account
hydrology, vegetation responses, topography, land/sea processes and social systems at the higher

resolution. Image courtesy of the UK Met. Office (htp.://www.metoffice.gov.uk).

During the last two decades, downscaling methods to assess the effect of large-scale
circulations on local parameters have received much attention (e.g. Giorgi and Mearns, 1991;
Hewitson and Crane, 1996, Mearns et al., 2003; Wilby et al., 2004). Recently the World
Climate Research Program (WCRP) formed a task Force on Regional Climate Downscaling
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(TFRCD) whose mandate is to: (i) develop a framework to evaluate and possibly improve
regional climate downscaling (RCD) techniques for use in downscaling global climate
projections; (ii) promote an international coordinated effort to produce improved multi-model
RCD-based high resolution climate change information over regions worldwide; (iii) promote
greater interaction and communication between global climate experts, the downscaling
community and end-users to better support impact/adaptation activities (CORDEX, 2010). If
successful, such a project would see the development of improved multiple downscaled
datasets on a broader scale thus providing input to impact/adaptation work at a local scale. In
the following sections, two widely used downscaling procedures (dynamic and statistical) are

discussed.

2.3.2 Dynamic downscaling

Dynamic downscaling (DD) involves the use of Regional Climate Models (RCMs) nested
within GCMs that covers the regional domain of interest. RCMs are physically based models,
like GCMs, that simulate climate within specified boundary conditions (e.g. Southern Africa
and the surround oceans). RCMs are often used to gain information on regional scales that
GCMs could only give at a much coarser resolution (Feser, 2005). In the DD process, the
GCM is used to simulate the response of the global circulation to carbon dioxide emissions at
a large-scale while the RCM is used to account for sub-GCM grid scale features (e.g. complex
topographical features) in a physically-based way and enhance the simulation of atmospheric
circulations (/PCC, 2001). DD can achieve high spatial resolutions of approximately 20 by
20km and can capture most local scale features (e.g. variation in landscape). In some
instances (e.g. Weather Research and Forecasting model) DD can achieve resolution of up to

1 km.

One of the major set backs in using RCMs has been the high computational requirements
needed to run the models (see Table 2.2). This is of particular concern when downscaling,
multiple GCMs over longer time scales. However, recent studies have shown the potential of
using multiple RCMs. In a study over Europe, Van der Linden and Mitchell (2009) showed
that for near-surface temperature, the signal of the multi-model RCMs ensemble (sixteen) is
positive (i.e. increase in temperature) and much larger than the standard deviation implying a
robust signal over Europe. The study also showed that the RCMs are consistent in projecting

increased precipitation over northern Europe during winter periods.
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2.3.3 Statistical downscaling (SD)

Statistical downscaling (also known as empirical downscaling) involves the development of
quantitative relationships between large scale atmospheric variables (predictors) and local
surface variables (predictands). According to Hewitson and Crane (2006), SD is based on the
idea that local climate is conditioned by large-scale atmospheric forcing. SD can be further
subdivided into weather classification schemes, transfer functions and weather generators.
Weather classification schemes relate the occurrence of particular “weather patterns” to a
local climate. Analogue approaches are examples of a weather method in which predictands
are chosen by matching previous (i.e., analogous) situations to the current weather-state
(Wilby and Fowler, 2007). Transfer functions directly quantify relationships between
predictands and a set of predictors (Giorgi and Hewitson, 2001). Examples of transfer
function based statistical downscaling methods include those which use linear and nonlinear
regression, artificial neural networks (ANN), canonical correlation analysis (CCA) and
principal component analysis (PCA) (Anandhi et al., 2007). A weather generator is a
statistical model used to generate realistic daily sequences of weather variables. They are
adapted for statistical downscaling by conditioning their parameters on large-scale
atmospheric predictors, weather states or rainfall properties (see Wilby and Fowler, 2007).

Table 2.2 highlights the advantages and disadvantages of statistical downscaling.

For this study, the data used was downscaled by the Climate Systems Analysis Group
(CSAG) based at the University of Cape Town using a Self Organising Map (SOM) statistical
downscaling approach (referred here to as SOMD). A SOM is a type of ANN developed by
Kohonen (1995) which can recognise commonly occurring patterns within multi-dimensional
data sets (see Hewitson and Crane, 2002 for detailed description on SOMs). The SOMD
based downscaling approach was introduced by Hewitson and Crane (2006). In this approach,

a SOM is used to identify commonly occurring weather patterns over a particular region.

Hewitson and Crane (2006) showed that SOMs were able to capture and reproduce most of
past climatic features over the region thus they were used to downscale the data from the five
GCMs and produce data suitable for regional analysis. The concept behind this approach is to
identify modes of circulation over a particular region, with each circulation mode being
associated with an observed precipitation probability density function (PDF). For each day in

the GCM time series, the method samples from the PDF associated with the GCM
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atmospheric circulation on that day. The training is performed using observed (NCEP

reanalysis) circulation fields and GCM biases are reflected in both the control and future

simulations.

The resulting downscaled GCM variables include daily values of precipitation, minimum and

maximum temperature obtained at each of the 170 stations. The following sections present

and discuss methods for estimating solar radiation and evapotranspiration, the two necessary

variables needed as input in crop growth models. These two variables were not available in

the downscaled GCM data used for the study thus the need to compute them via empirical

methods.

Table 2.2: lllustrates some advantages and disadvantages of dynamic downscaling (DD) and

statistical downscaling (SD).

Method | Advantages Disadvantages
(1) Accounts for sub-GCM grid scale (i) Effects of systematic errors in the driving
forcing (e.g. topography) fields provided by global models.
(i1) Lack of two-way interactions between
(ii) Information is derived from regional and global climate.
physically based models (ii1) Expensive to run RCMs as compared to
DD statistical downscaling over a large

(ii1) Better representation of some
weather extremes as compared

to GCMs

region.

(iv) Its dependence on GCM predictors.

(v) Parameterization vulnerable to stationarity
issues and choices between equally
defensible parameterization schemes and
other options can significantly alter the
results.

(vi) Grid resolution is lower as compared to

SD.
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SD

(1) Its efficient and cheap computation
requirements makes statistical
downscaling an easier approach when
looking at larger regional domain
(e.g. southern Africa)

(i1) Its ability to provide point

resolution climatic variables
from GCM outputs

(ii1) Its ability to directly

incorporate observations.

(iv) The method can easily be

transferred to other regions.

(i) Its high dependence on the predictors

(i) Its non inclusion of climate system

Feedbacks

(iii) Vulnerability to non-stationarity of the

cross scale relationships
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2.4 Methods for estimating solar radiation and evapotranspiration

Apart from daily values of precipitation, minimum and maximum temperature, climate
change impact studies on crop development often require additional variables such as solar
radiation and evapotranspiration. Solar radiation is the visible and near visible (ultraviolet and
near-infrared) radiation emitted from the sun. Evapotranspiration (ET) is a combined process
of evaporation from soil, plant surfaces and transpiration through plant canopies. Solar
radiation and evapotranspiration measurements are rarely recorded at weather stations largely
because of technical and economical limitations associated with direct measurements (Samani

etal., 2007).

The following section discusses empirical methods for estimating solar radiation and
evapotranspiration. Hargreaves and Samani (1982) solar radiation method (referred here as
HS method) is evaluated using monthly solar radiation values obtained from CRU1.0 dataset
(refer to chapter 3 for the evaluation results). Three evapotranspiration techniques are
evaluated and they include the FAO-56 Penman-Monteith (referred to as PM which has a
high input data requirement), Priestly Taylor (referred to as PT which has moderate input data
relative to PM) and Hargreaves (referred to as HG and has a low input data relative to PT and
PM) methods. The PM equation was used as a standard method while the other two methods
are alternatives in the absence of sufficient input data as was the case in this thesis. The PT
and HG methods are evaluated against the PM technique and the closest method matching

PM is picked and used with the GCM scenarios.

2.4.1 Solar radiation estimation

Solar radiation is the main driver for the energy and moisture budget of the soil and
atmosphere (4llen, 1997). All atmospheric movement and change result from variations in the
amount of solar radiation in time and space. Ultimately, solar radiation is the generator of all
weather and climate (Schulze, 2007a). It acts as a source for sensible heat (i.e. the loss of
energy from the surface by movement of air) for crops as most of the energy retained by the
ground is disposed of as flux through the soil. The amount of solar radiation reaching the
surface of the earth depends on a number of factors such as time of day, location, cloud cover
(amount of cloudiness, thickness/type of cloud), altitude (the higher the altitude, the lower the

atmospheric pressure and consequently the more intense the radiation), dust and water vapour
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content (the higher the water vapour content, the less solar energy passes through the

atmosphere) (Schulze, 2007a).

Over the years, various empirical methods for estimating solar radiation from minimum and
maximum temperature have been developed (e.g. Thornthwaite, 1948, Hargreaves and
Samani, 1982; Bristow and Campbell, 1984). Some techniques have proved to produce good
estimations when compared to measured values in many parts of the globe. However, for
accurate estimation, most of these methods have to be calibrated if used in regions other than
those for which they were developed and validated. For instance, a study by Meza and Varas
(2000) showed that literature values of the Hargreaves and Samani (HS) coefficients do not

estimate solar radiation correctly when applied at various locations in Chile.

Allen (1997) proposed a self calibrating model for estimating monthly solar radiation as a
function of temperature and extraterrestrial radiation (i.e. radiation incident at the top of the
atmosphere) using a modified Hargreaves and Samani model. He recommended empirical
coefficient values of 0.17 and 0.20 for the interior and coastal regions respectively.
Extraterrestrial radiation can be calculated using standard geometric methods as a function of
latitude, mean earth-sun distance, solar constant and day of the year (see, Appendix A). Using
long-term daily measurements of maximum and minimum temperature, precipitation and
extraterrestrial radiation, Bristow and Campbell (1984) developed a simple algorithm for
estimating site-specific solar radiation. They found that they could account for 70% to 90% of
the variation in daily incoming solar radiation from three sites located in North America
(Tacoma, Pullman-WA, and Great Falls). Schulze and Chapman (2007a) used a modified
Bristow and Campbell (BC) model to calculate solar radiation by means of optimised site
coefficients in selected parts of South Africa. Using temperature as a substitute for
atmospheric water vapour content, they devised a method that accounted for clear sky

extinction of solar radiation by water vapour.

The modified Hargreaves and Samani model is used here because of its low data requirement,
its reduced number of coefficients, its general acceptable performance over the region (see
chapter 3) and because it has been observed to perform well under diverse climatic conditions
(Allen, 1997, Ball et al., 2004). The structure of the HS model generally reduces the amount

of extraterrestrial radiation by a fraction lost due to scattering and absorption of radiation in
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the presence of clouds and atmospheric particles (Winslow et al., 2001). In the HS method,
solar radiation is a function of transmissivity coefficient (K;) (computed from temperature)
and extraterrestrial radiation as shown in Equation 2.1. The coefficient (K;) in the HS
equation allows for the calculation of solar radiation using temperature. The modified version
of the HS model, takes account of altitude (4 in Equation 2.2 and 2.3), which was introduced
in the calculations as suggested by Ball et al. (2004).

R =k, <R, 2.1)
where Ry and R, are the solar and extraterrestrial radiations respectively and k; is the daily
total atmospheric transmissivity to solar radiation (Equation 2.2).The empirical coefficient a,
as derived from Equation 2.3 is the ratio of CRU monthly solar radiation climatology Rcru ,

altitude (h), extraterrestrial radiation and temperature difference.

(2.2)
(2.3)

Net solar radiation (R,), required as an input in the Penman-Monteith evapotranspiration
method, is the difference between the downward and upward radiation fluxes. Equation 2.4,

expresses net solar radiation as a function of downward and upward radiation fluxes.

Rn :Rns_ Rnl (24)

Where :
Ry (MJ.m™.day™) is the incoming short-wave irradiance; £% €O ¢ is the
albedo = 0.23; R, (MJ.m>.day?) s the outgoing net long-wave

4 4
T max +T min

irradiance, R, = f, fha( 2

J, Where o = Stefan-Boltzman constant (4.903x10”

MIm? K day”); f. = cloudiness factor (function of solar and extraterrestrial radiation);

a - T A N 7 77 77 2
1.K5 . . ) ) .
o~ R-O. %g is the clear sky solar irradiance; =4

fi is the air humidity correction factor; Z5,—€€> -mhew e, is the actual vapour
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Y 7
pressure; <€ - @%gﬁg@w point temperature estimated as a

function of maximum and minimum temperature (T, and T,;,) according to Linacre (1992),

T,,=0.25T,  +0.6T_  —0.0097"mx —2.

2.4.2 FAO-56 Penman-Monteith evapotranspiration method

Evapotranspiration is a standard measure for quantifying water consumption needed for
suitable crop growth. This makes ET one of the major components in most water balance
calculations used in crop models and in the monitoring of water stress for irrigation planning.
As a result, accurate estimations of ET are important particularly in arid and semiarid

environments where the lack of precipitation limits crop growth and yield.

Two commonly used evapotranspiration concepts are reference evapotranspiration and
potential evapotranspiration. Allen et al. (1998) defines reference evapotranspiration as "the
rate of evapotranspiration from a hypothetical reference crop with an assumed crop height of
0.12 m, a fixed surface resistance of 70 sec m™' and an albedo of 0.23, closely resembling the
evapotranspiration from an extensive surface of green grass of uniform height, actively
growing, well-watered, and completely shading the ground". On the other hand, potential
evapotranspiration is not related to a specific crop and only described as the amount of water
transpired in a given time by a “short green crop, completely shading the ground, of uniform

height and with adequate water status in the soil profile” (http://edis.ifas.ufl.edu).

Pioneering work in estimating ET is largely attributed to Penman (1948), who used a
combination of energy balance and mass transfer methods to derive an equation for
computing evaporation from an open water surface using standard climatological records.
Monteith (1965), built on the principle of Penman to form the much used energy balance and
an aerodynamic formula combination of Penman-Monteith (PM) equation. The PM equation
is widely recommended because of its detailed theoretical base and its accommodation of

small time periods (Samani, 2000).

A number of studies have done further developments on the PM equation and it has been used

and validated in parts of southern Africa using ground based measurements. For instance,
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Schulze et al. (2007b) produced ET maps for South Africa using the PM equation. They
showed that monthly averages of accumulated daily ET during the summer season are closely
related to measured values in parts of South Africa. However ET values increased by about
80mm in the arid western region of the country when compared to lysimeters (instruments
used to measure ET) measured values. Persaud et al. (2007) used the Penman method, to
evaluate the accuracy of measured ET coefficient values when compared to two observation
ET stations in Botswana. The results showed that the coefficients currently used by the
Department of Meteorological Services (DMS) in Gaborone, Botswana, best matched the
lysimeter field measurements. However, they suggested further work would be appropriate to

cover various regions and to verify the correctness of Penman-derived long-term values.

Annandele et al. (2001) studied the response of PM evapotranspiration method when
incomplete data is used. The study was done over three regions of South Africa, all with
different climatic conditions, namely stations located in Stellenbosch (Mediterranean
climate), Pietermaritzburg (sub-tropical with hot, humid conditions in summer) and Kakamas
(dry and hot conditions). Using error analysis methods to determine estimated variables that
influence reference ET calculation, they showed that solar radiation could be omitted at
Stellenbosch during winter periods without large errors arising in predicting reference ET. In
Pietermaritzburg, they concluded that the wind variable is less sensitive while the in arid
climates (Kakamas), all weather parameters (see next section for PM input data requirements)

strongly influence ET calculations significantly.

According to the Food and Agriculture Organization Irrigation and Drainage Paper No. 56
(Allen et al., 1998), the modified PM evapotranspiration method (referred to as reference
evapotranspiration) is considered to offer the best ET estimates with minimum possible error
in relation to a living grass reference crop. The reference Penman-Monteith (PM,) approach
requires minimum and maximum temperature, solar radiation, wind speed, and humidity as

primary input climate dataset. The PM, method is expressed as shown in Equation 2.5.
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Slope (R~ SHF) + Gr-vrD C_ ra

PM0 (mm/ day) = b (2.5)

B
c
Slope vpf + y.(l + r]
a

Where:

SHF (MJ.m™.day™) is the Soil Heat Flux.

DF (0-1) is the fraction of the day that is in daylight.

Cu (MJ.m™)/°C) is the volumetric heat capacity of air taken as 1.2x107.

y (kPa/°C) is the psychometric constant.

Slope, s (kPa/°C) is the slope of saturation vapour pressure, a function of
temperature.

VPD (kPa) is the Vapour Pressure Deficit

R, ((MJ. m'z)/day) is the net radiation calculated from solar radiation.

(day.m?) are the aerodynamic and canopy resistances to vapour transfer of the reference
crop. For a short clipped grass (0.12m height).

re = 0.000787034 (this may be adjusted in the case of CO, simulation); ws (m/s) is the wind
speed, hs (m) is the screening height (Screening height is the height of the wind measurement
device at the weather station), hp (m) is the plant height (the reference plant height).
According to (Allen et al., 1998) saturated vapor pressure VPD can be estimated using
equation (2.6).

VPD=e~ e, (2.6)

Where e is the mean saturation vapour pressure (kPa); e, = € (T )+e (T, )22 ;

e (T, )and e (T . )are the saturation vapor pressure at maximum and minimum air

temperature respectively. e, is the actual vapour pressure.
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2.4.3 Priestly-Taylor evapotranspiration method

The Priestly-Taylor (1972) method is a widely used technique to estimate evapotranspiration
because of its simplicity and less input data requirements (Hoogenboom, 2001) as compared
to the PM equation. The PT method has previously been shown to provide reasonable ET
values for different humid locations (Jensen et al., 1990). The PT method requires net solar
radiation and air temperature as input data. The PT method replaces the aerodynamic term (r,
and r.) of PM equation by a dimensionless empirical multiplier (Priestley-Taylor coefficient)
and is useful in conditions where weather inputs for the aerodynamic term are not available
(e.g. relative humidity and wind speed), as the case with this study. The PT equation

calculates ET as expressed shown in Equation 2.7.

T Slope - PT,. @, —SHF

2.7
Slope wit 8 (27
PT. (unitless) is the Priestley-Taylor constant location parameter
R, (MJ. m'z.day'z) is the net radiation
Slope, (kPa/°C) is the slope of saturation vapor pressure function of
temperature
g (kPa/°C) is the psychometric constant

SHF (MJ.m*.day?) is the psychometric constant

2.4.4 Hargreaves evapotranspiration method

Hargreaves et al. (1985) derived a function that requires only measured minimum air
temperature Tmin (°C) and maximum air temperature Tmax (°C) data to estimate
evapotranspiration. The Hargreaves method (HG) is one of the simple but widely used
empirical techniques for calculating potential ET (Equation 2.8). Despite its weak theoretical
basis as compared to PM method, the Hargreaves method has been shown to produce values

close to those from PM in parts of the Globe (Di Stefano and Ferro, 1997).

HG =0.0023 x R, x (TC +17.78) x (TR)"* (2.8)

Where: TR is the temperature range (Tmax- Tmin) and it implicitly accounts for the effects of

cloudiness, TC= is the mean temperature in degree Celsius, R, is extraterrestrial radiation.
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2.5 Crop models

Crop models are tools used to simulate growth and yield of field crops. They provide an
opportunity to translate shifts in climate, soil and ecological data (among other variables) into
meaningful information tailored for decision makers. A crop growth simulation model not
only predicts the final state of harvestable yield, but also contains quantitative information
about major processes involved in the growth and development of a plant (Jame and Cutforth,
1996). In practice, crop yield is a result of the interaction between ecological, technological
and social economic factors. However most crop models are only able to simulate a portion of
these factors as some factors or linkages between them are either not well understood or are
too complicated (e.g. pest, weeds) to implement in crop models (Boogaard et al., 1998). In
addition, these models are influenced by various factors including the quality and availability

of input data.

The two basic groups of crop models that exist are mechanistic models and water balance
crop models (Sakamoto et al., 2006). Mechanistic models describe crop growth based on the
underlying processes, such as photosynthesis, organic formation, carbon dioxide, water and
nitrogen dynamics in the soil and plant and how these processes are affected by
environmental conditions. Examples of Mechanistic crop models are WOFOST (Supit et al.,
1994) and APSIM (Keating et al., 2003). On the other hand, water balance crop models are
more descriptive of the crop water stress and usually include crop phenology development,
water balance dynamics in the soil and in the plant. These models are more useful in cropping
areas where water is a limiting factor for plant growth and subsequently yield (Gommes,
1998). An example of a water balance crop model is the Agrometshell (Mukhala and
Hoefsloot, 2004).

2.5.1 Agrometshell model

In the recent past, a number of crop simulation models have been used to study the impact of
climate change on agricultural production and food security. In this thesis, the Agrometshell
crop model is used to simulate maize water requirements under present and future climate
conditions. The Agrometshell model was developed by the Food and Agriculture
Organization (FAO), Environment and Natural Resources Service. It is based on crop specific
water balance methods (see Doorenbos and Kassam, 1979). This crop model was specifically

used in this study mainly because: (1) it has low data requirement (i.e. considering the limited

28



data from the climate models) as compared to other complex models (e.g. APSIM), (2) it has
been used by the Regional Remote Sensing Unit (RRSU) for food security assessment
(Mukhala and Hoefsloot, 2004).

At the core of Agrometshell is a water balance model which is described as difference
between the effective amounts of rainfall received and the amounts of water lost by the crop
(see Equation 2.9). The inputs (on a 10-day time scale) to Agrometshell crop model include
precipitation, evapotranspiration and soil water holding capacity. Among the water balance
output variables that are produced are actual evapotranspiration, water deficit, water access

and a Water Requirement Satisfaction Index (WRSI).

(2.9)
Where PPT is precipitation, Gi is ground water, Q is stream discharge, ET is
evapotranspiration losses and Go is ground water. The first part of the equation (PPT + Qi)

is referred to as inflow (i.e. the water coming in) while the second part is the outflow.

In this study, only the WRSI output is assessed due to its high correlation with maize yield
over the region (Agrometshell, 2004). The WRSI expresses the percentage of the crop's water
requirements that are actually met, excess soil water and soil water deficit over the initial,

vegetative, flowering and ripening phases (see Table 2.3).

Table 2.3: lllustrates the crop water requirement coefficients (maize) for each stage of the plant cycle.

The development stage is estimated by daily interpolation between initial and middle phases.

Phase Initial Vegetative Flowering Ripening
Length (days) 25 35 40 30
k.(t) Maize 0.45 0.8 1.1 0.55

Growth and Development of crop

Development

Growth

L
!
J
!
!
I

29



Within the crop model, the WRSI is calculated as illustrated in Equation 2.10. When water
supply is limited, actual evapotranspiration (ETa) is less than maximum evapotranspiration
(ETm) (see Equation 2.11), resulting in the crop suffering water-stress. Maximum
evapotranspiration varies with the phase of the crop and with the climate characteristics of the

region (Martin et al., 1998). Table 2.4 shows how WRSI relates to maize yield.

P =23
y 22 == ’ (2.10)

e~ pe
= f— -

Where, WRSI is water requirements satisfaction index

ET, is actual evapotranspiration = ET,, if soil water (SW) > ET,,
SW if soil water < ET,,

ET, is maximum evapotranspiration
ET, =k.(t) *ET (2.11)
Where: ET, is maximum evapotranspiration, k.(t) is time-varying crop water coefficient and

ET is reference evapotranspiration.

Table 2.4: Classification of water-limited performance (see Martin et al., 1995)

Expected percentage Classification of Crop WRSI
of Performance
maximum (potential)
yield
> 100 Very good 100
90 - 100 Good 95-99
50-90 Average 80-94
20-50 Mediocre 60-79
10-20 Poor 50-59
<10 Complete failure <50
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2.5.2 Method for calculating crop sowing dates

During the first few weeks of sowing, enough soil moisture is required to meet the needs of a
particular crop at a particular time. Information on sowing dates of the rainy season becomes
critical for planning for the majority of farmers, especially if it is made available before the

onset of rainfall.

The definition of sowing date used in this study is purely derived from rainfall amount needed
in a certain period for successful crop germination. Based on the definition by Famine Early
Warning System (FEWS); AGRHYMET, (1996) and Tadross et al. (2005), the sowing date or
dekad is defined according to the fulfilment of the following conditions after the 1% of
August: At least 25 mm of rainfall amount in the first dekad followed by at least 20 mm of
rainfalls in the following 2 dekads. The variability of sowing dates is calculated using

standard deviation, (Equation 2.12).

]
std = ,/Z(YT_Y’ (2.12)

Where std is standard deviation, X is sowing date for each year, Y is the mean sowing dates

for the period 1979 to 1999, N is the number of years.

2.5.3 Method for evaluating sensitivity of WRSI to sowing dates

A sensitivity tool was developed to explore sowing date adaptation options over the region.
The sensitivity of WRSI to the definition of the sowing date (i.e. the date or window period to
plant a seed) for both the present and future climates were performed. The WRSI sensitivity
method used in this study is based on the Fourier amplitude sensitivity test (FAST). It allows
the computation of the total contribution of each input factor to the output’s variance (in our
case, WSRI). Saltelli and Tarantola (1999) initially introduced this method and the R
statistical package (http://cran.r-project.org) was used for this study. Two parameters are
used to define the sowing dekad (10-day period) namely; x/ (rainfall amount in the first dekad
after 1** August) and x2 (rainfall amounts in following two dekads) such that X = {xI, x2}.
The crop model simulations provide outputs (i.e. the WRSI) that are dependent on the input
parameters and the climate. The combinations of x1 and x2 affects the WRSI, which was

assigned to a function yl (i.e. Y = {yl}) was evaluated. Sensitivity analysis of Y as a
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response to X allows the computation of the total contribution of each input factor to the

output’s variance.

The first step involves building an input matrix of all combinations to be simulated by the
crop model. The second stage performs a wide range of crop model simulations dependant on
x1 and x2 combination for each year. A decision space consisting of 1000 simulations was
performed for each year. It was assumed that 1000 simulations enclosed most of the possible
combinations. The last stage associates the contribution of each parameter to WRSI using
FAST analysis. Figure 2.3 shows a simplified representation of the results computed for one
station and a single climate representation. In this example, the variance of outcome Y is due
mostly to the single decision parameter x/, then by the combination of both x/ and x2, and to
the least extent due to the single decision x2. According to the decision sowing rule which
involves x/ and x2, this specific case depicts a station where more than half of the crop yield
variability (when x/ and x2 are varied under this particular climate) is due to the variation of
the rainfall amount in the first dekad. Rainfall that occurs in the following 2 dekads explains
only slightly more than 10% of the yield variability. This kind of information is useful from
an adaptation point of view as it allows the decision maker to identify the sowing decision
that should be adapted in order to have a noticeable effect on the desired outcome i.e. crop

yield.

Figure 2.3: FAST method output: example showing the contribution percentage of single and coupled
effects of x1 and x2 on the Y outcome variance
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In order to explore both actual and potential combinations of sowing dekad parameters, a
wider range of possible sowing dekads was explored. All possible combination of (x/, x2)
with the range of x/ and x2 being {0,50}, were considered. Though neither of the four
extreme possible combinations (x/,x2)={(0,0),(0,50),(50,0),(50,50)} will occur in a practical

Crop sowing process.

2.5.4 Method for calculating dry spell distribution

The length of an agricultural dry spell for grain cultivation in semi-arid tropical conditions in
sub-Sahara Africa generally ranges between 5 and 15 days (Barron et al., 2003, Fox and
Rockstrom, 2000). The definition of a dry spell used in this study is based on daily rainfall
data described by Usman et al. (2004) and Hachigonta and Reason, (2006). A dry spell is
said to have occurred when the rainfall amount in five consecutive days is less than Smm. The
DJF season is assessed because of its relevance as the peak of the growing season within the
major cropping areas. A mean duration of a dry spell is defined by the average length (in

days) of dry episodes between rainfall events during the DJF season.

2.6 Summary

This chapter has described the source and nature of data, as well as the methods used in this
thesis. Literature on the estimation of solar radiation and evapotranspiration has also been
reviewed. For the simulation of maize water requirement satisfaction index and identification
of regions vulnerable to the impacts of climate change, a water balance based crop model was
presented. In addition, a sensitivity approach that distinguishes efficient decision in sowing

dates to be adapted was also introduced and is applied in chapter 5.

The methodologies used in this thesis can be summed up in six steps: 1) Evaluate downscaled
GCM outputs against downscaled climate observations, 2) Compute and compare outputs
from different evapotranspiration methods using observed climate data and identify the best
method for the region, 3) Evaluate crop model by comparing model outputs with historical
crop yield, 4) Asses projected changes in local climate features using downscaled GCM
outputs and associate changes to regional circulation patterns, 5) Simulate crop growth using
downscaled GCM variables and investigate changes of maize water requirement by 2050, 6)
Perform sensitivity analysis aimed at providing sowing date adaptation strategies over

southern Africa.
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In the next chapter, the ability of the downscaled GCM data to adequately represent the
climate of the southern African region is evaluated with downscaled NCEP-NCAR reanalyses
data. The above observations of the recorded data may not necessarily be simulated by the
downscaled GCM variables. However, the downscaled GCM data are expected to
successfully simulate trends and mean state of the atmosphere although they are not expected
to simulate the year to year variability in the observed climate. In addition solar radiation and

evapotranspiration methods discussed in section 2.4 are evaluated in chapter 3.
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Chapter 3

Model evaluation

3.1 Introduction

Numerical models attempt to simulate geophysical processes through the mathematical
description of these processes and the interaction between them. As a result of computational
and knowledge restraints, modeling is a simplification of reality. Therefore some processes
within a complex system might not be fully represented thus introducing elements of
uncertainty into the modeled output. Furthermore, in the context of crop models, uncertainties
arise when simulating crop yield as a result of transfer of error (e.g. uncertainty caused by the
errors of the measured weather data being transferred to crop model outputs). Uncertainties
become even more pronounced when dealing with future scenarios as model evaluation can
only be done on the present day climate and assumptions have to be made that these models

would also yield the most reliable representation of future climate (/PCC, 2007).

In order to have confidence in a model, it is essential to first establish that the model
reasonably simulates the observed system (e.g. crop yield) over a region of interest on both
spatial and temporal scales of relevance. Model evaluation is therefore a central necessity in
any model analysis and includes quantification of uncertainty. Randall et al. (2007) noted
that testing the climate model's ability to simulate past and present climate is an important
part of model evaluation. Forest et al. (2003) also note that an accurate description and
understanding of the uncertainty inherent in the system being modeled can help improve on

the decisions made.

The objectives of this chapter are: (i) to evaluate downscaled GCM data during a control (or
historical) period (1979 to 1999) in order to identify regions and models showing a strong
bias relative to observational NCEP reanalysis data, and (ii) to evaluate and select best
regional empirical methods used for computing solar radiation and evapotranspiration needed
for crop simulations over southern Africa. This is done in order to fulfil the first research

question of this thesis.

This chapter begins by giving a general description of regional baseline climate. A comparing

statistically downscaled precipitation and temperature variables from five GCMs with high
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resolution data downscaled from NCEP reanalysis atmospheric fields for the period 1979 to
1999 is also done. Following this is an estimation and evaluation of solar radiation and
evapotranspiration (refer to chapter 2 for definitions). These variables are unavailable in the
downscaled GCM data, yet they are crucial for crop modeling purposes. The last section

involves a general evaluation of the Agrometshell crop model at selected locations.

3.2 Temporal and Spatial distribution of baseline climate characteristics

In climate change studies, it is important to evaluate the baseline (recent past) climate
conditions as they serve as reference on which the future scenarios are based. For this study,
it is assumed that the impacts of climate change on crop yield will vary on space-time scales
as each localized area has its own specific and unique environmental conditions. In the case
of agriculture, the difference between the future and the present climatic conditions could
shift in such a way that the impact of climate change is more noticeable in the semi dry
agriculture regions as compared to the humid regions. This could be the case with other
variables than seasonal precipitation totals like onset of rainfall, length of growing period and
frequency of dry spells during the summer season which usually affect rain-fed agriculture

systems.

3.2.1 Precipitation distribution

Figure 3.1a shows the annual cycle of area averaged precipitation over southern Africa
(12°E-40°E; 35°S-8°S) constructed using CRU climatology data set (1961 to 1990).
Precipitation over the ocean is masked out thus has no influence on the seasonal cycle. The
peak of the rainfall season over southern Africa is from December to February. The humid
(or semi humid) areas over northern parts of; Angola, Zambia, Mozambique, and Malawi
receive the highest rainfall (averaging above 10 mm/day) during the peak summer season
(Figure 3.1b). The high precipitation over these areas is understood to be associated with the
southward migration of rainfall systems from the north such as the Intertropical Convergence
Zone (ITCZ). In addition, the location of the Tropical-Temperate-Trough (TTT) systems is
known to induce rainfall over much of southern Africa large scale systems (Crimp et al.,
1997, Todd and Washington, 1999). It should also be noted that the western Indian Ocean is

the major source of moisture for summer rainfall over southern Africa (Hansingo, 2008).
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A decrease in precipitation is observed south of the region and is well pronounced over the
southwest arid regions of southern Africa. The distribution of rainfall within the season
(intraseasonal) or over the years is subjected to high variability with some seasons and

regions often having their peak season extended or reduced (Reason et al., 2005).
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Figure 3.1: (a) Annual Precipitation cycle averaged over southern Africa (12°E-40°E; 35°S-
8°), (b) December to February climatology precipitation over southern Africa in mm/day for
the period 1961-1990. (Note: Plots above use CRU 1.0 data)

During the last decades, several studies have investigated climate variability over southern
Africa and around the globe, especially for precipitation and temperature (Mason and Jury,
1997; Hulme et al., 2001; New et al., 2006; IPCC, 2007; Tadross et al., 2010). In a study
over South Africa, Kruger (2009) noted that while there has been no significant change in
annual rainfall totals during the past century, there is evidence of significant increases in
extremes and interannual variability of precipitation over southern Africa. In a similarly
study, the IPCC, (2007) work group 1, reported some downward trend and strong multi-
decadal variability in precipitation over southern Africa during the period 1901 to 2005. It
was noted that, in most cases, the change in rainfall events over the region occurs fairly

abruptly.

In addition to the evidence of the observed change in the extreme precipitation

characteristics, there is also a growing body of literature that indicates that as the global
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temperature increases as a result of the increase in greenhouse gas concentrations in the
atmosphere, further changes in the characteristics of heavy precipitation are likely (Semenov
and Bengtsson, 2002, Tebaldi et al., 2006). Over southern Africa, Mason and Joubert (1997)
showed the frequency and intensity of extreme daily and prolonged (five-day) rainfall events
generally increased under doubled atmospheric carbon dioxide conditions in the future, even

in some areas where decreases in mean annual rainfall were simulated.

Apart from seasonal means in precipitation and temperature, the distribution of rainfall within
a particular season plays a critical role in crop growth. Dry spells relate directly to
agricultural impacts since their distribution and duration indicate availability of soil moisture
thus the degree of water stress plants are exposed to (Usman and Reason, 2004). Crop sowing
dates, length of the growing season and the behaviour of characteristics such as
evapotranspiration are equally important to small scale farmers. Knowledge about these
characteristics helps farmers in pre-season farming decision making, for instance in choosing
the type of cultivar. In this study, knowing how these climate characteristics have changed in
the past is useful as it helps to better understand the impacts of future crop model simulations
discussed in chapter 5. The following sections give an overview of the baseline dry spell

distribution and crop sowing date climate characteristics over the region.

3.2.2 Dry spell distribution

During the period 1979 to 1999, dry spells occurred most often over the semi-desert areas of
the southwest parts of the study region (Namibia, Botswana and western South Africa)
(Figure 2.5). In general, this region experiences above 8 dry spells during the DJF season
with maximum durations of about 14 days. On average 5 dry spells occurred over central
Zimbabwe, southern Zambia and the Limpopo region of South Africa with maximum
durations ranging between to 9 days around the southern tip of Zambia to 12 days over
Limpopo. During the summer season, regions close to the position of the ITCZ that stretches

across northern Mozambique, Zambia and Malawi experience the least number of dry spells

(~2).
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Figure 3.2: Mean number of dry spells during DJF (shaded) and duration (contours in days)
during the peak DJF summer season using gridded observation station data averaged for the

period 1979 to 1999

The number of dry spells greatly varies over the region from year to year. This variation has
previously been associated with shifts in the location of TTT over much of southern Africa
(Usman et al., 2004). In addition, some studies have linked EI-Nifio (La-Nifia) to high (low)
number of dry spells over the region (e.g. Hachigonta and Reason, 2006). Usman and
Reason (2004) showed that there is a very close relationship between dry spell frequency and
ENSO over southern Africa (Figure 3.3). It should be noted that in some instances, moderate
number of dry spells within a season with short durations (1 to 2 days) could be beneficial to

crop development in seasons with normal rainfall.
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Figure 3.3: Standardized time series anomalies in dry spell frequency and Ninio 3.4 Sea
Surface Temperature for the 1979 to 2001 summer period. Area averaged for southern
Africa. (Source: Usman and Reason, 2004)

3.2.3 Crop sowing dates

Figure 3.4a shows the sowing date’s derived using observation data averaged for the period
1979 to 1999. The earliest sowing dates are attained over the central and eastern parts of
South Africa between October to November while late sowing dates (January to February)
are observed in the dry south-western regions of Namibia and northern Mozambique. The
rest of the sub-region is characterised by a broad band of mean sowing dates in late
November and December. Despite having early sowing dates, the central and eastern parts of
South Africa are prone to high interannual variability (Figure 3.4b.). Other regions showing
high variability in sowing dates include northern Zimbabwe and central Zambia. The early
rains in this region could be as a result of the Angola low, which develops during this period
and influences the westerly moisture feed from the tropical southeast Atlantic Ocean (Cook et

al. 2004).

In a recent study, Tadross et al. (2010) observed a weak trend for later planting and earlier
cessation dates in the northern parts of southern Africa, leading to shorter rainfall seasons.
The duration of the rainfall season over southern Zambia was shown to often be close to
critical thresholds, which forces farmers to plant as early possible.
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Figure 3.4: (a) Mean sowing dates (1979-1999) over southern Africa based on
observational rainfall thresholds. (b) Mean sowing date standard deviation for thel979-1999

3.2.4 Summary on baseline climate characteristics

By using past climate data and literature from previous studies it has been shown that no
significant increasing trends in precipitation are evident over the region during the past
decades. However the region is subjected to high rainfall variability in both space and time.
Studies have also observed a weak trend for later sowing dates and earlier cessation dates in
the northern parts of southern Africa, leading to shorter rainfall seasons during the last 30
years. Unlike precipitation, considerable increases in temperatures have been observed over
the region and are linked to the effect of global anthropogenic climate change. In most
instances, higher temperature over the region or surrounding oceans typically translates into
extreme regional precipitation because evapotranspiration (which is a function of
temperature) is an integral component of rainfall feedback. Thus, although no significant
trends in precipitation are observed, the number of regional extreme events has been on a

rise.
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3.3 Biases in downscaled GCM output

Downscaled precipitation and temperature forced by NCEP reanalysis atmospheric fields
(referred in this study as NCEP-DS) is used in this study to evaluate the downscaled GCMs
variables (referred here as GCM-DS) during the control period. In this context, comparing
GCM-DS control data with NCEP-DS gives as an indication of how well the GCM simulates
the control climate. In a study over South Africa, Hewitson and Crane (2006) demonstrated
that downscaled NCEP rainfall captured the observed season rainfall patterns and spatial
gradients across the region including the high orographic rainfall region of the Drakensberg
Mountains. It was also shown that downscaling NCEP outputs capture the summer
convective systems in the interior plateau, as well as the winter frontal rainfall over the south-
west of South Africa. As the downscaled variables (i.e. precipitation and temperature) are at a
station level, the GCM-DS and NCEP-DS data are interpolated to a common 0.5 degree grid.
The period of interest in this evaluation is the summer rainfall season as this is the main crop

growing season for the region.

3.3.1 Regional biases between GCM-DS and NCEP-DS

Figure 3.5a compares the daily precipitation climatology (1979 to 1999) between five GCM-
DS with NCEP-DS (black line) averaged over the entire southern Africa (12°E-40°E; 35°S-
8°S) to evaluate the ability of the GCMs to reproduce the regional season cycle. This time
series is an average of 20 year precipitation amounts for each calendar day (from the 1% of
January to the 31% of December). The five GCMs-DS (Figure 3.5a) individually capture the
NCEP-DS reanalysis precipitation annual cycle and the same follows for the GCM-DS
ensemble mean shown in Figure 3.5b. The overall picture from the area averaged time series
indicates that the highest values (in the GCM-DS data) are representative of the summer
rainfall season (see section 3.2.1), whereby the highest daily rainfall is observed in
December, January and February declining towards winter (June). The beginning of summer
is evident from the increased rainfall in October/November. In general, all the five GCM-DS
simulations are close to the NCEP-DS seasonal cycle. This demonstrates that the region's

seasonal cycle is well reproduced by the climate models.
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Figure 3.5a:Daily climatology (1979-1999) precipitation annual cycle averaged over southern Africa
(12°E-40°E; 35°5-8°S). Control period of five downscaled GCMs against NCEP-DS data (black)
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Figure 3.5b: Climatology (1979-1999) precipitation annual cycle averaged over southern Africa
(12°E-40°E; 35°5-8°S). Mean of the five downscaled GCMs (red) and NCEP-DS data

The close matching of the GCM-DS (precipitation) with NCEP-DS values implies that the
confidence exists to use GCM-DS precipitation for future climate projections, as is the aim of
this investigation. However, demonstrating area-averaged temporal representation alone is
not sufficient for the purposes of this investigation as it gives a broad picture of the regional
changes as opposed to capturing the small scale spatial variation required in climate change

impact assessment studies. In this regard, a more detailed spatial comparison is performed to
43



evaluate the downscaled GCM precipitation. The evaluation is done for the early summer
(September, October, November: refered as SON), peak summer (December, January,

February refered as: DJF) and late summer (March, April, May refered as: MAM) summer.

3.3.2 Station level biases between GCM-DS and NCEP-DS

Figure 3.6 depicts the difference between precipitation composites of NCEP-DS reanalysis
and those from the mean of five member GCM-DS ensemble for the period 1979 to 1999. For
each seasonal precipitation map presented, values between -5 and 5 mm/month (white colour)
are considered to have minimal changes or are close to zero. Red indicates regions where the
model ensemble overestimates rainfall (positive bias) and blue where the models

underestimate rainfall (negative bias).
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Figure 3.6: Spatial climatology precipitation maps (1979 to 1999 averages) showing the difference
between GCM-DS ensemble and NCEP-DS reanalysis (i.e. GCM-DS minus NCEP-DS) during early,

peak and late summer season

Countries to the north of the study region (Zambia, Zimbabwe, Malawi and most parts of
Mozambique) show a positive rainfall bias of about 10 to 15 mm/month during the early
summer season (SON) (Figure 3.6). During the peak summer season (DJF), the GCM-DS
ensemble mean shows slight underestimation of precipitation of about 10 mm/month over
parts of north eastern South Africa and a positive bias over parts of Zambia and Malawi. The

late summer season (MAM) shows a positive bias of approximately 12 mm/month, mostly
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over the south eastern parts of South Africa, parts of Mozambique and the southern tip of

Malawi.

The comparison of individual GCM-DS simulations with NCEP-DS during the peak summer
season (DJF) is shown in Figure 3.7. The GFDL and CNRM depict opposite signals of
negative and positive bias respectively for southern Zimbabwe and the central eastern parts of
South Africa, meanwhile the ECHAM model shows the least precipitation bias over study
domain when compared to NCEP-DS.
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Figure 3.7 Difference between individual GCM-DS and NCEP-DS during peak (DJF) summer season

(mm/month). Bottom right picture shows stations picked for daily time series analysis in Figure 3.8

To have an insight of how local scale biases in GCM-DS precipitation distributions perform
when compared to NCEP-DS for the entire year, four stations (see bottom right of Figure 3.7)
were further evaluated. The selected stations represent the areas with the highest GCM-DS
bias values relative to NCEP-DS. A simple time series comparison between the five GCMs-

DS and NCEP-DS at the four stations was performed (Figure 3.8).

Chipinge station located over the eastern parts of Zimbabwe illustrates the tendency of

CNRM overestimating NCEP-DS throughout the summer rainfall season (October to March)
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by about 2mm/day while the anomalies for GISS and GFDL are highly negative, about 3
mm/day, during the later summer season. ECHAM and CCCM show the best fit with the
NCEP-DS reanalysis throughout the year.

Lilongwe station lies in Malawi’s central region near the border of Mozambique and
Zambia. On a daily basis, all the GCMs with the exception of GFDL show a good
relationship with NCEP-DS. GFDL slightly overestimates NCEP-DS by about Imm/day

during the summer season.

Bloemfontein station located in central parts of South Africa shows CNRM to have the
highest positive bias with maximum peak difference of about 2 mm/day during late summer
season while the GFDL GCM-DS underestimates NCEP-DS reanalysis, by about 0.8
mm/day, during the same period. The pattern of the five models is very close to NCEP-DS

during the early summer season at this station.

Lusaka station located in the southern part of Zambia shows that most GCMs are able to
capture NCEP reanalysis, although GFDL and CNRM have a positive bias, of approximately
1 mm/day, during the summer season. The GISS model also shows a tendency to under

estimate precipitation by approximately 1.2 mm/day during the later summer season.
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Figure 3.8: Precipitation time series (mm/day) of five GCM-DS and NCEP-DS reanalysis at four

selected stations
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Unlike precipitation, which is a product of complex interactions on scales not resolved by the
GCMs, downscaled GCM temperature compares very well with NCEP-DS temperature
(Figure 3.9). This implies that higher confidence should be placed on the GCM ability to
simulate temperature and the related functions (e.g. evapotranspiration) as compared to
precipitation. In a similar study, Gleckler et al. (2008) compares the errors in modeling
precipitation and surface air temperature in the GCMs. They found that the models simulate
temperature better than precipitation. Another interesting feature noted in this study is that,
regions (along central South Africa) showing high negative bias in precipitation (Figure 3.6)

are associated with negative bias in temperature during the same period (Figure 3.9).

SON | DJF | MAM

—3 —2 —1 1 2 =
S Srmont

Figure 3.9: Spatial climatology of mean Temperature maps (1979 to 1999 averages) showing the
difference between GCM-DS ensemble and NCEP-DS during early (SON,DJF and MAM) summer

season

Given the large precipitation biases in the results noted in the previous sections, it is
necessary to investigate and attempt to quantify them. Misrepresentation of local and large-
scale atmospheric dynamics by the GCMs can lead to biases in precipitation output and some
biases could be directly linked to the inability of models to correctly simulate precipitation
over topographically complex regions (e.g. on high-altitude landscape). A number of model
inter-comparison studies have shown that different variables are simulated with varying
degrees of success by different models and that no particular model is best for all variables
and/or all regions (Gleckler et al., 2008, Johnston and Sharma, 2009). The following section

attempts to assess if the large precipitation biases noted in some GCM-DS outputs could be
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associated with large-scale atmospheric dynamics within individual GCMs using specific

humidity as an indicator.

3.3.3 Influence of specific humidity to GCM precipitation bias

Figure 3.10 shows 800 hPa specific humidity fields for the five GCMs and NCEP reanalysis
(bottom right) over the region. Specific humidity was used as input in the downscaling
process and plays an important role in the dynamics of regional precipitation. The missing
low level specific humidity fields (shown as white blocks in Figure 3.10) over central and
eastern South Africa (in GFDL and GISS) and southern Angola (GISS) could possibly be
linked to high precipitation biases. The missing specific humidity appears to be more related
with the presence of high topography that the GCMs cannot resolve, particularly over the
escarpments of central and eastern South Africa. Some of the biases in the GCMs could be
due to different parameterization schemes used by the respective models that influence the
circulation dynamics. In a similar study, Cavasos and Hewitson (2005) showed specific

humidity (at 700 hPa) to be an important predictor for downscaling precipitation.
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Figure 3.10: DJF low level specific humidity field for five GCMs (Not downscaled) and NCEP

reanalysis (surface composite)
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3.3.4 Summary on GCM evaluation

The spatial and temporal comparisons in this chapter illustrate biases associated with GCM-
DS when simulating NCEP-DS precipitation. The downscaled control simulations from the
five GCMs have shown the ability to capture the “observed” NCEP-DS seasonal precipitation
cycle over most of the region as well as spatial patterns although some regions show
disparities. Some notable biases that reflect in the downscaled GCM control precipitation
simulation are as a result of surface synoptic systems in individual GCMs (such as missing
specific humidity), that are used as input in the downscaling process. The magnitudes of the
anomalies reflect a 15 to 20% bias in peak summer precipitation relative to NCEP-DS.
Notable is the difference between the CNRM and GFDL, which show opposite biases in
precipitation over central Zimbabwe. Using three GCMs, Hewitson and Crane (2006)
indicated that the use of downscaling techniques show notable coherency when forced by
several different GCMs and the spatial pattern of the future change is largely in agreement for

South Africa.
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3.4 Evaluation of estimated solar radiation against CRU solar radiation

The Hargreaves and Samani (HS) solar radiation method is adopted from Ball et al., 2004
(see section 2.4.1 of chapter 2 for the literature). This method requires minimum temperature,
maximum temperature and altitude as input data sets. CRU monthly data was used to
calculate solar radiation coefficients (refer to chapter 2) instead of the fixed literature values
of 0.17 (inland) and 0.20 (coastal). Figure 3.11 illustrates DJF spatial distribution of
coefficients needed for estimating solar radiation using the HS technique. The coefficient
varies with time, location and environment. Values ranging between 0.19 and 0.20 are
observed along the coastline and parts of the arid regions (south west of the study) while the
interior regions have values ranging from 0.14 to 0.17.

December January

Figure 3.11: Solar radiation coefficient values K; (calculation based on method adapted from Ball et

al. 2004) for December, January and February
Figure 3.12 shows the estimated spatial DJF distribution for solar radiation. High values are

observed over the arid western region (area bordering Namibia and South Africa) while the

northern part of the study region (Zambia and Malawi) show lower values (18 MJ m™ d™).
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Figure 3.12: Mean spatial distribution of solar radiation (MJ m” d") during DJF season

Figure 3.13 compares estimated solar radiation (computed using daily observation data and
gridded to 0.5 resolution) with those obtained from CRU at 170 station points (corresponding
to stations marked in Figure 2.1) averaged for the period 1979 to 1999. We use the coefficient
of determination value (R* see Appendix A) to determine how estimated solar radiation
outputs at all the stations conform to data obtained from CRU. R values range from 0 to 1,
with 1 representing a perfect fit between the data and the line drawn through them, and 0
representing no statistical relationship between the data and a line. Calculated R* values
between the calculated and CRU solar radiation values were above 0.9 during most of the
peak summer December and January while in February the R* was 0.86. In general, the HS
model has a tendency to slightly underestimate radiation over parts of the humid regions of

northern Zambia (not shown) relative to CRU solar radiation values.
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Figure 3.13: Estimated solar radiation (average 1979-1990) vs. CRU solar radiation (MJ m” d”).

Each dot represents a station and closer the dots are to the diagonal line the higher the R* value

The HS model performed well when estimating solar radiation relative to the CRU monthly
values. The calculation of solar radiation is feasible using a simple equation that is a linear
function of a combination of basic weather variables. The modified HS model can therefore
be used to estimate solar radiation, using variables present in the GCMs (minimum and
maximum surface temperature). The daily evapotranspiration values used later in the study to
drive the crop growth model are computed using daily station values of temperature (at 2 m)

and solar radiation calculated using the HS model.
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3.5 Comparison between Penman-Monteith, Priestly-Taylor and Hargreaves
evapotranspiration methods

Three equations are used to evaluate evapotranspiration using the monthly CRU data.
Outputs from the Priestly-Taylor (PT) and Hargreaves (HG) methods are compared to those
obtained using FAO-56 Penman-Montieth reference (PM,) evapotranspiration method. The
PM, was used as a benchmark equation because of its detailed theoretical base and high
correlation with observed data as noted by previous studies (Samani, 2000; Allen et al.,
1998). The literature for the three above mentioned evapotranspiration methods is discussed

in chapter 2, section 2.4.2, 2.4.3 and 2.4.4.

3.5.1 Region distribution of reference evapotranspiration

The first step involved the computation of the PM, equation based on the FAO-56 equation
(see equation 2.7 of Chapter 2). Only average monthly values for estimated ET are shown in
all the figures below, as they are derived from monthly CRU data. Mean monthly PT values
are statistically compared to PM, outputs using the index of agreement (d), relative root mean
square error (RMSE) and the coefficient of determination (see Appendix A). The square
boxes (Figure 3.14) represent ET classification based on amount of DJF values (i.e. from

lowest (level 1) to highest (level 4).

12E 15E 1BE E J4E E ZIE 33E 38E 35E 42E

Figure 3.14: DJF spatial distribution of the PM, -ET (mm/month) calculated using CRU data

Regionally, the highest ET values (computed using PM,) are observed in the south western
parts of the study region, particularly around the area bordering Namibia and South Africa

during the peak summer rainfall season (Figure 3.14). The south western region has average
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monthly accumulated values of up to 240 (MJ m™ month™). Lowest values of ET (100 MJ m’
2 month™) are observed north of the study region while regions 2 and 3 have ET values of
between 120 and 160 (MJ m? month™). Region 1 is located over northern Zambia is
classified as humid, Regions 2 and 3 are classified as semi arid while region 4 is classified as
arid. The spatial PM, evapotranspiration pattern closely resembles that of solar radiation (a

function of temperature) presented in section 3.4 suggesting that this variable is a major

factor when estimating evapotranspiration over the region.

Studies conducted around the globe (Jensen, 1985; Naoum and Tsanis, 2003) have shown
that temperature and solar radiation account for most of the variation in evapotranspiration.
The following section is intended to verify whether this notion holds for southern Africa.
This is important in identifying which input variables play a major role in evapotranspiration
estimation over a particular region and at a particular time period. In addition, results derived
from this experiment are useful in choosing an alternative evapotranspiration equation that
uses less data and thus could be easily implemented with climate change models as compared

to the PM,.

3.5.2 Sensitivity of PM Evapotranspiration to input data

A simple evaluation of the sensitivity of PM method to three climate variables (wind speed at
2m height, mean air temperatures and net solar radiation) is shown in Figure 3.15. The PM
sensitivity test involved constant increments in one of the climate variables (e.g. wind speed)
while keeping the other variables (e.g. temperature and solar radiation) constant. This
procedure is repeated for all climate variables at 10% and 20% at the four regions shown in
Figure 3.14. The solid lines in Figure 3.15 represent the sensitivity of PM to a 10% increase
in temperature, wind and net solar radiation while the dotted lines show the PM response to a
20% increase in the climate variables. Generally, PM is more sensitive to temperature in all
regions while wind speed is the least sensitive variable in all regions and throughout the year.
Net solar radiation was found to be the most dominant variable in the humid region (Region

1) during the DJF season.
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Figure 3.15: Sensitivity of PM to temperature, net radiation and wind at four regions highlighted in
Figure 3.14 (solid lines correspond to response of PM-ET, to 10% change and the dashed lines
correspond to PM-ET, response to a 20% change)

Changes in mean temperature and net solar radiation produce similar responses in PM during
most of the year. On average, a 10% and 20% change in temperature and net solar radiation
result in about 5% and 15% increase in PM respectively while the same change in wind speed
result in a 2% and 4% change in PM respectively. Mean temperature has most influence on
PM in Region 1 with the exception of the peak summer season. The sensitivity of PM to wind
speed is higher during the summer months and lower during the winter over most regions.
The high sensitivity of PM to mean temperature and net solar radiation implies that the PT
evapotranspiration method (which only requires these two variables) could perform well over
the region although slight biases might be anticipated in Region 4 as a result of the regions

high PM sensitivity response to large changes in wind speed. It should be noted here that
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change in evapotranspiration is not linear (i.e. a 10% Temperature increase results in a 5%
increase in evapotranspiration) thus in a global warming context regions that experience

greater warming will have even greater evapotranspiration.

3.5.3 Comparison between PM,, PT and HG methods

Figure 3.16 shows the relationship between PM, and PT evapotranspiration methods during
the peak summer season. Comparison of the PM, and PT monthly values indicates that the
two methods agree well over the region. Slight underestimations are observed in the humid
regions while small overestimations are noticed around the central and southwestern parts of
the region (not shown). On the other hand, values derived using the HG method overestimate

PM, over the study region (Figure 3.17), especially during January and February.
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Figure 3.16: Relation between PM, and PT evapotranspiration (mm/month) at 176 station locations
(Observed ET is the reference ET calculated using CRU data with the PM, method)
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Figure 3.17: Relation between PM, and HG evapotranspiration (mm/month) at all sites (Observed
ET is the reference ET calculated using CRU data with the PM method)

Table 3.1 presents a summary of results for all the 170 stations, averaged over the region. All
the R* monthly values between PT and PM, methods from November to February are above
0.94. The PT method offers the best performance with R? values below 0.2 and an index of
agreement (d) of above 0.95. On the other hand, the HG method performs poorly during the
peak summer months as compared to the PT method. Low d values (below 0.95) combined

with low R*values particularly in the early part of the peak summer season are observed.
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Table 3.1: Comparison of PM,, PT and HG methods at 170 locations

November R’ D RMSE
PT 0.924 0.967 0.038
HG 0.730 0918 0.069

December
PT 0.930 0.979 0.032
HG 0.772 0.928 0.066

January
PT 0.942 0.981 0.0280
HG 0.823 0.928 0.0643
February
PT 0.930 0.972 0.028
HG 0.650 0.869 0.074

3.5.4 Summary on evapotranspiration method evaluation

Generally, recommended literature constant values involved in each empirical equation work
relatively well for the study region, except that the recommended value of x= 1.26 in
Priestley-Taylor was too high for the region. After adjustments, the best PT constant value for
most regions was about 1.09 (i.e. relative to PM, outputs). The Priestly-Taylor method
compares more closely to the FAO-56 Penman—Monteith method than Hargreaves method.
This suggests that it is practical to use the Priestly-Taylor method with the downscaled GCM
data, since it requires fewer parameters (solar radiation, maximum, minimum and mean air
temperatures) available in the GCM-DS. Some of the differences noted between the PM, and
two methods might be due to biases originating from the solar radiation estimates. Based on
the above comparison, daily evapotranspiration values calculated using the PT method are
used as input for the crop modeling discussed in the next section as well as to evaluate the

future changes in projected crop yields over the region.

3.6 Crop model evaluation

Figure 3.18 illustrates the gridded WRSI obtained using daily observation data averaged for
the period 1979 to 1999. According to the Food and Agriculture Organization WRSI
classification, a WRSI of above 90 indicates good crop yield while WRSI of below 50
indicates crop failure (see Table 2.4 of chapter 2). As expected the WRSI trend is high over
the northern parts of the study region and gradually decreases as one approaches the arid

southwestern parts of the region in agreement with water availability (refer to Figure 3.1b).
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The region can be split into approximately three sub-areas with regard to summer distribution
of WRSI. The first region covers Zambia, Malawi, northern Zimbabwe and northern
Mozambique and has a high mean WRSI (about 80%), which relates to average to above
average yields (Table 2.4). The second region covers a wide strip from the northern Namibia
to the north eastern parts of South Africa, through northern Botswana and parts of southern
Zimbabwe, southern Mozambique, Swaziland and Lesotho; here the mean WRSI is between
50-60% suggesting poor yields. The third region is classified as having WRSI below 50,
which indicates complete crop failure and unsuitability for growing maize. This region covers

parts of southern Namibia, southwest Botswana and western South Africa.
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Figure 3.18: Mean WRSI simulated from station observed climate between 1979 and 1999. Square
boxes show the regions (area average) used for evaluating the crop model and they represent

Zimbabwe, Botswana and central and eastern South Africa

Figure 3.19 shows total cereal production (production in metric tonnes) over selected regions.
The crop data (source: FAO database: http://faostat.fao.org/) were mapped in order to
categorize the crop growing regions. This data is based on the period 1979 to1999 thus might
not reflect the current or recent crop patterns in some regions. For instance, land reforms in

Zimbabwe during the last 10 years have seen drastic reduction in crop production. Some
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countries (Zambia and Mozambique) are not spatially mapped due to lack of data at the time
of the study. Figure 3.19 indicates that the highest crop production areas for maize are
located in the central province of South Africa followed by western Zimbabwe while the least

maize growing region are located in Namibia and Botswana.
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Figure 3.19: Total cereal production (production in metric tonnes) over selected regions (Very High
>1000000, High: 100000-500000, Low: 10000-50000, Very Low<lI0000). Data source: FAO
database: http://faostat.fao.org/

The evaluation of the Agrometshell crop model outputs involved the averaging of stations
within Botswana (25°S-20°S, 20°E-27°E), Zimbabwe (22°S-17°S, 28°E-32°E) and central
and eastern South Africa (30°S-25°S, 26°E-32°E). The standardized (anomaly from the mean
of the time series divided by the standard deviation) WRSI values are then compared to
standardized historically maize yields over the selected regions for the period 1979 to 1999.
Worth noting is the fact that there has been no noticeable increased linear trend in maize
production (pink line in Figure 3.20) over the selected regions during 1979 to 1999. Due to

data limitations, crop model evaluation is performed on three selected regions (shown in
Figure 3.18).
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Figure 3.20: Example of relationship between standardized agrometshell WRSI anomalies (blue) and
observed maize (pink) yield anomalies (Botswana. correlation= 0.55, Zimbabwe: correlation =0.69,

central and eastern South Africa: correlation =0.58)

Agrometshell reasonably detects inter-annual variations in maize production considering that
other factors that contribute to the variability in crop production are not taken into account
(e.g. technological and socio-economic factors). During the period from 1979 to 1999, the
correlation between standardized historical record and maize WRSI is 0.58 for the central and
eastern South Africa, 0.55 for Botswana and 0.69 for Zimbabwe. Figure 3.21 shows spatial
relationship between maize WRSI and historical maize yield for the 1994 season. Due to
limitation on provincial data, only spatial map for Zimbabwe is shown as an example to
demonstrate how Agrometshell can capture spatial patterns. The WRSI is able to capture

most of the spatial variation across Zimbabwe (Figure 3.21).
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Figure 3.21: Example of WRSI distribution when compared to FAO data (http://faostat.fao.org) over

Zimbabwe during the 1994 season. Each province is represented by the average of the stations (black

points). Deep blue colours show regions with highest yield and WRSI during 1994

3.7 Summary

This chapter evaluated downscaled climate variables as well as data derived from various

empirical methods. The source of uncertainties associated with downscaled GCM outputs

during the control period as well as tools used for crop modeling assessments is presented.

The summary for the chapter can be outlined as below:

The downscaled GCMs precipitation is able to reproduce downscaled NCEP
reanalysis precipitation annual seasonal cycle. During the peak summer season,
model ensemble shows underestimation of precipitation over parts of north eastern
South Africa and a positive bias over parts of Zambia and Malawi;

Some large biases in the downscaled GCM precipitation outputs (GFDL and GISS)
could be attributed to missing GCM surface atmospheric fields used in the
downscaling process;

The Hargreaves and Samani solar radiation method is highly correlated to the CRU
monthly radiation values thus can be used in all the radiation estimations using GCM
data;

The Priestly-Taylor method compares favorably to the FAO-56 Penman—Monteith
method which suggests that it is practical to use this method for downscaled GCM
data since it requires fewer parameters (radiation, maximum, minimum and mean air
temperatures);
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e The Agrometshell crop model simulates crop yield over selected regions reasonably
well despite its fewer data requirements thus it is justifiable to use this model for

future projections.

In the chapters that follow, methods recommended in this chapter are used to calculate

evapotranspiration and downscaled climate change data is investigated.
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Chapter 4

Projected changes in climate characteristics

4.1 Introduction

The previous two chapters presented the background on baseline climate during the
recent past (1979 to 1999) as well as how downscaled GCM variables (GCM-DS) are
able to represent downscaled NCEP reanalysis. This chapter addresses the second
research question posed in chapter 1 (section 1.4), which is to investigate changes
(between future [2046 to 2065] and recent past [1979 to 1999]) in climate characteristics
using multiple downscaled climate datasets, to identify regions and periods where the
GCM-DS show consistent changes and to investigate how changes in large-scale

atmospheric circulations are related to changes in precipitation characteristics.

The downscaled GCM variables are at a daily time scale and it was thus possible to
calculate climate characteristics that directly impact crop growth over the region. These
climate characteristics are represented by crop sowing dates, number and duration of dry
spells, total rainfall and evapotranspiration during the summer season. Daily
evapotranspiration are derived from temperature and solar radiation, using the Priestley
Taylor equation (see section 2.7) while the number of dry spells and crop sowing dates

are calculated according to the formula presented in section 2.6.2 and 2.6.3 respectively.

A number of previous studies (7Tebaldi et al., 2006; Cooper et al., 2008; Shongwe et al.,
2009) have used GCM data to evaluate changes in future climate (2050’s and 2100’s)
both regionally and globally. Unlike most studies, that utilized climate data directly
obtained from GCMs, this study uses an ensemble of five state-of-the-art downscaled
GCM projections to investigate changes in precipitation characteristics and
evapotranspiration over southern Africa. The advantage of using downscaled GCM
precipitation is that hot spots where GCMs agree on the change can be found for smaller,
climatically homogeneous regions. Additionally, downscaling precipitation used in this
study is able to more reasonably simulate regional rainfall as was revealed in chapter 2.
Regional atmospheric systems are also investigated because GCMs are known to be more
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robust in simulating these systems, which are characterised by prognostic variables, as
compared to how well they produce localized variables (for instance precipitation),

which are diagnostic variables.

4.2 Mean changes in summer season precipitation

Figure 4.1 shows spatial changes in precipitation for each of the five GCMs-DS during
early (SON), peak (DJF) and late (MAM) summer seasons. One feature observed in
Figure 4.1 is that changes in precipitation vary across the GCMs despite some convergence
expected when using downscaled outputs. For instance, two of the five GCMs (CNRM
and GISS) show a decrease over some parts of the sub continent particularly over central
Zimbabwe and Zambia during SON while CCCM shows an increase over the same
domain. Similar inconsistent patterns are noted during DJF and MAM. However,
consistency among GCM-DS is evident over central and eastern South Africa where the
five GCMS-DS project increased rainfall during early summer season. This implies that
there is high confidence in projecting rainfall changes over this region which
encompasses the “maize region” of South Africa, geographically delimited by the towns
of Bloemfontein, Christiana, Zeerust, Warmbad, Machadadorp, Piet Retief and
Ladysmith (Johnston, 2008). Model consistency and uncertainty is further investigated in

section 4.2.1.
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Figure 4.1: Projected change (2050s-recent past) in precipitation (mm/month) for the individual
downscaled GCMs. Order of GCM-DS from top to bottom is CCCM, CNRM, GFDL, GISS and
ECHAM. The first column represents SON, second column is for DJF and third column is for
MAM
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The latter part of the second research question is aimed at investigating the link between
mean rainfall changes and regional atmospheric systems. The following section
investigates whether the observed changes in mean rainfall by 2050 for each GCM-DS is
associated with typical regional atmospheric circulation patterns. Due to data limitation
at the time of the study, only moisture influx at 800 hPa (represented by wind vectors and
specific humidity) and near surface geopotential height (Appendix B) are used to
represent the behaviour of circulation patterns over sub continent. This is a reasonable
representation as the convergence and divergence of moisture flux is physically linked to
rainfall patterns. It is further assumed that shifts in atmospheric circulation patterns
linked to increased (or reduced) precipitation in the future will resemble those responsible

for present and past rainfall anomalies.

Mean seasonal changes for 800 hPa wind (a) and specific humidity (b) are shown in
Figure 4.2. During SON, the central and eastern South Africa is characterised by
increased specific humidity as well as anticyclonic wind anomalies centred along the
border between South Africa and Mozambique. The increased moisture influx could be
explained by an enhanced encroachment of the ridge from the Indian and Atlantic Ocean
high pressure system onto the sub-continent in the future. These features have previously
been associated with early start of the rainfall season over Zimbabwe and parts of South
Africa (Tadross et al., 2005; Reason et al., 2005) and could possibly be linked with
increased GCM rainfall in the future over central and eastern South Africa projected by

2050.

A reduction in specific humidity over the region bordering southern Angola and northern
Namibia is observed in the models (CNRM, GFDL and GISS) showing reduced
precipitation (Figure 4.2b). A poorly developed surface low over Angola (Figure 4.2)
reduces mid-latitude westerly waves passing south of Africa, resulting in poor formation
of extra-tropical cloud bands. This has previously been associated with reduced rainfall
over Zambia and parts of South Africa. In a study over southern Africa, Mulenga (1998)
observed that the position of the inland low pressure system plays a role in modulating

convergence of moist air over the subcontinent.
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The atmospheric circulation patterns observed in the GCM outputs are similar to those
noted in previous studies using observation data (Mulenga, 1998, Tadross et al., 2005;
Reason et al., 2005). The results described above suggest that, moisture influx within
individual GCMs supports the changes in precipitation over the region. The models
capture the regional moisture influx reasonably well when compared to present day
atmospheric state. However, it should be noted here that, systems other than those noted

in this study play a significant role in summer rainfall behavior over the region.
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Figure 4.2a: Changes (2046-2065 minus 1979-1999) in 800 hPa wind (vectors) magnitude scale
showing red (high) and blue (low) strength. First column displays change in SON composites,
Second column displays DJF composites and third column shows the MAM period
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4.2.1 Median, 20" and 80" percentile change

A clear picture emerging from this work is that, simulated precipitation values are not
always consistent among GCMs-DS. This introduces uncertainty when interpreting the
expected changes. In order to address uncertainties associated with using multi model
ensembles, a number of studies have concluded that a multi-model ensemble mean
should be used to obtain a reliable impression of change and the uncertainty surrounding
these impacts (Lambert and Boer, 2001, Murphy et al., 2004, Tebaldi and Knutti, 2007).
Wiley and Palmer (2008) showed that a suite of GCMs can be used to develop
“uncertainty boundaries” that reflect the degree of agreement between the GCMs and

thus provides a “most likely” scenario based on the consensus results of the GCMs.

In this study, the median, 80™ and 20™ percentile are used to represent the changes in
seasonal precipitation. The 20" and 80™ percentiles are total precipitation values
simulated by 20% (i.e. at least one of the five GCMs-DS) and 80% (i.e. at least four of
the five GCMs-DS) of the GCMs-DS respectively. Tang et al. (2008) noted that when the
spread of predictions around the median is small, then the model convergence is good
and we have confidence that the predictions are reasonably insensitive to the choice of
model. However when the model convergence is poor, then the predictions that we get
using a particular model could vary markedly from those of a second model (Johnston

and Sharma, 2009).

The results presented in Figure 4.3 provide an insight on the expected changes in regional
precipitation by 2050 using the GCM-DS ensemble median. The changes are positive
over most of the region. The highest precipitation increase (~ +15 mm/month) is attained
over central and eastern South Africa during early summer (SON). However, northern
Zimbabwe, central and eastern Zambia as well as parts of central Mozambique project a
reduction in SON rainfall (~ -10 mm/month). Insignificant (less than Imm/month)
changes in precipitation are noted during DJF over Zambia, central and northern
Zimbabwe and most of Botswana while the rest of the region depicts increased

precipitation. During late summer season (MAM), the entire region shows an increase in
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summer precipitation, implying an extension of the summer rainfall season over most

regions.
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Figure 4.3: Changes in precipitation during SON, DJF and MAM (GCM-DS ensemble median)

In Figure 4.4, changes in spread (80" minus 20™ percentile) between the GCMs-DS are
investigated. Examining early season (SON) reveals that GCMs-DS rainfall spread over
most of the region is less in the future when compared to the recent past. Lower spread
implies that, there is higher consistency (lower uncertainty) in projecting reduced early
summer precipitation over most parts of the region in the future. The DJF period depicts a
slight increase in GCMs-DS rainfall spread over most of the region (with the exception of
northern Zambia). The increase spread implies that GCMs-DS are more inconsistent in
projecting future DJF precipitation changes over the region as compared to SON. A
similar pattern applies for the late summer season over the region with the exception of
south west Botswana, northern South Africa and Namibia (which indicates reduced
spread in the future). These results indicate that GCM-DS ensemble is more uncertain in
projecting regional precipitation during DJF and MAM as compared to SON, especially

for the central-eastern regions.
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Figure 4.4: Showing changes (future minus control) of GCM envelope (spread) during SON, DJF

and MAM summer season

4.2.2 Mean changes in seasonal rainfall variability

Besides long-term change discussed in the previous sections, year-to-year variability
information is crucial to farm management decisions over southern Arica. Whilst a
number of studies have been done on the regional inter-annual climate variability and on
events such as the El-Nifio Southern Oscillation (ENSO) and Antarctic Oscillation
(AAO), (e.g. Mason, 1995; Hulme et al., 2001, Reason & Rouault, 20006), relatively
fewer studies have investigated how inter-annual rainfall variability will unfold in the
future. Although investigating inter-annual variability in the future is problematic in that
it is difficult to associate individual years with extreme precipitation, knowledge on the
frequency of these events in the future could possibly help explain regional climate

change impacts.

To explore changes in inter-annual variability, the standard deviation (SD) (Equation
2.12) for each of the two time slots (2046-2065 and 1979-1999) is calculated. SD is a
measure of variation from the mean. In this case, it serves as a proxy for inter-annual
variability and therefore changes can be used to identify regions showing increase or
decrease in inter-annual precipitation variability. The blue shading in Figure 4.5
corresponds to regions with reduced inter-annual variability and red are regions with

increased inter-annual variability in total seasonal rainfall by 2050.
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Figure 4.5: Changes (future-control) in inter-annual rainfall variability during SON, DJF and
MAM (GCM-DS ensemble median)

With the exception of central and eastern South Africa, most of the study domain could
have increased inter-annual rainfall variability during SON by 2050. Regions showing
reduced interannual rainfall variability during early summer roughly coincide with those
indicating increased SON precipitation. This further highlights the view that central and
eastern South Africa could have favorable rainfall condition in the future during SON.
The early and peak summer seasons are marked by increased rainfall variability across
Namibia, Zimbabwe with a northward extension into Zambia and Malawi suggesting that

these regions could experience reduced rainfall conditions relative to the present.

4.3 Crop sowing dates

Considering the importance of early rains for small scale agriculture and given the
changes noted in SON precipitation over central Zambia and northern Zimbabwe, we
further investigate the behavior of crop sowing dates (i.e. assumed here to be the dekad
(10 day period) suitable for planting maize) over the region. As noted earlier, reduced
SON precipitation has implications for seasonal crop sowing dates in southern Africa.

The sowing dates are calculated according to the definition given in section 2.6.3. The
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threshold rainfall amount after 1% of August was set to: 25mm in the first dekad

concurrently followed by at least 20 mm in the next two dekads.

4.3.1 Mean changes in sowing dates

Figure 4.6 displays projected mean changes in sowing dates over the region from five
GCMs-DS and the ensemble mean (bottom right). A later sowing date is consistently
simulated across GCMs-DS over southern Zambia and northern Zimbabwe. Two GCMs-
DS (GFDL and GISS) indicate an extension of late sowing dates towards Botswana and
the Limpopo region of South Africa. Meanwhile three GCMs-DS (CCCM, CNRM and
ECHAM) project an earlier start to future sowing dates (~ 10 days relative to the control)
over parts of central and eastern South Africa. Changes in sowing date variability (see
appendix) suggests that models showing an earlier start of sowing dates do not
demonstrate increased variability in the future. On the other hand, GCMs-DS showing a
later start in sowing dates over parts of the region (southern Zambia and northern
Zimbabwe) also show increased variability. This implies that events, such as ENSO,
known to influence the inter annual variability in rainfall season onset over the region
(Usman & Reason, 2004; Reason et al., 2005; Hachigonta et al., 2007) could be
enhanced in the future. It also suggests that increased total seasonal rainfall does not
necessarily mean earlier sowing dates (see Figure 4.3). This thesis provides no solid
evidence to support the statement that ENSO influence will likely be enhanced in the

future. However, this is the avenue for future research.

It is was also found that GCMs-DS projecting anomalously late sowing dates (GISS and
GFDL) over southern Zambia and parts of central Zimbabwe are characterised by
reduced (SON and DJF) specific humidity (Figure 4.2b) over the south western parts of
the study region. These models show a weaker Angola low during SON (Figure 4.2a),
which typically starts to develop over this part of southern Africa in the austral spring. A
weakening of trade winds is also evident in GISS and GFDL over the southwest Indian
Ocean together with some ridging south of South Africa. These features could be linked
to the later sowing dates being projected in these two GCMs-DS by 2050 over central

Zambia and northern Zimbabwe. On the other hand, the central and eastern South Africa,
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projecting a shift towards early sowing dates in the future, shows increased specific
humidity (Figure 4.2b). In addition regions indicating early sowing dates are associated
with an anticyclonic anomaly pattern to the southeast of South Africa during SON.
Increase in moisture flux anomalies at 800 hPa, together with the anticyclonic anomaly
around east of South Africa implies relative moisture convergence over eastern South
Africa during the start of the season, favourable for early sowing dates. Reason et al.
(2005) found a similar pattern to be associated with early rainfall north of South Africa.
They linked the development of a low pressure over this region to a Rossby wave train
(see Randel, 1988) that extends from the tropical central Pacific across the South East
Pacific and mid-latitude South Atlantic Oceans and into the South West Indian Ocean,

and are reminiscent of the Pacific South America (PSA) pattern associated with ENSO.
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Figure 4.6: Projected change in sowing dates. Sowing date defined as at least 25 mm rainfall
falls in the first 10 days and at least 20 mm falls in the following 20 days after I of august (Red

(Blue) colour shows regions with later (early) sowing dates in future
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The GCM-DS ensemble mean indicates a late sowing date (~ -10days) over Botswana,
Zimbabwe, central parts of Zambia, the Limpopo region of South Africa and the region
bordering Mozambique and South Africa. On the other hand, patches of central and
eastern parts of South Africa project early sowing dates (~ +10days) by 2050. Further
comparison of sowing dates (i.e. GCM-DS mean) with seasonal SON precipitation
(section 4.2), reveals that that regions with increased (reduced) rainfall totals during the
early part of the season are associated with earlier (later) sowing dates. This is expected
given the mean seasonal increase in precipitation over this region, as noted in section 4.2.
However, this is not always the case for individual GCMs-DS. For instance, while the
CCCM model projects increased precipitation over central Zambia during SON, sowing
dates are projected to shift later by about 10 days in the future. This shows that
cumulative rainfall does not fully explain impacts on agriculture and increased rainfall
may lead to a false impression that a growing season is good. This suggests that it is
preferable to consider other measures such as calculating sowing date on a daily time

scale other than using seasonal rainfall totals to explain the impacts on agriculture.

4.4 Dry spells during peak summer season

The overall message from the previous sections suggests reduction in SON rainfall over
central Zimbabwe and parts of Zambia while increase in precipitation is projected during
DJF and MAM over most of the region (with exception of the region bordering
Zimbabwe, Botswana and South Africa). This section, investigates changes in number of
dry spells and mean dry spell duration during DJF over the region. A dry spell is defined
as a pentad (5 day period) with less than 5 mm of rainfall (see chapter 2). Dry spell
duration is calculated as the average length of a dry spell during DJF. The DJF season is
investigated in this study because of its relevance as the peak of the growing season
within the major cropping areas and because this is typically when ENSO impacts over

southern Africa reaches their maximum strength (Nicholson and Selato, 2000).
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4.4.1 Mean changes in number and duration of dry spells

Figure 4.7a displays changes in number of dry spells during DJF as represented by the
five GCMs-DS. The bottom right map in Figure 4.8a displays the GCM-DS ensemble
mean change. All the GCMs-DS show a decrease (~ 2) in dry spells over the central and
eastern parts of South Africa. This further serves to highlight that consistent responses
may be better detected in sub-seasonal rainfall characteristics, as opposed to changes in
the seasonal or monthly means. Contrary to the number of dry spells a general increase in
mean dry spell duration is projected over most of region (Figure 4.7b). This may be as a
result of increased interannual rainfall variability projected by 2050 over most of the
study domain, which could lead to longer dry or wet periods. A second possibility is that,
the winter dry season is longer and extends later in the future and therefore contributes to

an increase in the mean dry spell duration.
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Figure 4.7a: Projected changes in number of dry spells during the peak DJF summer season.

White space represents zero change in dry spells by 2050
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Figure 4.7b: Projected changes in mean dry spell duration during the peak DJF summer season.

Contours depict the actual change in days

It was observed that during DJF, an anticyclonic anomaly pattern is present over South
Africa (Figure 4.2a) suggesting a weaker low level monsoonal westerlies by 2050. As a
result, less moisture from the northeast monsoon is advected away from East Africa by
these westerlies implying more low level moisture present over tropical southern Africa
and thus a reduction in number of dry spells. The GISS model reveals an increase in
north easterly low level moisture influx implying reduced moisture penetration over
Zambia from the Angola low and less moisture convergence. These features are in line
with observation by Hachigonta and Reason (2006) and could thus explain increased

length dry spells being projected over central Zambia by 2050.

The relationship between change in number of dry spells and the change in dry spell
variability during DJF is not linear (not shown). The GCM-DS ensemble mean depicts an
increase in dry spell variability over the eastern parts of South Africa bordering

Mozambique, parts of central Botswana, central and eastern Zambia extending towards
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Malawi. The western parts of the region (with the exception of Western Cape) project a
decrease in dry spell variability while no significant changes are projected over the
central parts of Zimbabwe. An increase in dry spell variability could have either a
positive or a negative effect on crop development depending on changes in mean
seasonal rainfall totals. For instance, crops in regions showing an increase in extreme
wet episodes (central South Africa) could benefit from an increase but evenly distributed
dry spells variability that are not too long to reduce soil moisture content during crop
development. However, crops in regions consistently projecting increase in DJF dry spell
variability and later sowing dates (e.g. southern Zimbabwe and the Limpopo province of
South Africa) could have a negative impact as the length of the growing season could be

reduced.

4.5 Mean changes in evapotranspiration

Evapotranspiration is closely linked to soil moisture content and the behavior of crops
during the growing season. In this study, only the mean values (Figure 4.8) are shown
due to the high model consistency between the GCMs-DS (not shown). An increase in
evapotranspiration is projected over the entire region during the summer season. This
could largely be attributed to increased temperatures and solar radiation projected over
the region as they are used as input for the evapotranspiration method. Highest increases
(~9 mm/month) in evapotranspiration are projected in the northern parts of the region
(Zambia) during SON. However, this region shows little (less than 2 mm/month) change
during the late (MAM) summer season over central Zambia. The lower increase in late
summer season (MAM) evapotranspiration could due to the increased precipitation noted
during this time of the season that might be having a cooling effect over much of the
region. This shows that rainfall characteristics, soil moisture content and

evapotranspiration are closely linked over the region.
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Figure 4.8 Model ensemble mean showing projected changes in evapotranspiration during SON,

DJF and MAM

4.7 Summary

This chapter investigated changes (2046-2065 and 1979-1999) in climate characteristics
over southern Africa using five downscaled GCMs-DS. The goals of this chapter were to:
1) Understand mean changes in climate characteristics, 2) Identify regions where GCMs-
DS are consistent with the sign of change and 3) identify if changes in precipitation could

be supported by large scale atmospheric systems.

A common signal was extracted from the GCMs-DS by looking at the ensemble median
as well as the change in GCMs-DS spread. It was found that GCMs-DS are more
consistent in simulating increased rainfall, an early start of the season and reduced
rainfall variability over the central and eastern parts of South Africa in the future. This
implies more favourable future conditions for crop production over these regions. The
increase in precipitation over central and eastern parts of South Africa is in agreement
with Hewitson and Crane (2006). A consistent pattern was also prominent from across
the GCMs-DS in projecting late sowing dates (~10 days relative to the control) over
Botswana, Zimbabwe, central parts of Zambia, the Limpopo region of South Africa and

the region bordering Mozambique and South Africa. Despite the reduction in the number
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of dry spells during DJF, increased mean dry spell duration is apparent over most of the
region during DJF. The increased dry spell duration may be linked to increased
interannual rainfall variability, which could lead to longer dry or wet periods over the

region.

In view of the second objective, it was shown that changes in number of dry spells and
shifts in sowing dates, which often are of greater relevance to agriculture than changes in
the mean, are more consistent in the future than mean seasonal changes. Regions showing
reduced precipitation in the future are associated with low specific humidity over the
region bordering southern Angola and northern Namibia. The increase in precipitation
observed over central and eastern South Africa may be linked with increased specific
humidity over this region as well as anticyclonic wind anomalies centred along the border
between South Africa and Mozambique. GCMs-DS projecting late sowing dates in the
future over southern Zambia and parts of central Zimbabwe are characterised by reduced
specific humidity over the region bordering Namibia and Angola. Early sowing dates
over central and eastern parts of South Africa are associated with increased specific
humidity over this region and an anticyclonic anomaly pattern to the southeast of South

Africa during SON. The main findings of the chapter can be summarised as below:

e GCMs-DS are more consistent when simulating dry spells and sowing dates than
rainfall totals. This suggests that consistent responses may be better detected in
sub-seasonal rainfall characteristics, as opposed to changes in the seasonal or
monthly means.

e Despite the reduction in the number of dry spells, the mean dry spell duration is
projected to increase over most of the region. This might be linked to increased
interannual rainfall variability, which could lead to longer dry or wet periods over
the region.

e Increase in precipitation over central and eastern South Africa are associated with
increased specific humidity over this region as well as anticyclonic wind

anomalies south east of the study region.
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e Later sowing dates (~10 days relative to the control) are projected over Botswana,
Zimbabwe, central parts of Zambia, the Limpopo region of South Africa and the
region bordering Mozambique and South Africa while early sowing over the
central and eastern parts of South Africa (~10 days ) in the future.

e Late sowing dates in the future over southern Zambia and parts of central
Zimbabwe are characterised by reduced specific humidity over the region

bordering Namibia and Angola.

In the next chapter, downscaled GCM outputs discussed here are used to drive a crop
model in order to investigate which of these climate characteristics may have more
influence on crop development in rain fed agriculture systems and how farming basic

decisions may be adapted to respond to such changes.
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Chapter 5

Projected changes in maize water requirements

5.1 Introduction

This chapter investigates the response of maize water requirement satisfaction index to
changes in rainfall and evapotranspiration over southern Africa by the mid 21* century. This
is achieved by forcing a crop model with downscaled data from an ensemble of five GCMs.
As outlined in section 1.5, the objectives of this chapter are to (i) asses the response maize
water requirement to changes in downscaled GCM variables; (ii) resolve how changes in the
sowing date decision rule (changes in maize planting dates) could be used to mitigate

negative climate change impacts.

The results presented below are based on the average of 1000 Agrometshell simulations
(using different sowing date combinations) for each year of the control (20 years) and future
(20 years) climates of each of the five downscaled GCMs and for each of the 170 stations
available across southern Africa (see Figure 2.1 in chapter 2). Daily evapotranspiration values
used to drive the crop model are derived using the Priestley-Taylor method (refer to section
2.7.2 of chapter 2). Throughout this chapter, maize WRSI is referred to as WRSI. A table on
how to interpret the WRSI in relation to crop yield is given in chapter 2 (Table 2.4)

5.2 Distribution of WRSI based on GCM control data

Figure 5.1 shows spatial WRSI ensemble mean forced by data from the five GCMs-DS
during the control period. The WRSI calculated using GCM-DS climates for the control
period produce good estimates when compared to simulations from observed WRSI values
(1979 to 1999) over the region. Higher values are observed over the northern parts of the
study region (~ 90), suggesting above average soil moisture and crop yield (refer to Table
2.4). Average to poor conditions prevail over most parts of Botswana, Lesotho, Namibia and

South Africa.
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Figure 5.1: Mean WRSI of five GCMs averaged for the period 1979 to 1999

Agrometshell returns a missing value of WRSI if the defined sowing dekad is not met within
a specified set time window. For instance, the time window for sowing dekad calculation was
set to be from 1* August to end of March in the following year. Not surprisingly, the dry arid
regions to the southwest most often simulate high crop simulation failures. Figure 5.2 shows
that of the 1000 simulations over the southwest parts of the study domain, there are above
700 crop simulation failures. The large number of crop failures over this region suggests that
crop model simulations in this region could not be achieved. This is because of the
unfulfilled sowing date decision rule or due to simulated WRSI being lower than 50 (refer to
Table 2.4 in chapter 2). Whilst maize is not cropped over the arid parts of southern Namibia
and western South Africa at present, this is not to say that these regions may be more viable
in a future climate. Thus, simulating regions or conditions that do not currently grow maize is

necessary to deal with potentially new climatic conditions in the future.
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Figure 5.2: Mean crop failures (as defined WRSI simulation below 50) from the 1000 simulations.

White patch show interpolated regions that are outside the radius of influence

5.3 Change in simulated maize WRSI based on downscaled GCM data

This section investigates mean regional changes in WRSI between the future (2046 to 2065)
and control (1979 t01999) climate scenarios. The area averaged (mean for 170 stations)
change in WRSI which gives a general overview of regional changes in WRSI is shown in
Figure 5.3. The CCCM and CNRM simulation shows an increase in future WRSI while two
models (GISS and ECHAM) show a reduction of about 4% relative to the control. Slight
changes are observed in the GFDL WRSI despite GFDL showing significant reduction in
precipitation values during peak summer as was observed in Chapter 4. However, a
generalization overview over a wide landmass as southern Africa has some caveats. For
example, spatial variations in WRSI from station to station could well average out at the

regional level thus could conceal important details for policy purposes.
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Figure 5.3: Mean change (between future and control) in WSRI (average for 170 stations) over the
region. Refer to Table 2.4 on how to interpret WRSI

To have an insight of the spatial changes in WRSI at a local scale, maize simulation driven by
the five GCMs-DS are analysed individually as depicted in Figure 5.4. Blue colours in the
figures indicate reduction in WRSI while yellow to red indicate an increase. All the GCMs-
DS exhibit an increase in WRSI over the central and eastern parts of South Africa. Four
GCMs-DS (with the exception of CNRM) show a reduction in WRSI over the central and
northern part of Zimbabwe. The decrease (about 4%) is more pronounced in the GFDL and
GISS GCMs-DS. However, the GISS model does not show any significant future decrease in
precipitation meaning that factors other than precipitation totals influence the reduction in
WRSI. One parameter likely to be contributing to the reduction in GISS WRSI is the sowing
date which is projected to start later in the future over this region. Later sowing date and
increase in evapotranspiration could translate into reduced WRSI because of the crop having
to grow through less suitable temperatures. For instance, higher temperatures during the first
days of sowing results in more evapotranspiration which could further affects the soil

moisture leading to crops failure.
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The WRSI ensemble mean broadly indicates an increase in WRSI over most of the study
region (bottom right in Figure 5.4). The highest WRSI increase by 2050 is observed over the
eastern South Africa, northern Namibia and northern Zambia. These regions project an
increase in WRSI of approximately 8%. Over northern Zambia, WRSI in the current climate
is already high thus the future changes would improve the already existing good conditions.
The eastern parts of South Africa, has much lower WRSI values in the current climate
implying that an increase in WRSI could be beneficial. On the other hand, the central and
southern parts of Zimbabwe are projected to have a reduction in WRSI, which is potentially
problematic as these regions which are clearly on the threshold of crop failure (see Figure
5.1). In this regard, while policy markers should be looking at ways of achieving high
productivity by investments in modern farming technologies, the developed and implemented
of simple adaptation strategies based on climate indices as discussed in the section below has

the potential of improving crop yield.
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Figure 5.4: Simulated mean change in WSRI forced by climate data from the five GCMs-DS.

Continued on next page......
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Figure 5.4: Simulated mean change in WSRI forced by climate data from the five GCMs-DS and

(bottom right) average WRSI (five GCMs-DS)

Figure 5.5a shows the number of GCMs-DS which agree on the sign (+/—) of change in
WRSI. Except for a few stations where the models disagree on the sign of change, nearly all
of the GCMs-DS agree on the positive impacts in Zambia and eastern South Africa, while 4
GCMs-DS or more agree on the negative impact expected in the central region of Zimbabwe.
Interesting to note is that, while GCM-DS model prediction of mean summer precipitation
characteristics by 2050s is inconsistent over parts of the study domain as shown in chapter 4

the projected change in WRSI is very consistent among the GCMs (Figure 5.5a). This
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demonstrates that the projection of the impact is more robust to climate model than the

climate change itself.
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Figure 5.5: (a) Model agreement on the sign according to the WRSI mean change. (b) Mean change
in crop failures (as defined WRSI simulation below 50)

Figure 5.5b depicts the mean change in crop failures (from the 1000 simulations) between the
control and future periods for the five GCMs. Most of parts of southern Africa indicate less
frequent crop failures in the future although there is a consistent increase over the arid area of
southern Namibia and western South Africa, as well as over southern Mozambique and
Zimbabwe (around the Limpopo valley). Whilst the mean increase in WRSI over eastern
South Africa is associated with more frequent crop opportunities, the decrease in mean WRSI

over south Zimbabwe is not necessarily associated with more cropping failures.

5.4 WRSI sensitivity to sowing date based on GCM control data

Despite the uncertainties in future climate scenarios, an assessment of how the regions
agricultural production under varying climate conditions is important for formulating
response strategies, which should be practical, affordable and acceptable to farmers (Mall et
al., 2006). The following sections present results of an approach that could be used to
mitigate negative climate change impacts. This approach computes the sensitivity of WRSI to
sowing date decision rule. For the description of sensitivity approach, refer to section 2.5.3 of

chapter 2.
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Figures 5.6a and 5.6b show the mean contribution of rainfall during the first dekad (x/) and
the following two dekads (x2) to simulated WRSI computed using modeled control climate
between 1979 and 1999. In general, WRSI variability is most sensitive to x/ which
contributed up to 40% in eastern South Africa, some parts of Zimbabwe and northern

Namibia.
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Figure 5.6: (a) Mean contribution of x1 (%) to WRSI variance using GCM control data and (b) mean

x2 contribution (%) to WRSI variance

The relationship between x1 and WRSI is more evident compared to WRSI and x2. The
contribution of x2 to the WRSI variability barely rises above 20% in most parts of southern
Africa. However, in some parts of Malawi and northern Zambia where x1 and x2
contributions are low, the combined total of x1 and x2 considerably contributes to the overall
changes in WRSI. In general, slight variability in rainfall amounts during the first dekad will
considerably affect WRSI (by about 40%) over most parts of southern Africa as compared to

variability rainfall amounts in the following 20 days.
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5.5 Simulated changes in sensitivity of maize WRSI to the definition of sowing date

Figure 5.7a, depicts the mean change (future minus control) in x/ contribution to WRSI
variability across the five climate models while Figure 5.7b shows the corresponding x2
contribution. Using control climate data (Figure 5.6), it was earlier shown that the
contribution of x/ is high over central Zimbabwe and eastern parts South Africa, with lower

contributions to the west while that of x2 has less influence everywhere.

Change in x1 contribution Changel in x2 contribution

Yo Change

Figure 5.7:(a) Mean % change in xI contribution (fraction) to WRSI variance and (b) mean %

change in of x2 contributing (fraction) to WRSI variance

By 2050, most of the region could have increased WRSI variability with the choice of x/
contributing more to the variability in WRSI. However over the southern part of Zambia
(region bordering Zimbabwe) an increase in future WRSI of about 8% is projected while the
contribution of x/ to WRSI remains unchanged. On the other hand, most GCMs show a
reduction in future WRSI in the central region of Zimbabwe (Figure 5.4) while showing an
increase in the x/ contribution to WRSI variability (Figure 5.7). In addition, this region
(central Zimbabwe) shows a shift toward later sowing dates in the future relative to the
control (chapter 4) and a high sensitivity of WRSI to the choice of x/ in the observed climate.
This implies that farmers in central Zimbabwe can significantly influence their WRSI (and
hence yields) by changing sowing dates (particularly the first 10 days of sowing) in the
future. This is therefore a potential adaptation option, which is expected to be more effective

in the future than at present. It should also be noted that the influence of x/ remains strong
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across the rest of the region, suggesting that it remains the most important aspect when
defining the sowing date. However, the sowing date adaptation strategy can only be achieved
by either having accurate weekly and monthly rainfall forecast before the sowing date or

replanting seeds when the conditions have not been met in the first days on sowing.

5.6 Summary

Regional climate policy requires a better understanding of climate change impacts. This
chapter outlines how changes in climate are reflected in a crop model. In addition, results of a
sensitivity method for assessing agricultural adaptation decisions under uncertain climatic
conditions are presented. The study shows that impact models can provide useful indices for
understanding future projections as compared to monthly climate variables. It was found that
the expected WRSI calculated from the five models mostly produce consistent projections as

compared to GCM-DS climate variables.

One of the factors found to have influence on maize WRSI is the sowing date during the
rainfall season. It is shown that, currently the water amount required during the first dekad of
the decision process (x/) contributes more to yield variation than the water amount required
during the following 2 dekads (x2) over most of southern Africa. From a practical point of
view, this means that current and future WRSI can be improved simply by changing the
sowing date, particularly during the first dekad of sowing.

In the future (2050s), contribution of the x/ decision parameter to WRSI variability was
shown to increase over Zimbabwe and eastern South Africa. It was also shown that the
eastern parts of South Africa project an increase in WRSI indicating that, despite this
increase, the region remains susceptible to the definition of x/. Other regions that project
considerable increase (about 8%) in WRSI are the northern parts of Namibia and Zambia. A
reduction in WRSI was observed over most of Zimbabwe, with an increase in the
contribution of x/. This implies that adaptation will be necessary over Zimbabwe and that x/
is a potentially efficient adaptation tool both now and in the future. Even though a beneficial
increase in WRSI is simulated over eastern South Africa, the need for adaptation will depend
on the farming system (e.g. irrigated, non-irrigated) and how close these systems are to

critical thresholds of climate. If new opportunities become available (for instance, new
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farming regions), they may be close to these critical thresholds and in either case adapting x/

is suggested as a potentially useful adaptation measure.

In Malawi little change in WRSI is projected by 2050s. However, x2 is projected to
contribute more to the WRSI variability than x/ in the future, compared to the situation under
current climate conditions. This provides the decision maker with the caution that (1) an
efficient current adaptation decision might not be efficient for a long time, and (2) that the
decision process by itself, even if no production decrease is to be expected, is likely to change
from current 'optimal' decisions. This clearly demonstrates that seeking adaptation options in
the current climate e.g. to current climate variability, is not necessarily the most effective way

for the future impacts.
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Chapter 6

Summary and Conclusion

The goal of this thesis as set out in chapter 1, section 1.5 was to determine the response of
maize water requirement satisfaction index to climate change given the imperfect climate
data. To accomplish this goal, a crop model (Agrometshell) was forced with downscaled data
from an ensemble of five GCMs. In addition, a new sensitivity approach, which evaluates
how the sowing date decisions will evolve under a changed climate, was presented to
determine the robustness of using GCMs in developing crop adaptation options. The
following sections present a summary of the main findings and the extent to which the

research questions posed in chapter 1 were addressed.

6.1 Determining solar radiation and evapotranspiration values

The first research question of the thesis was aimed at exploring evapotranspiration
estimations. The Penman-Montieth reference evapotranspiration technique was used as standard for
the comparison. Given the limited downscaled GCM variables (precipitation, minimum and
maximum temperature) over southern Africa as a whole, it was crucial that the estimation
technique require fewer input data but perform as well as the Penman-Montieth reference
evapotranspiration (PM,) technique for the southern African region. In order to achieve the

above objective, three experiments were performed.

In the first experiment, solar radiation, which serves as input to most evapotranspiration
techniques, was estimated using monthly observational temperature data from Climatic
Research Unit (CRU). It was found that it is possible to accurately compute solar radiation
over the entire study region using minimum and maximum temperature as an input variable.
By introducing altitude in the Hargreaves and Samani (HS) solar radiation method, biases
between HS and observational CRU solar radiation were significantly reduced. The HS
method achieved a good linear relationship (R* = 0.98) when compared to CRU solar
radiation. As a result the HS method was used to compute solar radiation to drive the

evapotranspiration models.

The second experiment involved the computation of the PM, reference evapotranspiration

using CRU data and testing its sensitivity to input variables (minimum and maximum
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temperature, wind, specific humidity and net solar radiation). The results show that solar
radiation has the greatest impact on PM, evapotranspiration sensitivity over the humid
northern Zambia and Malawi during the DJF season, while wind speed has the least impact.
Elsewhere the variation of the PM, outputs is most sensitive to temperature. Results from the
second experiment suggest that temperature and solar radiation based methods can efficiently

be used to compute evapotranspiration over most of the region.

In the third experiment, estimates from the Priestly-Taylor (PT) and the Hargreaves
evapotranspiration methods were compared to those derived using the PM, method. The PT
estimates were found to have a clear linear relationship with those from PM, method.
However, in order to get values that are close to PM, outputs, the PT constant had to be
adjusted to 1.09 (as compared to the recommended literature value of 1.27). The Hargreaves
method performed poorly compared to the PT method and overestimated PM, outputs. Most
high values of overestimation where located over the coastal regions where wind speed is

relatively high.

In view of the first objective these findings show that, despite the limited climate data, it is
feasible to estimate evapotranspiration over the entire southern African domain using
currently available techniques (e.g. Priestley-Taylor) and downscaled climate data. Adjusting
the Priestly Taylor constant confirmed the important realization that the models should be

calibrated over the region of interest.

6.2 Changes in crop-relevant climate characteristics from the downscaled GCM
variables

The second research question posed in section 1.5 was aimed at investigating how climate
characteristics relevant to agriculture will change in the future and if these changes are a
response to large-scale atmospheric circulation dynamics. The initial step involved
comparison of downscaled GCM outputs with observations. It was found that downscaled
GCM precipitation captured the observed (downscaled NCEP reanalysis) regional seasonal
cycle. The spatial degree of discrepancy between the downscaled precipitation amounts from
GCM and NCEP reanalysis varied from region to region. For instance, rainfall is
underestimated by most GCMs over parts of north eastern South Africa while it is often

overestimated over parts of Zambia and Malawi. This implies that GCMs still had difficulties
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in simulating adequately rainfall events in some regions despite using the downscaled
outputs. One possible reason for the discrepancies between the models and NCEP reanalysis
could be linked to the individual GCM dynamics and choice of predictor variables used in the
downscaling process. This might be the case with the GFDL and GISS models which have
missing surface specific humidity over high altitude regions and this error might impact the
downscaled precipitation. This suggests that, in some models, precipitation is highly sensitive
to specific humidity particularly over the mountainous regions. In a similar study, Wilby and
Wigley (2000) observed that the choice of the predictor variable and its corresponding
domain, in terms of location and spatial extent, may be critical factors affecting the realism
and stationarity of downscaled precipitation scenarios. In an attempt to address this bias,
CSAG is currently exploring alternatives such as, the use of Principle Component Analysis
(PCA) on predictor variables. However, given the confidence in the ability of the five GCMs
to represent seasonal precipitation patterns over most of southern Africa, they were used to

simulate future maize growth.

Taking the downscaled GCM ensemble median variables as an indication of changes in the
future, regions in the central and eastern parts of South Africa indicate increased rainfall
during the summer season, an early start to rainfall season as well as a reduction in the
number of dry spells. Increased precipitation over south eastern South Africa is characterised
by an increase in humidity as well as anticyclonic wind anomalies centred along the border
between South Africa and Mozambique during the summer rainfall season. This could be
explained by an enhanced encroachment of the ridge from the Indian Ocean high pressure

system onto the sub-continent in the future.

An increase in seasonal rainfall totals coupled with the reduction in number of dry spells
over eastern South Africa suggests that this region could experience good (relatively to the
present) growing conditions for maize. The projected increase in rainfall totals
(approximately 20%) in the south eastern parts of South Africa agrees with the finding of
Hewitson and Crane (2006) and Shongwe et al. (2009). On the other hand, considerable
reduction in rainfall is projected further north in central parts of Zimbabwe and Zambia.
These regions (central parts of Zimbabwe and Zambia) also indicate highest rainfall
variability during the entire summer season. Rainfall variability over these regions has

previously been associated with ENSO events. For instance, the El-Nino mode has been
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linked to an increase in number of dry spells over the region suggesting that the changes in

the future may be due to an increase in the frequency and/or intensity of these events.

Despite the reduction in number of dry spells by 2050, the duration of mean dry spells is
projected to increase (approximately 10 days longer) over most of southern Africa. This may
be as a result of increased interannual rainfall variability projected by 2050 over most of the
study domain, which could lead to longer dry or wet periods and hence largest uncertainty in
rainfall characteristics. A second possibility is that the winter dry season is longer in the
future and contributes to an increase in the mean dry spell duration. This is consistent with
Botswana, Zimbabwe, central parts of Zambia, the Limpopo region of South Africa and the
region bordering Mozambique and South Africa projected to have later sowing dates
(calculated based on rainfall thresholds) in the future. Reduction in early summer rainfall
coupled with later sowing date, increased dry spell duration and increases in
evapotranspiration could lead to water scarcity, reduced agricultural productivity, and

increased risks of food insecurity and famine over the central parts of Zimbabwe and Zambia.

This study found that moisture influx during high extreme rainfall events in the future show
patterns similar to those systems associated with present daily rainfall variability. In
attempting to explain the sources of moisture causing high rainfall patterns in the GCM, (e.g.
eastern parts of South Africa) as well as low rainfall (over southern Zambia and northern
Zimbabwe), it was found that the parameters (wind and humidity, representative of moisture
flux) that support enormously high or low rainfall patterns in the GCM were similar to those
linked to observed systems. This indicates that although rainfall events by themselves hold
high uncertainty, there is high confidence in systems and parameters (e.g. specific humidity)
responsible for the changes in the rainfall patterns. For instance, two GCMs (GFDL and
GISS) projecting late sowing dates over southern Zambia and parts of central Zimbabwe are
characterised by reduced surface humidity during SON over the south western parts of the
study region. A later sowing date over Zambia has been previously associated with reduced
Angola heat low system. This system is weaker than average in the future for GISS model
and could be linked to the significant reduction in precipitation during the early part of the
growing season. The increase in dry spells duration over the study domain was associated
with south-easterly anomalies in the Mozambique Channel and a strong cyclonic

(anticyclonic) anomaly over the subtropical South Indian (central tropical Indian Ocean).
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This study found that the GCMs were more consistent in simulating changes in
evapotranspiration and dry spells, as compared to mean seasonal rainfall totals. In terms of
the second objective, this further highlights the value that consistent responses may be better
detected in sub-seasonal rainfall characteristics, as opposed to changes in the seasonal or

monthly means.

6.3 Projected changes in maize water requirements and its sensitivity to sowing dates
Based on an ensemble mean from five models, no significant change in Water Requirement
Satisfaction Index (WRSI) is simulated over Malawi and Mozambique by 2050s despite
increase in rainfall totals. Results over central and northern Zimbabwe indicate slight
reductions in WRSI by 2050. This region was also projected to have a later start in sowing
date and increase in mean DJF and MAM precipitations. This highlights that mean changes
of increased precipitation do not necessarily translate into increased soil moisture required for
maize growth over the region. In practical terms, the slightly increased rainfall amounts
coupled with the high rainfall variability observed over this region imply more incidences of
flash floods and water logging (not simulated in the study) influencing the output of the crop
model. Furthermore, the observed increase in evapotranspiration, especially at the end of the
dry season could increase water loss particularly over arid or semi arid regions as it is the
case with central Zimbabwe, thus leading to reduced soil moisture in the future. In such
conditions the best WRSI are simulated when sowing is delayed until more rain falls, thus
overcoming the increase in evapotranspiration. On the other hand, increased rainfall and
evapotranspiration as well as reduced number of dry spells positively influence maize water
requirement outputs over central and eastern South Africa. This region showed a mean

increase in WRSI (which relates to maize yield) of approximately 8% in the future.

In view of the fourth research question, it was found that rainfall expected in the first 10 days
of sowing (x1) contributed more significantly to the yield variation than rainfall during the
following 20 days (x2) in both recent past and future scenarios. From a practical point of
view, this implies that there is a better chance of effectively improving WRSI by adapting to
x1 as compared to x2. The contribution of x1 to WRSI increases over most of southern Africa
by 2050, especially so over northern Namibia and eastern South Africa, whereas the x2

contribution to WRSI variation increases slightly in regions further east, and up to 10% in
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northern Malawi. In the case of central Zimbabwe the sum of x1 and x2 contributes close to
50% in WRSI variation. This suggests that we can propose adaptation options over central
Zimbabwe based on x1 and x2, in order to mitigate the negative impact expected in these
regions. Over Malawi, however, the relative contribution of x1 decreases in the future
climate, whereas the contribution of x2 increases implying that the sowing decision will need

adapting in the future in order to keep up with the current yields.

The results presented here are applicable for the case of maximising WRSI by shifting
sowing dekads. Furthermore, these results are dependent on the accuracy of the crop model,
its ability to translate the effect of changing decisions and uncertainty in the climate change
scenarios. As a result, this work is limited by a number of assumptions thus several
considerations need to be taken into account when interpreting the model outcomes and how

they relate to real world situations.

6.4 Summary of findings and Limitations

The main results for the study are:

1. The Hargreaves and Samani solar radiation method is highly correlated to the CRU
monthly radiation values and thus can be used in the radiation estimations using GCM
data;

2. The Priestly-Taylor method compares favourably to the FAO-56 Penman—Monteith
method which suggests that it is practical to use this method for estimating
evapotranspiration using downscaled GCM.

3. Increased precipitation over south eastern South Africa by 2050 is characterised by an
increase in specific humidity as well as anticyclonic wind anomalies centred along the
border between South Africa and Mozambique (promoting onshore advection of
moisture) during the summer rainfall season.

4. Later sowing dates are projected over Botswana, Zimbabwe, central parts of Zambia,
and the Limpopo region of South Africa and the region bordering Mozambique and
South Africa, while earlier sowing dates are projected over the central and eastern
parts of South Africa.

5. Maize water requirement satisfaction index simulations across the five GCMs are

more consistent (sign of change) in projecting future changes than the rainfall totals
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suggesting that consistent responses may be better detected in crop model outputs as
opposed to changes in seasonal or monthly rainfall characteristics.

6. In most regions, rainfall in the first sowing dekad, more significantly contributes to
variations in yield than rainfall in rainfall in the second dekad and as such is an

important consideration for planned future adaptations in maize farming.

The experiments performed in this study provide a step towards understanding and
quantifying climate change impacts on maize water requirements over southern Africa using
a suit of climate scenarios. The limitations encountered during the course of the study provide

sources of uncertainty in the respective research outputs.

Multiple sources of uncertainty are encountered at specific steps in simulating crop growth
using downscaled climate change projections. Uncertainties that became evident during the

duration of the study could be classified in four main groups as outlined below.

1. Input climate data uncertainty (e.g. GCM data uncertainties, spatial and temporal
uncertainties in data).

2. Uncertainty in estimating radiation and evapotranspiration.

3. Crop model uncertainty (e.g. factors not accounted for in the study such as the
impacts of future economic, political, social and technological developments).

4. Uncertainty in the downscaling process

These are further discussed in the sections that follow.

The main source of uncertainty was attributed to GCM datasets used in the experiments in
particular precipitation. This was evident from the inconsistent downscaled precipitation
signal from the five GCMs. In addition, the sparse distribution of stations (e.g. most parts of
Zambia and Namibia) meant that data had to be interpolated (upscaled) in order to get a
spatial representation for the region. Upscaling to larger areas invariably means a loss in the
precision and observation density of data used to parameterize a model thus introducing some
uncertainty in the final outputs. The same implies when downscaling GCM outputs to smaller
scales. Some notable biases in the downscaled GCM precipitation simulation are as a result of

surface synoptic systems in individual GCMs that are used as input in the downscaling process. This
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presents uncertainty in the final impact particularly for mountainous regions not well captured by

some GCM-DS.

Within Agrometshell crop model, increases in temperature are related to crop growth through
increased evapotranspiration which translates into crop water stress particularly if not
compensated with increased rainfall. In addition, higher temperature could imply reduction in
the length of the growing season which could limit WRSI. Despite reasonably estimating
solar radiation and evapotranspiration, the evaluation was only done at a monthly scale thus
this presented some uncertainty when the same methods are applied to generate daily values

to drive the crop model.

In addition to the direct effects of precipitation and temperature on crop development (e.g.
through evapotranspiration), change in temperature and carbon dioxide is directly related to
the variation in biophysical processes and development of a crop. For instance, enhanced
levels of carbon dioxide concentration in the atmosphere could increase the gradient between
the external air and the air spaces inside the leaves thus promoting higher levels of
photosynthesis and of biological productivity (Adejuwon, 2004). This could lead to less crop
water stress resulting in higher WRSI in areas normally considered marginal with respect to
precipitation. These processes are not taken into account in this study thus presenting a

source of uncertainty.

It must be noted that the results in this study were derived solely by taking into account the
changes in climate characteristics. Given the limited time, it was not possible to incorporate
all factors that influence small scale farming. However, despite the uncertainties in studying
climate change impacts and taking into account some assumptions made during this study,
considerable outputs have been achieved that further enhance our understanding on use of

climate models for impact assessment in southern Africa.

6.5 Conclusion and future research

This study has highlighted that real-time decision-making strategies can form an effective and
robust method of coping and adapting to climate change and variability. For instance, if crop
model simulations are to be used as a tool to evaluate real time decisions on sowing dates, the
sowing date sensitivity approach used in this paper could be adopted for use with seasonal

forecasts. At present, few climate change studies have investigated changes in rainfall
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characteristics such as sowing dates and dry spells that are closely tied to practical decisions
and the crop growth cycle (e.g. Tadross et al., 2010). Understating the behavior of climate
characteristics and managing the consequences of climate variability in the context of other
influences on economic, social and natural systems could provide useful adaptation strategies
for handling present day and future climate change (Washington et al. 2006). Gadgil et al.,
2002 also notes that with targeted climate information, and predictions, it is possible for

informed management options relating to parameters such as planting dates to be made.

When this dissertation was written, the goal was to investigate how crops may respond to
downscaled climate change data given the uncertainties in these data sets. While this goal has
been achieved, further research needs to be done in order to integrate a larger database of
climate, soil and crop varieties. For instance, the use of more scenarios will help incorporate a
wider range of uncertainties associated with future projections of climate while evaluating a
range of crops would help in developing adaptation strategies in regions showing reduced
maize growth. Additionally, using a process based crop model that takes into account the
effects of nitrogen content on crop yield, irrigation potential and the direct effects of
increased temperature and carbon dioxide on crop development could reduce associated

uncertainties and increase confidence.

The use of simple adaptation techniques other than the sowing date decision rule in Chapter 5
would be very helpful (e.g. changes in crop varieties). It would also be interesting to
investigate the ability of different GCMs to capture the expression of natural variability
cycles such as the El Nino Southern Oscillation. This topic should also include the linkage
between changes in El Nino Southern Oscillation and regional climate variability by
2050. Also important is to improve downscaling techniques and to ensure the availability of
additional adequate and reliable historical climate data, relevant to the localities of the users.
For instance, more GCM variables needed in driving crop growth models (e.g. solar

radiation) should be downscaled.
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Appendix A

A.1 Extraterrestrial radiation equation

_12(60)

A

= Gse G [ { an- ) SIN #5IN 5+ C0S #COS A(SIN{ 4y ) - SIN( 2o )]

e Gsc = solar constant (0.082 MJ m > min™)
e d, = inverse relative distance Earth-Sun (correction for eccentricity of Earth's orbit
around the sun)
e ;= Solar time angle 1/2 hour before w, that is, at the beginning of period (radians)
e ;= Solar time angle 1/2 hour after w, at end of period (radians)
e fe = Station latitude (radians)
e 0 = Declination of the sun above the celestial equator (radians)
Where
2x
d,=T+0035 cosf ——J ]
365
J = day of year (1-366)

cw a7 il LI
[XE IE’”TE’F L {2_.'?.'."?2..'?

Solar time angle ® at midpoint of the hourly period is given by:

— el 4 + -
M—EE{WF—GEJ—EEfLm-L) S )-121]

t = standard clock time (1-24)
L., = longitude of measurement location (weather station) in degrees

L, = longitude of the local time meridian (degrees West), 120° for Pacific time zone

5, =0 7845 sin{ 2b )- 01255 cos( b )- 0025 sin( b))

2 Pl . ?r
h==—21J-81 = F=0409sinf —=J-7.39
354{ ) ’ 4 180 ’ {355 ]
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A.2 The coefficient of determination equation R* is a measure of how well the least squares
equation .

y= bo + b1X
performs as a predictor of y (See http://www.public.iastate.edu/).

R? is computed as:

_SS,—SSE SS,, SSE SSE
~sS - SS SS SS

yy yy yy yy

R2

R’ measures the relative sizes of SSyy and SSE. The smaller SSE, the more reliable the predictions
obtained from the model.
e The higher the R*, the more useful the model.
e R2 takes on values between 0 and 1.
e Essentially, R* tells us how much better we can do in predicting y by
using the model and computing "y than by just using the mean y as a
predictor.
e Note that when we use the model and compute "y the prediction

depends on x because Y = b, + b, X . Thus, we act as if x contains

information about y.
e Ifwejustuse y to predicty, then we are saying that x does not
contribute information about y and thus our predictions of y do not

depend on x.

A.3 Root Mean Square Error (RMSE) was calculated as:

0.5

N
RMSE=| N> (R -0,)?
i=1

where N is the number of observations, P; are estimated values, and O, are observed values.
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A.4 The index of agreement was computed as:

SY L (Pi— 0
d=1 —— — —
3P = O ) H (0 — Oy )

- |_-\.-\.

0 << o <=

where N is the number of observations, P; are estimated values, and O; are observed values.
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Appendix B
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Figure B.1: Monthly spatial distribution of the PM, -ET (mm/month) calculated using CRU data.

Continued....
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Figure B.1: Monthly spatial distribution of the PM,, - ET (mm/month) calculated using CRU data.
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Figure B.2: Changes in 800 hPa Geopotential height anomaly fields. First column displays change
(1979-1999 and 2046-2065) in SON composites, Second column displays DJF composites and third

column shows the MAM period. Cross boxes show undefined specific humidity values.
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