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Abstract

The climate of the East Africa exhibits marked interannual fluctuations that provoke

droughts or flooding which lead to enormous impact on socio-economic activities over

the region. Therefore, understanding of the mechanisms that produce this variability

and developing both dynamical and statistical approaches for extended range forecast

and projected information on future climate is of great importance. In the first part

of this study observational datasets and a series of Sea Surface Temperature (SST)

forced Atmospheric General Circulation Model (AGCM) ensemble simulations for the

whole 20th century are analyzed to investigate the physical mechanism and potential

predictability of East African short rains variability.

It is found that there is substantial skill in reproducing the East African short

rains variability given the SSTs are known. Consistent with recent previous studies it

is found that the Indian Ocean (IO) and in particular the western pole of the Indian

Ocean dipole (IOD) play a dominant role for the prediction skill, whereas SST outside

the IO play a minor role. The physical mechanism for the western IO influence on

East African rainfall in the model is consistent with previous findings and consists of a

gill-type response to a warm (cold) anomaly that induces a westerly (easterly) low-level

flow anomaly over equatorial Africa and leads to moisture flux convergence (divergence)

over East Africa. On the other hand a positive El Niño-Southern Oscillation (ENSO)

anomaly leads to a spatially non coherent reducing effect over parts of East Africa,

but the relationship is not strong enough to provide any predictive skill in our model.

The East African short rains prediction skill is also analyzed within a model derived

potential predictability framework and it is shown that the actual prediction skill is

broadly consistent with the models potential prediction skill. Low frequency variations

of the prediction skill are mostly related to SSTs outside the IO region and likely due

to an increased interference of ENSO with the IO influence on East African short rains

after the mid-70s climate shift.

Based on results from a series of AGCM experiments, the performance of dynami-

cal seasonal forecast systems are evaluated for the prediction of SSTAs over tropical IO

and short rains anomalies over equatorial East Africa. The evaluation is based on ob-



servational datasets and the Asia-Pacific Climate Center (APCC) Ocean-Atmosphere-

Land coupled Multi-Model Ensemble (MME) retrospective forecasts (hindcasts) using

common years for all models from 1982 to 2005.

The coupled climate models ensemble reproduces seasonal characteristics of low

level wind, the spatial distribution of SON mean rainfall and seasonal climate variations

over equatorial East Africa with further improvement in MME mean. Ensemble mean

of individual coupled models and MME mean also show statistically significant skill in

forecasting sea surface temperatures anomalies (SSTAs) over the western and eastern

parts of the tropical IO, giving significant correlation at 99% confidence level for IOD.

Moreover, five out of ten coupled models and MME mean show statistically significant

skill in predicting equatorial East Africa short rains. The fidelity of hindcasts is further

measured by Anomaly Correlation Coefficient (ACC) and four models as well as MME

mean show significant skill over East Africa. It is shown that the reproduction of the

observed variability in the East African region is mainly due to a realistic relationship

of East African rainfall with the IOD. Overall, the skill of the dynamical models is

attributed to the fact that slowly evolving SSTs are the primary source of predictability,

and to the fact that coupled climate models produce skillful predictions of SON SST

anomalies over tropical IO.

This study therefore provides insight into interannual rainfall variability and pre-

dictability over East Africa, in view of tropical Indian Ocean-Atmosphere climate

patterns and underlying mechanisms. In addition, the information on coupled forecast

systems will open the possibility of using readily available seasonal forecasts as skillful

predictions of equatorial East Africa short rains. On the whole, the results found in

this study will feed into real-time monitoring and forecasting at seasonal to interannual

timescales to enhance early warning and disaster preparedness activities and minimize

the impacts of climate-related catastrophes that are prevalent in the region.
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Chapter 1

Introduction

East African countries are facing recurrent extreme climate events with extensive economic and

social consequences. In particular, persistent interannual fluctuation of short rains over equatorial

East Africa affect rain-fed agriculture, drinking water, health, generation of pasture and the very

livelihood of highly vulnerable society. The 2010-2011 droughts in East Africa (Famine Early

Warning System Network, East Africa), by some measures the worst drought in 60 years, is a

reminder that rainfall in this politically and socioeconomically vulnerable region can fluctuate

dramatically. These variations and extremes are related to a lack of or an excess of rainfall

which often lead to severe disasters such as flooding or drought. This makes understanding

of the mechanisms that produce this variability and developing both dynamical and statistical

approach for extended range forecast of short rains from a month to seasons be vital for agricultural

productivity, management of water resources, disaster prevention and mitigation, and better socio-

economic planning. In addition, the successful prediction of short rains and timely availability

of information prior to the rainy season is very important for the region (Jury, 2002), ranging
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1. Introduction

from reasonable advices for lending money from banks for seed to local management of epidemic

diseases (Morse et al., 2003) and flood/drought controls (CLIVAR, 1999).

The mean climate patterns over Equatorial East Africa are closely linked to regional factors

and the inter-tropical convergence zone (ITCZ). ITCZ sweeps across the region twice a year and

has significant influence on the climatological rainfall pattern. The influence of ITCZ is largely

responsible for the bimodal rainfall pattern experienced over many parts during March to May

(long rains) and September to November (short rains). The amount of rainfall is larger during the

season of long rains, as compared to that of the short rains (Hastenrath et al., 1993). Moreover,

the long rains bring several weeks of heavy rainfall associated with the relatively slow northward

movement of the ITCZ. In contrast, during the core of the short rains, the southward migration

of the ITCZ is more rapid (Black et al., 2003) and exhibits more intense variability (Hastenrath

et al., 2007). Although the averaged rainfall amount is larger during the long rains than during

the short rains, the latter shows more interannual variability (Hastenrath et al., 1993; Black et al.,

2003) and has a larger impact on the society through changes of the regional hydrological cycle

(Behera et al., 2005).

Rainfall variability over East Africa is dominated by changes on the large-scale with a clear

link to tropical Ocean-Atmosphere variability. The interannual variability of East Africa rainfall

and its relationship with SST has been examined extensively using a statistical approach (e.g.,

Ropelewski and Halpert, 1987; Hastenrath et al., 1993; Mutai et al., 1998; Ogallo, 1988; Diro et al.,

2008, 2011). These studies focus on the role of ENSO in controlling the East African rainfall.

However, Saji et al. (1999) reported the co-existence of IOD and some exceptional short

rains events over East Africa. In view of this new mode, the focus has been shifted to the IO for
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understanding variability of the short rains (Black et al., 2003; Yamagata et al., 2004; Behera et al.,

2005; Ummenhofer et al., 2009). These studies concluded that rainfall over East Africa (Indonesia)

is increased (decreased) during a positive IOD event and the reverse Ocean-Atmosphere condition

happens in negative IOD event.

On the other hand, it is clearly important to be able to assess where on the globe atmospheric

variations are sufficiently affected by oceanic forcing to enable practical seasonal prediction. This

requires measurements of atmospheric potential predictability (potential indicates that this also

depends on predictions of anomalous oceanic forcing), whose definition and mapping have been

topics of ongoing research in the climate community (Rowell, 1998). Predictability of East Africa

short rains has been analyzed in previous studies. Mutai and coworkers (Mutai et al., 1998;

Mutai and Ward, 2000) used global SST as input to empirical orthogonal function (EOF) analysis

aimed at the seasonal forecasting of the East African rainfall. The short rains of the East African

coast have a concurrent correlation of −0.85 with the equatorial surface westerlies (Hastenrath

et al., 1993). Consequently, empirical circulation diagnostics has been applied by Philippon et al.

(2002). Moreover, Hastenrath et al. (2004) explored the predictability of short rains using different

indices derived from observation and reanalysis data, and found that the sudden development of

the zonal circulation cell and the lack of long-lived precursors seriously hamper its usefulness

as predictors for East African short rains. On the other hand, a temporally limited potential

dynamical predictability of short rains has been indicated using a Coupled Ocean-Atmosphere

General Circulation Model (CGCM, Behera et al. (2005)). They showed that the July-August

signal of the IOD in the SST dipole mode index have high prediction skill for the variations of

short rains.
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The scientific basis for such skillful dynamical seasonal forecasting is slowly varying lower-

boundary forcing including SST, land-surface temperature and albedo, vegetation cover and type,

soil moisture and snow cover, which cause atmospheric perturbations, having longer memory than

the atmospheric perturbations themselves, and the response of the Atmosphere to these forcing

being detectable (Murphy et al., 2001). Among these slowly varying boundary forcing, SSTs are

believed to have the strongest relationship with East Africa rainfall because of their coupling

to the deep convection and hence to the large-scale dynamics of the Atmosphere (Diro et al.,

2008; Segele et al., 2009). Several observational and modeling studies (Charney and Shukla, 1981;

Palmer and Anderson, 1994) provide evidence that boundary forcing, particularly in the tropics,

contributes significantly to the interannual variability and predictability of the tropical climate

and the monsoon circulations.

Regardless of the numerous studies discussed above, there are many unsettled questions re-

garding to what extent IOD and ENSO influence equatorial East African short rains. Though

some studies have shown the importance of western part of the Tropical Indian Ocean (TIO)

for short rains anomalies over East Africa, the relative importance of easterly versus westerly

low-level wind anomalies induced by the warm anomaly over western IO has not been sufficiently

addressed. Moreover, there is lack of reports regarding assessment of potential predictability and

its decadal changes of SON rainfall based on AGCM ensemble experiments for the whole 20th

century. Furthermore, the study by Desole and Shukla (2012) on predictability of Indian mon-

soon also showed dynamical models extract more predictive information than statistical models

for seasonal prediction. Despite the relative advantage and availability of full coupled GCMs,

predictability and prediction of equatorial East Africa short rains has not been evaluated using
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MME forecast systems. There is also a growing evidence of the role of IOD for driving predictable

climate variability over regions surrounding IO.

Therefore, the main purposes of this dissertation are (1) to investigate further the relative

influence of IO compared to that of the Pacific Ocean as well as their combined effect on the

interannual variability of short rains over East Africa, (2) to evaluate potential predictability as

well as its decadal changes of short rains over equatorial East Africa using ensembles of long AGCM

simulations for the whole 20th century, (3) to confirm and refine previously identified physical

mechanisms by which IOD impacts East African short rains with a focus on the implication for

seasonal predictability and (4) in light of usefulness of IOD for seasonal prediction and research

gaps in the evaluation on the performance of coupled MME dynamical seasonal forecast systems,

we have also explored deterministic prediction of SSTAs in the IO and short rains anomalies over

equatorial East Africa.

The dissertation is organized such that in Chapter 2 a description of observational and re-

analysis datasets used, explanation of ICTPAGCM, its physical parametrization and experimental

set-up is given. In addition, a brief report on operational seasonal forecast systems and statisti-

cal methods used is also presented. Chapter 3 examines the the dynamics of East Africa mean

climate, climate controlling systems and large scale atmospheric circulation climatology.

A literature review follows in Chapter 4 on the current state of knowledge of East Africa

rainfall variability, predictability and the influences of tropical Ocean-Atmosphere climate pat-

terns and underlying mechanisms. Results on analysis of climatological features of observation

and ICTPAGCM simulations over IO basin and East Africa during SON season are given in Chap-

ter 5. In this Chapter the responses of the Atmosphere for individual ICTPAGCM experiments
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and anomalies associated with extremes in the East Africa short rains and the physical mecha-

nism for the change in circulation pattern are also explored. Moreover, assessment of potential

predictability of short rains with ICTPAGCM ensemble experiments is given.

In Chapter 6, a validation of individual coupled models and MME mean in simulating SON

seasonal mean climate over Africa as well as in the IO basin and the seasonal cycle over East Africa

is shown. An assessment on the skill of coupled models and MME mean in forecasting SON SST

anomalies over tropical IO is also discussed. The effort on evaluation of real time prediction of

equatorial East Africa short rains with coupled model ensembles and MME mean is also presented.

Finally, the conclusions and summary are given in Chapter 7.
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Chapter 2

Datasets, Models and Methodology

Various observation and reanalysis dataset have been used to understand East African climate,

to evaluate the performance of both the AGCM and coupled dynamical forecast systems, to

identify the key systematic bias and to provide a description of East African rainfall variability,

predictability and its teleconnections with ENSO and IOD. The monthly data from the period

1920-2009 AGCM results and seasonal forecast systems with common period 1982 to 2005 are

also used in this study. Some of observed dataset used includes, Climatic Research Unit (CRU;

Mitchell and Jones, 2005) precipitation and Merged Analysis of Precipitation (CMAP) (Xie and

Arkin, 1996). In addition, NCAR reanalysis wind, sea level pressure from HadSLP2, two observed

SSTs are also incorporated. The details and technical information about the dataset used, models

and methods are summarized in the following section.
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2.1 Observed datasets

2.1.1 Rainfall

2.1.1.1 Tropical Rainfall Measuring Mission (TRMM)

In Chapter 2 we have used TRMM observed dataset to describe the spatial patterns of seasonal

rainfall and annual characteristics over East Africa. TRMM is a joint U.S.-Japan satellite mission

which is launched on 27 November 1997, to provide the first detailed and comprehensive dataset

of the four-dimensional distribution of rainfall and latent heating over vastly under sampled trop-

ical and subtropical oceans and continents (40oS-40oN). Over the past 14 years, TRMM has been

a major data source for meteorological, hydrological, and other research and application activi-

ties around the world (Liu et al., 2012). Monthly time series for 1989-2012 is downloaded from

http://disc.sci.gsfc.nasa.gov/services/opendap/TRMM/trmm.shtml.

2.1.1.2 University of East Anglia (CRU)

In Chapter 5 of this thesis an analysis is made on a long year Atmospheric General Circulation

Model (AGCM) ensemble simulations. These AGCM experiments are performed to understand

the physical mechanism of large scale influences on East Africa rainfall variability. To evaluate

the performance of the model in simulating climatological feature of rainfall, characteristics of

low level flow and interannul rainfall variability over East Africa we have used Climatic Research

Unit (CRU; Mitchell and Jones, 2005) precipitation based on gauge observations. CRU is a global

dataset of monthly time series of precipitation. These are calculated on high-resolution 0.5o x
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0.5o latitude/longitude grids, which are based on analysis of over 4000 individual weather station

records distributed around the world. Many of the input records have been homogenized and span

the period 1901-2009.

2.1.1.3 Climate Prediction Center (CPC) Merged Analysis of Pre-

cipitation (CMAP)

In Chapter 6 an assessment is made on the seasonal rainfall hindcast skill available from the

Asia-Pacific Economic Cooperation (APEC) Climate Center (APCC) system. These hindcasts

are available on a 2.5o x 2.5o latitude/longitude grid. Moreover, the forecast systems have differ-

ent hindcast periods; here we have selected common years from 1982 to 2005. Climate Prediction

Center (CPC) Merged Analysis of Precipitation (CMAP) (Xie and Arkin, 1996) is used as ver-

ification based on its availability over land and Ocean points, its data record match with the

study period and its agreement with other gridded products. CMAP dataset contains monthly

analyses of global precipitation in which observations from rain gauges are merged with precip-

itation estimates from several satellite based algorithms. CMAP analyses are on a 2.5o x 2.5o

latitude-longitude grid and extend back to 1979. Otieno and Anyah (2013) made a brief analy-

sis on the performance of CMAP dataset in representation of rainfall distribution and intensity

over East Africa compared against different satellite-gauge rainfall products and they have found

agreement between observations over the East Africa. CMAP data are provided by the Physical

Sciences Division (PSD) of the Earth System Research Laboratory (ESRL), which is based at the

National Oceanic and Atmospheric Administration (NOAA), Boulder, Colorado, USA. The data

are available from http://www.cdc.noaa.gov/data/gridded/data.cmap.html.
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2.1.2 Reanalysis wind

The National Centers for Environmental Prediction/National Center for Atmospheric Research

(NCEP/NCAR) reanalysis wind are used to review the modeled wind climatologies at 200, 850,

and 950hPa level and circulation anomalies around Indian Ocean basin associated with East

Africa rainfall variability. The reanalysis dataset is generated using a state-of-the-science data

assimilation scheme and numerical model (Kalnay et al., 1996). This Climate Data Assimilation

System employs T62 horizontal resolution (about 210 km, interpolated to a 2.5o x 2.5o latitude-

longitude). The wind fields were assessed to have a high confidence rank by the authors of the

reanalysis dataset (Kalnay et al., 1996). The reanalysis dataset are available for 1948-2012.

2.1.3 Sea level pressure (SLP)

We also utilized Hadley Center Sea Level Pressure dataset (HadSLP2; Allan and Ansell, 2006) to

examine the robustness of model simulation.

2.1.4 Sea surface semperature (SST)

2.1.4.1 NOAA ERSST

The SST dataset used in this study includes the Extended Reconstructed Sea Surface Temper-

ature (ERSST.v3) dataset which is a global monthly sea surface temperature analysis derived

from the International Comprehensive Ocean-Atmosphere Dataset with missing data filled in

by statistical methods (thses dataset also includes satellite data) of (Smith et al., 2008), with
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a spatial resolution of 2o latitude-longitude squares. This monthly analysis includes anomalies

computed with respect to a 1971-2000 monthly climatology. This data was downloaded from

http://www.ncdc.noaa.gov/ersst/ and is available from 1871 to present.

2.1.4.2 UK Met office HadISST

The Hadley Centre Sea Ice and Sea Surface Temperature data set (HadISST), contains in situ sea

surface observations and satellite derived estimates at the sea surface (Rayner et al., 2003) are

included in the analysis to form a global SST observation dataset. HadISST (Version 1.1 ) is a

combination of monthly globaly complete fields of SST and sea ice concentration. This data set

gives global, reanalysis 1o longitude × 1o latitude gridded, sea-surface temperature (SST) data

from 1870 to present.

2.2 Climate models

2.2.1 Atmospheric General Circulation Model (AGCM)

In this study the International Center for Theoretical Physics Atmospheric General circulation

Model (ICTPAGCM) used to understand large scale influences and the underpinning physical

mechanism of climate variability and predictability over East Africa. The ICTPAGCM version

41 (Kucharski et al., 2013) (formerly known as “SPEEDY”, for “Simplified Parameterizations,

privitivE-Equation DYnamics”) has been described in detail in Molteni (2005) in its 5-level version

and in Kucharski et al. (2006) in its current 8-level version. The ICTPAGCM is based on a spectral
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dynamical core developed at the Geophysical Fluid Dynamics Laboratory (see Held and Suarez

(1994)). It is a hydrostatic, sigma (σ)-coordinate, spectral-transform model in the vorticity-

divergence form described by Bourke (1974).

2.2.1.1 Overview of physical parameterizations.

The parametrized processes include short- and long-wave radiation, large-scale condensation,

convection, surface fluxes of momentum, heat and moisture and vertical diffusion. Convection

is represented by a mass-flux scheme that is activated where conditional instability is present

and boundary-layer fluxes are obtained by stability-dependent bulk formulae. A set of physical

parametrization schemes has been developed starting from basic principles used in more complex

GCMs, with a number of simplifying assumptions which are suited to a model with a coarse vertical

resolution. A more detailed and quantitative description can be found in (users.ictp.it/∼kucharsk).

2.2.1.2 Boundary conditions

As any atmospheric model, ICTPAGCM requires appropriate boundary conditions to determine

the fluxes of momentum, heat and moisture at the surface, and the flux of incoming solar radiation

at the top of the atmosphere. At the surface, in addition to topographic height and (fractional)

land-sea mask, the model requires climatological fields of the following variables:

• sea surface temperature (SST);

• sea ice fraction;

• soil temperature in the deep soil layer (about 1 m);
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• moisture in the top soil layer and the root-zone layer;

• snow depth;

• bare-surface albedo (in the absence of snow or sea ice);

• fraction of land-surface covered by vegetation.

For the last two fields, annual-mean values are used, while all other fields are specified as

monthly means and are linearly interpolated to get daily-updated values. The bare-surface albedo

is linearly combined with assigned values of sea-ice and snow albedo to get a net surface albedo,

using weights which are linearly dependent on sea-ice fraction and snow cover respectively. Sim-

ilarly, the soil moisture in the top soil layer and in the root zone are linearly combined (using

the vegetation fraction) to define a soil moisture availability index, which is used to compute

evaporation over land.

All climatological fields have been computed by averaging the corresponding data from the

European Center for Medium-Range Weather Forecasts re-analysis (ERA15; see Gibson et al.

(1997)) in the period 1981-90. This period has been chosen (instead of the full 1979-93 period

cover by ERA15) to have a better balance between warm and cold ENSO events in the SST field.

For soil and sea ice, the temperature the upper layer (1m for soil and 1.8 m for sea ice) are

estimated using an extended force-restore type approach.

The model allows a time-varying SST anomaly to be superimposed to the climatological SST;

the anomaly can be either specified from an input file or computed by a coupled ocean model.

As an option, speedy employs a slab Ocean model, with a depth of 50 m. Ocean temperature
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anomalies are calculated due to net heatflux anomalies at the ocean surface. In order to determine

the heatflux anomalies, SPEEDY has to be run previously using prescribed SSTs.

At the top of the atmosphere, the incoming flux of solar radiation is computed daily from

astronomical formulae (the model has no daily cycle). Empirical, seasonally varying functions are

used to define the absorption of solar radiation by ozone in the stratosphere, and the latitudinal

variations of the optical depth for solar radiation depending on the daily-averaged zenith angle.

The use of a proper ozone climatology is planned for future model versions.

2.2.2 Coupled dynamical seasonal forecast systems

The coupled dynamical models that are examined in this thesis are ten state-of-the-arts fully

coupled Atmosphere-Ocean-Land seasonal prediction systems and are obtained from operational

seasonal prediction models participating in the APCC MME seasonal forecast (Kang et al., 2009;

Lee et al., 2010; Min et al., 2011; Sohn et al., 2011). These are among models participated

in climate Prediction and its Application to Society (CliPAS) project, which was a multi-model

inter-comparison and synthesis project sponsored by Asian-Pacific Economic Cooperation (APEC)

Climate Center (APCC). The APCC/CliPAS project was formally established in April 2005 as a

research and development component of APCC. One of the objectives of CliPAS was to develop

a well-validated MME prediction system and to study the predictability of the seasonal and sub-

seasonal climate variations (Wang et al., 2009). Moreover, these models also have been used in the

semi operational real-time long-lead coupled prediction at APCC (Sohn et al., 2012). Table 2.1

presents a brief summary of each model. For more details of the models, the readers are referred to

the relevant literatures cited in the Table 2.1. The models resolutions are different but interpolated
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onto a common 2.5x2.5 grid prior to analysis. Each model have ensemble of different integrations

and each ensemble member has been created using different atmospheric initial conditions, the

size of individual model ensemble is given in column 7 of Table 2.1. We are interested in the skill

of individual model ensembles and their Multi-Model ensemble mean during the common hindast

period which covers the 24-year period from 1982 to 2005. These models have retrospective

forecasts (hindcasts) with 6 month lead integration and are initialized in different month, but

here we are interested to evaluate seasonal forecast initialized on first of August, averaged over

predicted SON means, as these are most relevant to equatorial East African short rains prediction.

The models Equatorial East Africa rainfall index (EEARI) is estimated by averaging individual

models and the Multi-Model ensemble mean precipitation over the same domain.

2.3 Methodology

This study has employed different statistical methods to investigate large scale influences on

interannul variability, to understand underlying physical mechanisms and to evaluate potential

predictability and prediction of short rains over East Africa. Spectral analysis methods is used to

demonstrate none randomnous of interannul fluctuations of short rains over East Africa. It also

uses Empirical Orthogonal Function (EOF) analysis, also known as principal component analysis

to investigate the dominant mode of variability on seasonal mean SSTAs over tropical Indian

Ocean. Besides ICTPAGCM ensemble experiments we have employed other simple statistical

methods and techniques including: correlation, regression and composite analysis to understand

the drivers of interannul variability and to determine the potential predictability of short rains

over East Africa. In addition, we have identified and applied standard forecast verification tools
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2. Datasets, Models and Methodology

to measure and quantify the the skill of coupled dynamical forecast systems over the region.

In this section we give a brief description for some of these data analysis methods whereas

the detailed discussion on the remaining of statistical methods and tools used in this study are

given in the respective Chapters where they are used.

2.3.1 EOF method

We have used EOF method (Dommenget and Latif, 2002) to isolate the dominant modes

of the interannual variability in the observed SSTAs over Indian Ocean basin. EOF analyses is

widely used in climate research. In recent years there have been several studies in which EOF

analyses were used to highlight potential physical mechanisms associated with climate variability.

In EOF analysis it is assumed that the modes are orthogonal in space and time, and that the first

mode is the mode that maximizes the explained variance over the total dataset.

The interannual variability of SSTAs derived from HadISST monthly dataset is analyzed

based on seasonal mean data for the SON season. We have performed EOF analysis on a 62-years

monthly SST (1950 -2012) over Indian Ocean basin to refine previous interpretation on physical

mechanism associated with the spatial and temporal patterns of the first two EOF modes. The

detailed discussion following the results of this analysis are given in section 4.2.

2.3.2 Spectral analysis

Spectral analysis is concerned with estimating the unknown spectrum of the process from the

data and with quantifying the relative importance of different frequency bands to the variance

of the process. The spectrum of a time series is the distribution of variance of the series as a
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2. ICTPAGCM Ensemble Experiment

function of frequency. Apart from providing the spectral composition of a signal, spectral analysis

also makes it possible to filter the signal in a selected band (or bands) and analyse the filtered

signal, as well as to estimate qualitatively the relative contribution of the variance of the signal in

a particular band into the total variance of the signal. Applications of spectral analysis in practice

are commonly done or based on the Fourier Transform.

Applications of the spectral analysis methods in this study is limited to seasonal mean rainfall

time series over East Africa. East Africa seasonal rainfall variability that is frequency-dependent,

and understanding the frequency dependence may yield information about the underlying physical

mechanisms. The discussion on spectral analysis is given in section 4.3.1.
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Chapter 3

The Dynamics of East African Climate

The dynamics of climate at any location is determined by the space-time characteristics of the

general circulation; which controlled by complex interaction between ecosystem, land, oceanic

and atmospheric process. East Africa sub-regions covering Ethiopia highlands, Horn of Africa,

Equatorial East Africa and southern East Africa has complex topography (Figure 3.1) compared

to the rest of the continent. The sub-region roughly covers an area bounded between 12o S to

12o N latitudes and 29o to 51o E longitudes. The sub-region comprises of ten countries; Kenya,

Uganda, Tanzania, Ethiopia, Eritrea, Djibouti, Rwanda, Sudan, Somalia and Burundi. The large-

scale tropical controls, which includes several major convergence zones, are superimposed upon

regional factors associated with lakes, topography and maritime influence. As a result, the climatic

pattern are markedly complex and change rapidly over short distances.
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3. The Dynamics of East African Climate

Figure 3.1: Map of East Africa showing the homogeneous rainfall regions. Region A (Horn
of Africa); region B (Northern East Africa); region C (Equatorial East Africa); and region D
(Southern East Africa). Rainfall was delineated into regions by using topography.

3.1 Regional climate systems

The climate of East Africa is dominated by planetary scale features such as the meridional over-

turning of the Hadley Circulation, Walker Circulation, the influences of the Atlantic and Indian

Ocean monsoons, the Inter-Tropical Convergence Zone (ITCZ), teleconnections with sea-surface

temperature (SST), subtropical anticyclons, tropical cyclones, jet streams and Easterly/westerly

wave perturbations (Glantz, 1988; Nicholson et al., 1988; Hastenrath, 1991). The characteristics

of the general circulation are generally determined by individual locations by regional and local

factors like topography and large water bodies, while the larger scale climate variability is sensitive

to the large scale modes of variability. In addition, the latitude of each country is a major factor
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3. The Dynamics of East African Climate

in the distribution of the rainy seasons across the year, which is linked to the passage of the sun

in the tropics.

In Ethiopia highland rainfall climatology is determined mainly by seasonal changes in large-

scale circulation, part of which involves the seasonal north-south movement of the ITCZ. Main

rainy season June-September (JJAS) (Figure 3.2c), which is associated with Indian summer (south-

west) monsoon and locally known as Kiremt, this seasonal monsoon in Ethiopia is controlled by

several climatological features in the lower and upper troposphere (e.g., Hastenrath, 1991; Segele

et al., 2009). These include the following: 1) seasonal northward advance of the ITCZ, persisting

over Ethiopia; 2) formation of heat lows over the Sahara and Arabian landmasses; 3) establishment

and intensification of subtropical high pressure over the Azores, St. Helena, and Mascarene; 4)

well-developed southerly/southwesterly cross-equatorial moisture flow from the southern Indian

Ocean, central tropical Africa, and the equatorial Atlantic; 5) upper-level Tropical Easterly Jet

(TEJ) flowing over Ethiopia; 6) low-level jet (Somali jet). These synoptic systems arising from

these seasonal circulations have been discussed (National Meteorological Agency NMA, 1996;

Gissila et al., 2004; Segele and Lamb, 2005; Segele et al., 2009). Moreover, the spatial distribution

of rainfall in Ethiopia is significantly influenced by topography which also has many unexpected

changes in the Rift Valley (Kassie et al., 2013).

3.1.1 Rainfall climatology

Seasonal mean rainfall derived from Tropical Rainfall Measuring Mission (TRMM) climatol-

ogy over large part of East Africa is shown in Figure 3.2, brief description of this rainfall dataset

is given in Chapter 2. It is readily seen that the dominant pattern is a seasonal south-north
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3. The Dynamics of East African Climate

movement of rainbelt, a consequence of the dominant influence of ITCZ.

Figure 3.2: Seasonal mean TRMM rainfall distribution over East Africa for 1998 - 2012. (a)
December - January - February (DJF), (b) March - April - May (MAM), (c) June - July - August
(JJA) and (d) September - October - November (SON). Unit are given in mm(day)−1.

Throughout December - January - February (DJF) most part East Africa are dry and the

northeast monsoon brings dry continental air into East Africa, and consequently, the rainfall during

these months is low (Figure 3.2a), except occurrence of heavy rainfall in southeastern hemisphere

sector (Figure 3.2a). Equatorial East Africa region has bimodal rainfall distribution the “long
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3. The Dynamics of East African Climate

rains” in March-May (MAM) and the “short rains” in September-November (SON) (Figure 3.2b

and d). This seasonal rainfall distribution influenced by the movement of the ITCZ, which migrates

between 15oS and 15oN between January and July respectively, and by the monsoon circulation.

These rainy seasons occur during the transitions between the winter and summer monsoons,

when air in both hemispheres confluence near the equator (Hastenrath et al., 2004). The timing

of maximum rainfall lags the migration of the sun by approximately one month (Black et al.,

2003). During the so-called long rains, the ITCZ moves slowly north- wards, bringing several

weeks of heavy rainfall. In contrast, during the short rains the ITCZ migration is relatively faster

(Black et al., 2003). On the other hand, the southwest monsoon starts in June and persists

until September, during June - July - August (JJA) the moisture influx from the Atlantic and

Indian Ocean results in high rainfall over Ethiopian highlands (Figure 3.2c; Segele et al., 2009;

Mengistu Tsidu, 2012). However, southern, southeastern and horn part of the East Africa are dry

during southwest monsoon season because the monsoon flow is diverted by the high topography

of Madagascar and the East African coast (Figure 3.2c).

3.1.2 Annual cycle of rainfal climatology

Figure 3.3 shows the average seasonal cycle in precipitation rate from TRMM for 1998-2012

averaged over four regions, (a) Ethiopian Highland (6-12oN, 35-40oE), (b) Horn of Africa (2-12oN,

40-50oE), (c) Equatorial East Africa (5oS-5oN, 35-46oE) and (d) Southern East Africa (5o-12oS,

32-42oE). Since East Africa lies in the tropics, each region has distinct annual rainfall cycle driven

by the motion of the sun and associated changes in Oceanic and Atmospheric circulation caused by

a degree of solar isolation (Figure 3.3; Black et al., 2003). Moreover, the seasonal cycle of rainfall
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3. The Dynamics of East African Climate

in East Africa is controlled by large-scale monsoon circulations, the migration of the ITCZ, and

by regional orography (Figure 3.1; Nicholson et al., 1988; Black et al., 2003).

Figure 3.3: Annual cycle in East African rainfall for (a) Ethiopian Highland, (b) Horn of Africa,
(c) Equatorial East Africa, and (d) Southern East Africa. The thick line denotes the climatological
mean, and the thin lines show ± one standard deviation of the interannual variability. Rainfall is
derived from TRMM and the unit is given in mm(day)−1.

It is clearly seen that there is a marked contrast in the seasonal cycle between the north-

ernmost region and the other three, reflecting the strong influence of the southwest monsoon

circulation on rainfall in Ethiopian highland during JJA (Figure 3.3a). The other regions are

dry during the southwest monsoon and instead show a semiannual distribution to the rainfall,
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3. The Dynamics of East African Climate

which is particularly marked for the equatorial East Africa and Horn of Africa (Figure 3.3c and

d). On the other hand, Southern East Africa is dry throughout both southwest monsoon and

equatorial transition period, this region receives significant amount of rain during boreal winter

(Figure 3.3d).

Figure 3.3 also shows the interannual standard deviation. It is clear that the short rains

are highly variable interannually. Indeed, in percentage terms, they are more variable than the

long rains. The possible reasons for this are discussed later in the context of the interannually

variability and predictability in Chapter 4.

3.2 Large-scale atmospheric circulations climatol-

ogy

Figure 3.4 shows the seasonal mean reanalysis winds derived from National Centers for Envi-

ronmental Prediction (NCEP) at the surface (925 hPa) and sea level pressure derived from Hadley

Center Sea Level Pressure (HadSLP2) over the Indian Ocean region and Africa. The unique geog-

raphy of the Indian Ocean region and Africa, being bounded to the north by the Asian continent,

leads to a complex annual cycle associated with substantial seasonal reversals of the annual mon-

soon winds. The seasonal cycle is dominated by the Asian monsoon with its dramatic reversals of

the wind from northeasterly in DJF (Figure 3.4a) to southwesterly in JJA (Figure 3.4c).

The wind and pressure patterns governing Equatorial East Africa climate include three major

air streams and three convergence zones (Figure 3.4b and d). The air streams are Congo air
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Figure 3.4: Seasonal mean low level wind and sea level pressure climatology for 1948 - 2012. (a)
December - January - February (DJF), (b) March - April - May (MAM), (c) June - July - August
(JJA) and (d) September - October - November (SON). Sea level pressure fields derived from
HadSLP2 and wind fields are derived from NCEP/NCAR reanalysis data, a brief description of
these dataset is given in Chapter 2. Unit are hPa for pressure and ms−1 for wind.

with westerly and southwesterly flow, the northeast monsoon and the southeast monsoon. Both

monsoons, unlike the southwest monsoon of Asian, are thermally stable and associated with

subsiding air; they are therefore relatively dry. In contrast, the flow from the Congo is humid,

convergent, thermally unstable and therefore associated with rainfall. These air streams are

separated by two surface convergent zones, the ITCZ and Congo air boundary; the former separate

the two monsoons, the later, easterlies and westerlies (Figure 3.4b and d; Nicholson et al., 1988).
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3. The Dynamics of East African Climate

A third convergence zone separates the dry, stable northerly flow of Saharan origin and the moister

southerly origin (Figure 3.4b and d; Nicholson et al., 1988)

3.2.1 Low level flow

In boreal winter the northeast dry monsoon winds sweep the northern Indian Ocean, cross

the equator, and recurve to meet the southeast trade winds in a confluence zone around 10oS

overlying a band of warmest surface (Figure 3.4a). Moreover, the northeast monsoon brings

dry continental air into East Africa, and consequently, the rainfall during these months is low

(Figure 3.2a; Figure 3.4a; Hastenrath et al., 1993). In boreal summer the southeast trade winds

cross the equator and curve back to become the southwest monsoon penetrating into the southern

part of the Asian continent (Figure 3.4c). The surface winds are easterlies south of the equator

in the eastern and central Indian Ocean but veer northwestward toward East Africa during both

transition seasons of MAM (Figure 3.4b) and SON (Figure 3.4d). The regional veer coincides

with development and retreat of the boreal summer monsoon and leads to moisture convergence

over Equatorial East Africa, enhancing the atmospheric convection and rainfall there (Hastenrath

et al., 1993; Behera et al., 2005).

3.2.2 Sea level pressure

The main driver of the marked seasonality in winds and rainfall seen in Figure 3.2 and

Figure 3.4, is the change in the distribution of surface pressure between winter and summer

(Figure 3.4a and c), primarily associated with seasonal variations in the position of the Sun. The

southeasterly trades that blow across the Southern Indian Ocean and represent the northern side

of the Mascarene High migrate equator wards and strengthen as the Asian summer monsoon
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3. The Dynamics of East African Climate

develops in JJA (Figure 3.4c). The Mascarene High moves from its position over the southeastern

Indian Ocean centered near 85oE, 30oS in DJF (Figure 3.4a), to lie over the southwestern Indian

Ocean centered near 55oE, 30oS in JJA (Figure 3.4c; Segele et al., 2009). Another key factor in

the intensity of the Asian monsoon winds is the Tibetan Plateau, which acts as an elevated heat

source and hence low sea level pressure during northern summer, and has a profound influence on

the establishment and maintenance of the Asian summer monsoon circulation (Figure 3.4c).
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Chapter 4

Interannual Variability and

Predictability of Short Rains

This Chapter will cover a literature review to understand what causes ineranual variability rain-

fall over East Africa including Ocean-Atmosphere climate patterns, potential predictability, and

underlying Physical mechanisms. This revision greatly pave our way of the experiments and dif-

ferent analysis performed to investigate further the relative influence of Indian Ocean compared

to that of the Pacific Ocean as well as their combined effect on the variability of short rains over

East Africa and to confirm and refine previously identified physical mechanisms by which IOD

impacts East African short rains with a focus on the implication for seasonal predictability. The

brief description of tropical Ocean-Atmosphere interaction is given in section 4.1. Section 4.2 then

progresses to state SST forced interannual variability of East Africa rainfall, whilst the potential

predictability of East Africa rainfall will be briefly described in section 4.3.
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4.1 Tropical Ocean-Atmosphere variability

Tropical Oceans play major roles in the natural variability of the world climate. It is a well-

established fact that anomalous coupled Ocean-Atmosphere phenomena generated in the tropical

Oceans produce global Atmospheric and Oceanic circulation changes that influence regional cli-

mate conditions even in remote regions. On the interannual time scale, the El Niño-Southern

Oscillation (ENSO) of the tropical Pacific Ocean is known as one typical example of such phe-

nomena and has so far received worldwide attention because of the enormous societal impact.

4.1.1 Climatology in pacific basin

Figure 4.1 shows the tropical Pacific climatology for 30-years average SST and low level wind

observed during October-December (Figure 4.1 upper panel), the average SST and low level wind

observed during the five warmest October-December seasons (Figure 4.1 middle panel), and (Fig-

ure 4.1 lower panel) the difference between the patterns (Figure 4.1 middle panel) and (Figure 4.1

upper panel), that is, the mean SST anomaly observed during the five warmest October-December

seasons as measured in the Nino3 region. It is clear (see Figure 4.1 upper panel), there is an obvi-

ous asymmetry in the SST and wind distribution, with the ITCZ and warmest SSTs being located

in the western part of the basin. The easterlies drive Ekman divergence along the equator and

coastal upwelling along the coasts of South America, resulting in the formation of the east Pacific

cold tongue and Peruvian coastal upwelling.
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4. Variability and Predictability

Figure 4.1: Maps October-December seasonal mean and anomalies of observed SST and low level
wind over Pacific Ocean basin for 30-year average during 1971-2000. This figure is taken from
http : //ccnmtl.columbia.edu/projects/climate/course html/module 22 lesson361.html.

4.1.2 El Niño-Southern Oscillation (ENSO)

Before considering the impact of ENSO on the East African rainfall, a more detailed description

of the oscillation will be given here. ENSO is the largest coupled Ocean-Atmosphere phenomenon

and described as the primary global mode of natural climate variability on a time scale ranging

between 2-7 years; and is defined by sea surface temperature anomalies in the eastern tropical

Pacific (Ropelewski and Halpert, 1987; Glantz, 2001). This phenomenon contributes significantly

to seasonal to interannual climate fluctuations in many regions of the globe. This wide ranging

influence of ENSO has attracted the attention of the global climate community, particularly due to

the well-documented economic and societal impacts, both today and throughout historical times,
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4. Variability and Predictability

recorded locally and globally, within a wide latitudinal band about the equator.

(a) Normal ENSO

(b) El Niño (c) La Niña

Figure 4.2: Schematic diagrams of (a) Normal, (b) El Niño and (c) La Niña in the equa-
torial Pacific and sub-surface waters during boreal winter. This figure is taken from http :
//www.pmel.noaa.gov/tao/elnino/el − nino− story.html.

El Niño and La Niña event are opposite phases of the ENSO cycle, with El Niño sometimes

referred to as the warm phase of ENSO (warm sea surfce temperature anomalies in the central and

east Pacific) while the converse explains the La Niña event. The interaction of the Atmosphere

and Ocean is an essential part of El Niño and La Niña events (the term coupled system is often

used to describe the mutual interaction between the Ocean and Atmosphere). During an El Niño,

sea level pressure tends to be lower in the eastern Pacific and higher in the western Pacific while

the opposite tends to occur during a La Niña. This see-saw in atmospheric pressure between the

eastern and western tropical Pacific is called the Southern Oscillation (SO) (Walker, 1924). In

common with earlier work, Sallinger (2005) describes the Southern Oscillation Index (SOI) as the
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4. Variability and Predictability

normalized pressure difference between Tahiti and Darwin (which measures whether the climate

system is in El Niño or La Niña state).

Schematic diagrams of ENSO phases are shown in Figure 4.2. Equatorial oceans are strongly

heated near the surface and stirred by trade winds. Under normal climatic state in and over the

Pacific ocean (shown for boreal winter in Figure 4.2a), a tropical Pacific-wide circuit of air proceeds

westward at the surface and rises over the west Pacific warm pool, where there is persistent

convective rainfall. This rising air is characterized by a surface low pressure. As it rises, it

reaches the tropopause and returns eastward aloft, completing the circuit by descending over

the cool eastern Pacific, leading to high pressure at the surface. This phenomena is called the

Walker circulation (Gill, 1982). The winds across the Pacific blowing westward into the region

of low pressure cause equatorial upwelling, replenishing the cool waters in the central region

(Figure 4.2a). Also, the easterly winds cause an increased sea-surface height in the west, as warm

waters pile there. Thermocline features a mean west-east tilt as shown in Figure 4.2a.

A typical El Niño event is shown in Figure 4.2b. As mentioned before, El Niño is a warm

phase of ENSO. It is due to a failure of the eastern Pacific to stay cold, such that temperatures

across the entire tropical Pacific become almost uniform to temperatures of the western Pacific.

A coupled response to east warming Pacific involves a shift in the tropical Walker circulation.

This shift causes low level convergence over the equatorial Indian ocean, resulting in a stronger

Hadley circulation. During an El Niño, the rising arm of the Walker cell shifts towards the warmer

eastern and central waters of the Pacific, taking with it tropical convection. The normally high

sea-level pressure (SLP) of the eastern Pacific becomes lower and the SLP difference between the

west and the eastern Pacific decreases (SOI < 0). Consistent with this decrease, is the weakening
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of the Walker circulation and the relaxation of the easterly trade winds (Figure 4.1 lower panel).

As the edge of the warm pool moves further east and less equatorial upwelling is produced by

the Kelvin wave, there is therefore, less cooling. An idea that El Niño is remotely forced by a

relaxation in equatorial wind strength was first proposed by Wyrtki (1973). Associated with these

changes at sea-level are changes to the sub-surface. The thermocline responds to the advancing

westerly warm water by a drop in gradient; a depression in the eastern Pacific and a shoaling in

the west evident in Figure 4.2b. This evolution of the thermocline during warm episodes was first

described by Bjerknes (1966). This eastward displacement of the Atmospheric source overlying

the warm waters influence the global Atmospheric circulation (teleconnections) by altering the

weather patterns far from the tropical Pacific ocean (Ropelewski and Halpert, 1987).

Theories behind the dynamics of the teleconnection of ENSO to the Indian Ocean and East

African rainfall have been developed in several paper. Black et al. (2003) suggests that El Niño

events are associated with a general warming of the Indian Ocean and that anomalous cold SSTs

are introduced to the south Indian Ocean around the Maritime Continent via the Indonesian

through flow. These cold SST anomalies could be a response to anomalous along-shore southerly

winds (Black et al., 2003) causing upwelling of colder waters (Xie and Annamalai, 2002). This

generates an east-west sea-level pressure gradient that drives moist easterly wind across the Indian

Ocean towards East Africa. Black et al. (2003) expands on this idea by suggesting that the

observed link between ENSO and East African rainfall is actually a manifestation of the link

between ENSO and the Indian Ocean Dipole (IOD). This theory has gathered support in the

literature since the discovery of the IOD in 1999 (Saji et al., 1999; Webster et al., 1999). The

following sub-section presents the IOD as a potential driver and predictor for East African short
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rains.

4.2 Variability over Tropical Indian Ocean

The climate of the tropical Indo-Pacific region exhibits a marked interannual variability, which

has an enormous impact on food production and water resources in most of the tropical and

subtropical countries. Therefore, understanding of the mechanisms that produce this variability

is of great importance, as well as the ability to simulate and, possibly, to forecast it with coupled

climate models. Reverdin et al. (1986) showed that interannual fluctuations of the zonal SST

distribution were occurring in the equatorial Indian Ocean accompanied by strong surface wind

and convective anomalies. Similar anomalous conditions of the tropical Indian Ocean have also

been observed during 1994 and 1997 (Saji et al., 1999; Webster et al., 1999). In particular, Saji

et al. (1999) have identified a mode of variability of the SST characterized by a zonal bipolar

structure, that they called Indian Ocean dipole mode (IODM), and which explains a substantial

part of the total SST variance in the tropical Indian Ocean. The extremes of this dipole are

located over the eastern and western tropical Indian Ocean. In its positive phase, the dipole is

characterized by warm SST anomalies in the western Indian Ocean and cold anomalies in the

eastern Indian Ocean.

Although the main purpose of this study is not the detailed discussion of variability over

Indian Ocean, we have applied empirical orthogonal function (EOF) analysis of SSTs over Indian

Ocean basin to give a brief discussion on spatial and temporal variability. Figure 4.3 demonstrates

the result for the two leading mode of variations of EOF computed for the period of 1950-2012.
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Figure 4.3: The two leading mode of Empirical Orthogonal Function (EOF) analysis derived from
monthly HadISST anomalies over Indian Ocean Basin. (a) Top panel is the spatial pattern for
EOF-1, and (b) bottom panel is spatial pattern for EOF-2.

EOF-1 explains about 59% of variation and represent the basin wide uniform distribution of SSTAs

and it is associated with forced mode due to ENSO (Figure 4.4 top panel, Saji et al., 1999; Xie

and Annamalai, 2002), the corresponding PC-1 indicates the warming trend over central Indian
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Figure 4.4: The two leading mode of Principal Components (PCs) derived from from monthly
HadISST anomalies over Indian Ocean Basin. (a) Top panel is the time series for PC-1, and (b)
bottom panel is the time sries for PC-2.

Ocean (Figure 4.4 top panel). On the other hand, EOF-2 explains 13.3% of variation which shows

the dipole mode pattern (Figure 4.3 bottom panel), and the corresponding PC-2 have similar

trend with Dipole Mode Index (DMI) over Indian Ocean basin as explained by bottom panel of

Figure 4.4 and Saji et al. (1999). This statistically lower position of EOF-2 is due to less frequent

occurrence of the events compared to ENSO events. Moreover, if we compare Figure 4.8 and lower

panel of Figure 4.4, PC-2 we evidently see similar forms of variability, that support the second
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mode of variability explains Indian Ocean dipole which is strongly associated with short rains

interannual variability over East Africa.

4.2.1 Historical overview of IOD

The IOD is a coupled ocean-atmosphere phenomenon in the Indian Ocean characterized by

an anomalous cold SST in the south-eastern equatorial Indian Ocean and anomalous warming of

the western equatorial Indian Ocean. This anomalous pattern was first described as a “dipole”

or “zonal” mode independently in two studies in 1999, by groups from the USA (Webster et al.,

1999) and Japan (Saji et al., 1999). Both studies suggested that IOD is a native mode of the

Indian Ocean that exists independently from the Pacific. The term IOD itself was introduced by

Saji et al. (1999). It reflects a zonal structure of the phenomena with two maxima of different

“polarity“. This anomaly can be found not only in SST but also in other oceanic and atmosphere

fields over the Indian Ocean, such as sea surface heights (SSH), wind, pressure, rainfall, and

outgoing long wave radiation. Later, some authors referred to the anomalous pattern as proposed

by Webster et al. (1999) the Indian Ocean Zonal Mode (IOZM) (e.g., Black et al., 2003; Clark

et al., 2003), or Indian Ocean Dipole Zonal Mode (Annamalai et al., 2005) because it matches the

out-of-phase development of the SST extreme in the east and west Indian Ocean. The term dipole,

on the other hand, suggests simultaneous variation in the east and west so that Clark et al. (2003),

claim that the IOD does not represent a consistent oscillation phenomena (sea-saw) pattern, as

for example, North Atlantic Oscillation, and therefore cannot be referred to as a dipole. Also it

was found that anomalies along Sumatra-Java coast is a persistence property of IOD events, while

the SST anomaly in the western part of the Indian Ocean varies significantly from event to event

(Huang and Kinter, 2002). This property agrees, and partly overlaps with the previous study of
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Reverdin et al. (1986) which described the anomalous interannual condition of wind and rainfall

over the eastern and central equatorial Indian Ocean in October and November of certain years.

Nevertheless, IOD is now the common name for this phenomenon in the scientific literature.

Prior to Webster et al. (1999) and Saji et al. (1999), investigations of the interannual variabil-

ity of the Indian Ocean were mainly focused on understanding its response to the ENSO variability

(Latif and Barnett, 1995). Although anomalous dipole-like patterns of SST variability between the

Indonesian region and central Indian Ocean were noticed and suggested to be independent from

ENSO before 1999 (Hastenrath et al., 1993), these studies did not attract wide attention. Only

the huge climate anomalies in 1994 and 1997 have been finally connected with the SST anomaly

in the southeast Indian Ocean, stimulating interest in Indian Ocean research. Saji et al. (1999)

and Webster et al. (1999) were the first to provide a comprehensive ocean-atmosphere description

and identify a plausible mechanism for independent behavior of the Indian Ocean. These publica-

tions provoked debate about the interannual variability of the Indian Ocean. The main questions

to answer were whether IOD is an independent or dependent mode of the Indian Ocean (from

ENSO), and what is the triggering/driving mechanism of IOD (Yamagata et al., 2004).

4.2.2 Quantitative description

For a quantitative analysis of IOD, a Dipole Mode Index (DMI) was introduced by Saji et al.

(1999). It is calculated as the anomalous SST gradient between the western equatorial Indian

Ocean (WIO) (50oE -70oE and 10oS -10oN) and the eastern equatorial Indian Ocean (EIO) (90oE-

110oE and 10oS-0oN). For clarity and consistency in this study IOD as representation of both

inherent Ocean-Atmosphere interaction and west-east SSTAs gradient in the Indian Ocean are
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assumed.

(a) Positive dipole Mode (b) Negative dipole Mode

Figure 4.5: Schematic diagram of the Indian Ocean Dipole (IOD). (a) Its associated warming
(red shading;positive) and (b) cooling (blue shading;negative). White patches indicate areas of in-
creased convection activity. Surface wind direction is denoted by the yellow arrows. Figure adapted
from http://www.jamstec.go.jp/frsgc/research/d1/iod/IOD1. html. JAMSTEC Research Insti-
tute for Global Change.

Seasonal phase locking is important characteristic of IOD, the SST anomalies appear in the

summer (around June), intensify through July- September, peak in the October, and terminate

rapidly early winter (Figure 4.6; Saji et al., 1999). These SST anomalies force changes in atmo-

spheric circulations and rainfall patterns across the Indian Ocean, East Africa, south India and

Indonesia. Figure 4.5 shows the SST, wind and precipitation anomalies associated with the IOD.

IOD as any tropical phenomena is strongly locked to the annual cycle, reaching a peak during

boreal autumn in October (Figure 4.6c; Saji et al., 1999). The pattern has positive and negative

phases. During a positive IOD event, cooler than normal SSTs are observed in the equatorial east-

ern Indian Ocean and warmer than normal in the equatorial western Indian Ocean (Figure 4.5a).

Conversely, during a negative IOD event, negative (cooler) SST anomalies are observed in the

western tropical Indian Ocean with positive (warmer) anomalies in the eastern tropical Indian
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Ocean (Figure 4.5b). Behera et al. (2005) and others showed that a positive IOD event drives an

atmospheric circulation with westward low-level winds. Rising motion is enhanced over warmer

SSTs (positive anomalies) in the tropical western Indian Ocean. Convective activity and rainfall

amounts are enhanced in this area, including parts of East Africa, with a deficit in the equatorial

eastern Indian Ocean during the short rains season (Black et al., 2003; Yamagata et al., 2004;

Behera et al., 2005; Ummenhofer et al., 2009).

Figure 4.6: A composite dipole mode event. a-d, Evolution of composite SST and surface wind
anomalies from May-June (a) to Nov-Dec (d). The statistical significance of the analyzed anoma-
lies were estimated by the two-tailed t-test. Anomalies of SSTs and winds exceeding 90% signifi-
cance are indicated by shading and bold arrows, respectively. This figure is taken from Saji et al.
(1999).

During the negative mode of an IOD, the SST gradient drives an atmospheric circulation

with eastward low-level wind anomalies. Rising motion and convective activities are enhanced

over the equatorial eastern Indian Ocean (Figure 4.5b). The low level wind flow suppresses the

convective activity in the western Indian Ocean, transporting moisture away from the African
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continent; leading to enhanced subsidence over East Africa which results in East African rainfall

reduction (Hastenrath et al., 2004).

4.2.3 Relation between IOD and ENSO

Figure 4.7 demonstrate SST anomalies representative of the central and eastern equatorial

Pacific (Nino3 region) against the IOD index time series. Note the significant dipole mode events

of 1961, 1967 and 1994 coinciding with no ENSO, La Niña and a weak El Niño respectively (Saji

et al., 1999). There are years in which dipole mode events coincide with strong ENSO events

as in 1972 or 1997. During dipole mode events, the surface wind field over the tropical Indian

Ocean experiences large changes, especially in its zonal east-west component over the Equator.

Figure 4.7 also demonstrate area-averaged equatorial zonal wind anomalies (Ueq) over (70oE-90oE

and 5oS-5oN) region. It is clear that the intensity of the SST dipole mode and the strength of

the zonal wind anomaly over the Equator are strongly dependent on each other (Figure 4.7; Saji

et al., 1999).

The burning issue is whether IOD is related to ENSO. There is a controversy going on about

their relationship in the literature, with the scientific community split between the IOD being

dependent on ENSO (Baquero-Bernal et al., 2002; Xie and Annamalai, 2002) and independent of

ENSO (Saji et al., 1999; Saji and Yamagata, 2003). Previous work suggests IOD and ENSO seem

to be linked to some extent. Baquero-Bernal et al. (2002) questioned the independence of an IOD

event from ENSO. They found out that an oscillatory dipole mode exists in the tropical Indian

Ocean. Their conclusion was this dipole-like variability can be explained as an oscillatory mode

only in the context of ENSO. Based on their data analysis, Xie and Annamalai (2002) conclude

42



4. Variability and Predictability

that most of the Indian Ocean variability is due to downwelling Rossby waves that propagate from

the east to the west and are forced by ENSO. There Rossby waves are thought to interact with

the atmosphere after reaching the western tropical Indian Ocean.

Figure 4.7: Dipole mode and El Niño events since 1958, Plotted in blue, the dipole mode index
(DMI) exhibits a pattern of evolution distinctly different from that of the El Niño is represented by
the Nino3 SSTAs (black line). On the other hand, equatorial zonal wind anomalies Ueq (plotted
in red) coevolves with the DMI. All the three time series have been normalized by their respective
standard deviations. This figure is taken from Saji et al. (1999).

On the other hand, after analyzing observations, Saji and Yamagata (2003) concluded that

11 out of 19 episodes occurred independently of ENSO. Studies undertaken by Black et al. (2003)

and Behera and Yamagata (2003) suggest that IOD events may sometimes evolve without ENSO

external forcing. Although there are IOD events that do not coincide with ENSO, such as 1961,

the authors agree that there are instances when it does interact with ENSO, possibly through the

Walker Circulation to the west and/or via the associated flow of the warm tropical ocean waters

from the Pacific into the Indian Ocean (ie., the Indonesian through-flow). Moreover, Behera and

Yamagata (2003) add to the debate by suggesting that the IOD can be induced by both ENSO
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and local Indian Ocean circulations, although the resulting spatial IOD structures may be slightly

different. This idea is supported by Xie and Annamalai (2002) and Black et al. (2003) who put

forward that the occurrence of IOD events with no ENSO, such as in 1961, may suggest that the

IOD can be triggered by factors other than ENSO. However, here we do not intend to give the

detail analysis on the relation between ENSO and IOD which is beyond the scope of this study.

4.3 SST forced interannual short rains variability

Like other tropical regions, interannual variability of rainfall in East Africa results from com-

plex interactions of forced and free atmospheric variations. These include interactions between sea

surface temperature (SST) forcing, large-scale atmospheric patterns, and synoptic-scale weather

disturbances including monsoon and trade winds, persistent mesoscale circulations, tropical cy-

clones, subtropical anticyclones, easterly/westerly wave perturbations, and extra-tropical weather

systems. However, the interannual variability of short rains is mainly associated with pertur-

bations in the global SSTAs, especially over the equatorial Pacific and India Ocean basins, and

the Atlantic Ocean to some extent (e.g., Ogallo, 1988; Mutai and Ward, 2000; Saji et al., 1999;

Goddard and Graham., 1999; Black et al., 2003; Behera et al., 2005) among others.

Figure 4.8 shows the interannual variability in the short rains averaged in 50S-50N, 35-460E

domain over equatorial East Africa. The time series is extended back to 1901 and forwarded to

2011 using CRU gridded precipitation dataset. For both in the anomaly and the standardized

anomaly (Figure 4.8a and b), the temporal variability of the short rains is far from Gaussian and

the distribution is positively skewed with more extreme wet events (Figure 4.8; Black et al., 2003).
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Figure 4.8: Time series of the seasonal mean East African rainfall for SON and averaged over
50S-50N, 35-460E for (a) Anomaly and (b) standardized anomaly. The rainfall is derived from
CRU and the unit is given in mmday−1.

On other hand, unlike other parts of Africa, such as the Sahel (e.g., Kucharski et al., 2012), there is

little evidence of decadal or longer-term variability. Although the extreme rainfall year of 1961 and

1997 are the most extreme wet years, clearly there are a number of wet and dry years (Figure 4.8a

and b). In addition, it should be noted that most of the peaks of rainfall corresponds to positive

IOD yeas, e.g., 1961, 1963, 1967, 1972, 1977, 1982, 1994, 1997 and the dry years correspond to

negative IOD years, e.g., 1943, 1958, 1964, 1970, 1989 1992, 1996, 2010 (Figure 4.8;Table 5.1;
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Saji and Yamagata, 2003). The second characteristic of the interannual variability is its extreme

magnitude in the individual years. This is illustrated by the condition of 1961, a year in which lake

Victoria rose several meters and reached levels unattained in the nineteenth century (Figure 4.8;

Nicholson et al., 1988). Moreover, the importance of short rains interannual variability is also

underscored with analysis of linear temporal correlation: the correlation between short rains

anomalies and annual departure is 0.72 compared to 0.65 between long rains anomalies and annual

departure.

4.3.1 Spectral analysis of East Africa rainfall

The analysis here is of interest because East Africa short rains variability that is frequency-

dependent, and understanding the frequency dependence may yield information about the under-

lying physical mechanisms. A number of studies have utilized spectral analysis to demonstrate

that these rainfall fluctuations over East Africa are not completely random, but rather occur on

preferred time scales (e.g., Nicholson et al., 1988). The spectrum for both short rains and long

rains over Equatorial East Africa shown in Figure 4.9. A peak in the spectrum represents rel-

atively high variance in a frequency band centered on the peak. The short rains dominated by

a strong peak at 5 to 6 years, but significant peaks at about 2.6 and 2.2 years are also evident

(Figure 4.9).

The 5-6 years peak is also the dominant one in the spectrum of the first principal component

(Nicholson et al., 1988). This suggests that some forcing mechanism acting quasi-periodically with

a time scale of 5-6 years is responsible for most of interannual variability of short rains in East

Africa and the relative coherence throughout the domain. On the other hand, the peak in the
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spectrum of long rains is dominated by 3.5 years, but significant peaks at about 2.2, 5, and 10

years are also evident (Figure 4.9).

Figure 4.9: Spectrum of EEARI time series, the distribution is given variance of the series as a
function of frequency for both short rains (plotted in red) and long rains (plotted in blue). Rainfall
index is derived from CRU for 1901-2011, brief description of CRU rainfall is given in Chapter 2.

4.3.2 The role of ENSO

The interannual variability of East Africa rainfall and its relationship with SST has been

examined extensively using a statistical approach (e.g., Hastenrath et al., 1993; Mutai et al., 1998;
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Ogallo, 1988; Diro et al., 2008, 2011). These studies focus on the role of ENSO in controlling

the East African rainfall. The general conclusion of the above studies was that ENSO exerts

some control on equatorial East African short rains, with warm events being associated with high

rainfall and cold events with low rainfall. The association was however weak, and there was a

considerable spatial variability with the most influence in the north where the rainy season is

strongly connected to the southwest monsoon (Black et al., 2003). Moreover, Hastenrath et al.

(1993) found that the causality of short rains anomalies is strongly related to the SO. They

found from analysis of observed data that high SO phases correspond to low (high) pressure in

the Eastern (Western) Indian Ocean in the short rains season. They also showed that strong

westerlies over Tropical Indian Ocean (TIO) suppress atmospheric convection over western Indian

Ocean. During negative SO phases opposite ocean-atmosphere condition takes place, and western

Indian Ocean and the East African region receive abundant precipitation. These studies did not

explicitly investigate the role of the Indian Ocean in influencing East African rainfall or they gave

comparatively little attention (Behera et al., 2005). Most studies on the climate of the Indian

Ocean basin and of the countries around the border of the Indian Ocean have focused on the

evolution of the Asian-Australian monsoon. Furthermore, it has usually been assumed that the

effect of the Indian Ocean is secondary to ENSO in controlling the climate of India, Africa, and

Indonesia.

4.3.3 The role of IOD

A number recent studies tried to compare the fractional influence of IOD and ENSO on short

rains (Saji and Yamagata, 2003; Behera et al., 2003). In addition, Goddard and Graham. (1999);

Latif et al. (1999) concluded from their AGCM climate simulation experiment that Indian Ocean
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SST anomalies rather than the Pacific SST anomalies forced the rainfall anomalies over eastern

equatorial Africa. The modeling study by Latif et al. (1999) showed the importance of Indian

Ocean anomalies in December-January 1997/98 in forcing climate anomalies over Eastern Africa.

Moreover, Williams and Hanan (2011) studied the influence of IOD and ENSO on photosynthesis

activity over Africa. In their composite analysis they point out that the response to SON ENSO

over Tanzania is suppressed or changes sign when coincident with IOD activity, indicating the

dominant role of IOD on the variation of climate and hence photosynthetic activity over Equatorial

East Africa. Furthermore, Ummenhofer et al. (2009) in their AGCM ensemble experiments showed

that increased East African short rains are mainly driven by a warming over western Indian Ocean.

The physical mechanism identified by Ummenhofer et al. (2009) was that the western Indian Ocean

warming leads to a local lowering of the pressure that extends to East Africa and induces westerly

moisture flux anomalies to the west and easterly moisture flux anomalies over the Indian Ocean

which converge over Eastern Africa and enhance rainfall. These modeling studies were conducted

with prescribed idealized SST anomaly pattern to explain the mechanism for the atmospheric

response over the Western Indian Ocean and Africa and hence for an enhanced rainfall over

Eastern Africa.

4.4 Potential predictability of short rains

4.4.1 Statistical predictability

Following understanding of the influence tropical Ocean-Atmosphere phenomena on the vari-

ability of equatorial East Africa rainfall, statistical predictability and prediction of East Africa
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short rains has been attempted. Mutai and co-workers (Mutai et al., 1998; Mutai and Ward,

2000) used global SST as input for predicting the East African Short rains. The short rains of

the East African coast have a concurrent correlation of -0.85 with the equatorial surface westerlies

(Hastenrath et al., 1993). Consequently, empirical circulation diagnostics has been applied by

Philippon et al. (2002). Moreover, Hastenrath et al. (2004) explored the predictability of short

rains using different indices derived from observation and reanalysis data, and found that the

sudden development of the zonal circulation cell and the lack of long-lived precursors seriously

hamper its usefulness as predictors for East African rainfall.

4.4.2 Dynamical predictability

During the last few decades, climate scientists have made tremendous advances to fully char-

acterize climate forcing in particular, understanding and modeling the Earths climate system in

general. With the advent of fully coupled Ocean-atmosphere models (Saha et al., 2006; Weisheimer

et al., 2009), evidence that fully coupled GCMs can predict the evolution of SSTs to elevated levels

of skill has been presented.

4.4.3 Multi model ensemble methods

Multi Model Ensemble (MME) are nearly always better than any of the individual models

(Krishnamurti et al., 2000). The benefits from combining ensembles are a result of the inclu-

sion of complementary predictive information since the forecast scheme is able to extract useful

information from the results of individual models from local regions where their skill is higher

(Krishnamurti et al., 2000). The idea behind the MME is that if the model parameterization

schemes are independent of each other, the model errors associated with the model parameteri-
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zation schemes may be random in nature; thus, an average approach may cancel out the model

errors contained in individual models. Moreover, an increased ensemble size leads to further bene-

fits (Brown and Murphy, 2007), but the multi- models approach is only beneficial if the individual

models produce independent skillful information (Graham et al., 2000)

This notion has been demonstrated conclusively through the DEMETER (Development of a

European Multimodal Ensemble system for seasonal to interannual prediction) project (Palmer,

2004). Subsequently, prediction of seasonal variations and associated uncertainties using multiple

dynamical models has become operational (Wang et al., 2009). MME method is demonstrated

to be a useful and practical approach for reducing errors and quantifying forecast uncertainty

due to model formulation (Wang et al., 2009; Desole and Shukla, 2012). In particular, since 2006,

APCC has produced long-range seasonal forecasts with up to a six month lead time using MME of

coupled ocean-atmosphere-land models for use by national hydrological and hydrometeorological

services within the APEC regions (Lee et al., 2010; Sohn et al., 2012). The result on evaluation

of APCC coupled dynamical forecast systems has been discussed on Chapter 6.
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Chapter 5

ICTPAGCM Ensemble Experiments

This Chapter discuses the result on Interannual variability, physical mechanisms and potential

predictability short rain over equatorial Africa using observational data and a series of ensembles

of long ICTPAGCM simulations. Brief description of the model is given in Chapter 2 and examples

of applications of the ICTPAGCM to the African monsoon can be found in Kucharski et al.

(2012). The ICTPAGCM used here is configured with 8 vertical (sigma) levels and with a spectral

truncation at total wave number 30.

5.1 Experimental set-up and methods

We have conducted three separate sets of AGCM experiments with 10 ensemble members each,

where each member has been forced with observed SST over the Ocean basin of interest and set

to monthly varying climatology elsewhere. The three experiments are as follows:
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Figure 5.1: The three SST anomaly patterns (oC) used in the response ensemble experiments
with the ICTPAGCM. (a) AO.ICTPAGCM, (b) IO.ICTPAGCM, and (c) EIO.ICTPAGCM. SST
anomaly used are derived from ERSST V3 during the period January 1919 - December 2010.

• In the First experiment (AO.ICTPAGCM: All Ocean-ICTPAGCM), 10 ensembles simulation

of AGCM is carried by forcing global Ocean with observed time varying global SST.
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• In the second ensemble experiment (IO.ICTPAGCM: Indian Ocean-ICTPAGCM), 10 sim-

ulations are conducted forcing in the Indian Ocean basin with time-varying observed SSTs,

while in the other parts of the global ocean with climatological annual cycle of SSTs was

prescribed.

• In contrast, the third ensemble experiment (EIO.ICTPAGCM: Except Indian Ocean-ICTPAGCM),

was conducted by prescribing the climatological annual cycle of SSTs in the Indian Ocean

basin, while the other parts of the global Ocean were forced by time varying observed SSTs.

The observed SST used in our experiment have been derived from NOAA ERSST V3 (Smith

and Reynolds, 2004). The three experiments are composed of an ensemble of 10 integrations and

each ensemble member has been created using different atmospheric initial conditions. Runs are

initiated on January 1st 1919 and run up to December 31st 2010. The first year is treated as spin-

up, thus the model outputs are analyzed from 1920 onwards. The analysis is performed based

on the ensemble mean calculated separately from each experiment to demonstrate connection

between SST anomalies and East African short rains variability.

The purpose of the AO.ICTPAGCM experiment is to provide best estimate for the mutual

influence of ENSO and IOD (in addition to the remaining Oceanic regions) on East African short

rains variability, to assess the potential predictability and to validate the model climatology with

observation. Moreover, IO.ICTPAGCM experiment is used to investigate the role of Indian Ocean

SST anomalies in driving East Africa short rains anomalies. On the other hand, EIO.ICTPAGCM

experiment has been performed to assess how the short rains variability is affected by removing the

Indian Ocean anomalous forcing and to evaluate the extent of the influence coming from ENSO

and other Oceans on the variability of East African short rains.
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We have applied the definition of IOD used by Saji and Yamagata (2003) and for ENSO

we adopted the definition from Trenberth (1997). We have separated pure-IOD, pure-ENSO and

joint ENSO-IOD depending on coexistence of both events. A pure positive (negative) IOD event

is identified as an event when El Niño (La Niña) does not co-occur (Table 5.1), where PIOD

represent positive IOD events and NIOD is for negative IOD events. In total, 9 independent IOD

events, 10 independent ENSO events and 6 joint events are used as an input for composite analysis

as shown in Table 5.1.

Table 5.1: Years of IOD and ENSO events considered in the composite analysis, and the asterisk
indicates pure events while the bold years represent El Niño (La Niña ) during a positive (negative)
IOD events.

PIOD NIOD El Niño La Niña

1961∗ 1958∗ 1963 1964

1963 1960∗ 1965∗ 1967∗

1967∗ 1964 1969∗ 1970

1972 1970 1972 1971∗

1977* 1989∗ 1976∗ 1973∗

1982 1992∗ 1982 1975∗

1994∗ 1996∗ 1986∗ 1988∗

1997 - 1991∗ -

- - 1997 -

Our analysis concentrates on the September-November (SON) season. The results from the 10

ensemble members from each experiment have been averaged together and the resulting ensemble

means provide an approximation of the response of the model to the prescribed SSTs. Simple

statistical tools such as composite and correlation analysis are used to show the dynamical response

generated by ICTPAGCM experiments forced by observed SST over different ocean basins. The
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NCEP reanalysis dataset used in this study is available from 1948 to present; consequently, we

have used the modeled and reanalysis data covering 1948-2002 for our climatology and composite

analysis. However, we have used data both from observation and model simulation covering

1920-2009 period for the remaining analysis.

5.2 Seasonal cycle and model climatology

Since the focus of this study is on the short rains variability, potential predictability and

its driving mechanism, we present model climatologies for the short rains season over Equato-

rial East Africa. ICTPAGCM resolution implemented in our experimental set ups were coarse

with respect to reanalysis and observed dataset used and, therefore, interpolated onto a common

2.5oX2.5o grid prior to bias computation. The rainfall and low-level wind climatology derived from

AO.ICTPAGCM simulation is compared with observations in Figure 5.2. As expected, all other

experiments have very similar climatologies and are not shown. Figure 5.2 shows the observed,

model simulated rainfall and the 925hPa wind distribution and the difference (bias) between the

model and observation.

On the whole, the seasonal characteristics of wind and rainfall distribution are reasonably

well reproduced. For example, rainfall distribution is well represented over India and south Asia,

however, the model shows positive bias over the western part (between 100S and 50N) of equatorial

East Africa especially west of 300E. Moreover, the model well replicated rainfall towards northern

East Africa and over Somali coast. In general the model rainfall performance over Africa is

comparable to typical Coupled Model Inter-comparison Phase 5 (not shown) and other GCM
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Figure 5.2: SON rainfall climatology (shaded) and 925hpa winds. (a) CRU rainfall and wind
fields are derived from NCEP/NCAR reanalysis data, (b) Ensemble mean of AO.ICTPAGCM
experiment (c) Bias (difference) between AO.ICTPAGCM and CRU precipitation, and Unit are
mm(day)−1 for rainfall and ms−1 for wind.
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performances (e.g., Ummenhofer et al., 2009).

Figure 5.3: Annual cycle of the East African short rains averaged over (50S - 50N, 30 - 400E) along
with monthly standard deviation derived from (a) observation results, and (b) AO.ICTPAGCM
simulation. Rainfall units are given in mm(day)−1.

The model also captures the 925 wind climatology fairly well compared to the NCEP re-

analysis over the Indian Ocean basin during autumn, although with an underestimation of the

southeasterly flow in the southern Indian Ocean, particularly north of Madagascar. As seen in

Figure 5.2b surface winds are easterlies south of the equator in the eastern and central Indian

Ocean but turn northwestward toward East Africa during the SON transition season.

Furthermore, Figure 5.3 designates mean and standard deviation of the annual cycle of

EEARI, defined in this Chapter as an area averaged rainfall in the region (50S-50N, 300-400E). We

have verified that the results presented in this study are robust with respect to small variations
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in size and position of this index. The model simulation is comparable with the results shown

in previous studies (Black et al., 2003; Behera et al., 2005). By comparing the upper and lower

panel of Figure 5.3, we also find that the model simulates the seasonal rains and their variability

reasonably well despite positive biases in the peak months of long rains and short rains. The

peak of the short rains is shifted by a month. This model bias may be ignored here, as the main

purpose of this study is to discuss the relation of short rains variability with IOD and ENSO.

5.3 Short rains interannual variability

The short rains season, which is also the peak season of the IOD (Saji et al., 1999). However,

there could be a delay between the IOD and the atmospheric response. In order to verify that

the response in East Africa is indeed nearly instantaneous on a seasonal mean time scale we

have calculated the lead-lag correlations between a 3-month moving average EEARI index (from

observations and model) and the SON Dipole Mode Index (DMI; Saji et al., 1999), which is

representative of the IOD (Figure 5.4). Clearly, the SON DMI shows the largest correlation with

SON EEARI in the CRU observations and in the AO.ICTPAGCM experiment. Correlations are

still large for EEARI in OND, particularly for CRU, then they decrease as the lag becomes larger.

Therefore, the short rains in the SON season shows statistically significant and relatively high

correlation with SST anomalies in the Indian Ocean with large interannual fluctuation (Figure 5.4;

Behera et al., 2005; Williams and Hanan, 2011; Black et al., 2003). The long rainfall regime over

East Africa, however, is hardly relate to anomalies of the climate system and hence difficult to
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Correlation between SON DMI and Seasons of EEARI (1920−2009)

Figure 5.4: Time-lagged correlation between seasonal mean annual cycle of EEARI and SON mean
DMI during the period 1920-2009. Rainfall is derived from CRU observation and AO.ICTPAGCM
experiment where as the DMI is from ERSSTv3b.

predict (Figure 5.4; Camberlin and Philippon, 2002).

Figure 5.5a shows the EEARI time series from CRU (red line) and AO.ICTPAGCM (blue

line). The observed and modeled rainfall are statistically significantly correlated at 99.9% confi-

dence level, with a correlation coefficient of 0.6. This indicates that a substantial portion of East

African short rains variability is SST forced, and that the model is reproducing this. Indeed,

Figure 5.6 demonstrates the spatial distribution of correlation coefficients between the detrended

EEARI derived from AO.ICTPAGCM simulation and SSTs. The detrending has been performed

to avoid spurious correlations due to similar linear trends. The correlation map is dominated

by a large correlation exceeding 0.5 in the western Indian Ocean. There is also an indication

of significant at 95% confidence level, but small correlations in the eastern Indian Ocean. Our

analysis supports the idea that enhanced short rains in East Africa are driven predominantly by
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Figure 5.5: Interannual variability of the seasonal mean rainfall anomaly for SON over Equatorial
East Africa (5S-5N, 30-40 E) since 1920. Plotted in blue, rainfall derived from a) AO-ICTPAGCM
and b) IO-ICTPAGCM simulation and red is observed rainfall resulting from CRU, all rainfalls
are given in mm(day)−1 .

the local warm SST anomalies in the western Indian Ocean, while the eastern cold pole is of lesser

importance which is consistent with (Ummenhofer et al., 2009).

Figure 5.6: Concurrent correlations between SON short rains index derived from AO.ICTPAGCM
experiment and SON season Sea Surface Temperature computed from ERSSTv3b. Shaded con-
tours are statistically significant at 0.05 levels.
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Certainly, the detrended IO.ICTPAGCM experiment (the ensemble forced in the Indian

Ocean only; see Figure 5.5b) supports this and with a similar reproduction of the EEARI time

series (correlation coefficient with the observed EEARI is 0.51, which is statistically significant at

99.9% confidence level ). EIO.ICTPAGCM Experiment (not shown), on the other hand, shows

that the modeled EEARI is slightly negative correlated with observed counterpart EEARI. In

order to further analyze the SST forcing of East African short rains, we use composite analysis

(selecting IOD and ENSO events as introduced in the data section), for the remaining of this

section.

5.3.1 IOD, ENSO and combined influence on short rains

interannual varaibilty

Previous studies also show that IOD events sometimes co-occur with the Pacific ENSO events

(Yamagata et al., 2004; Behera et al., 2005). Moreover, the correlation between Dipole mode Index

and Nino-3 index is 0.33 in the observation (Saji et al., 1999). The correlation was obtained by

considering all the months of the year and for the period of 1950-2002, here we have considered SON

and annual mean SST anomalies for two climate periods based on ERSSTv3b dataset. We found

correlations of 0.2 and 0.47 for annual mean and SON mean respectively for the period covering

1920-2009, whereas 0.25 and 0.51 for the 1948-2002 period. Therefore, there is a statistically

significant relationship between the IOD and ENSO, particularly in SON. However, it is beyond

the scope of this paper to analyze this connection. Instead, in this study we are concerned

to investigate further whether the atmospheric influence of IOD is independent from ENSO in

modulating rainfall anomalies over East Africa.
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Figure 5.7: Composites of gridded precipitation anomalies derived from CRU for a) pure IOD
events b) pure ENSO events c) Joint IOD and ENSO events. All panels are for SON season and
the unit are given in mm(day)−1.

Figure 5.7 demonstrates the result for the composite analysis of CRU gridded precipitation,

the variability associated with either pure IOD (Figure 5.7a), pure ENSO (Figure 5.7b) and joint

IOD-ENSO events (Figure 5.7c) for the SON season. The relative influence of pure IOD years and
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pure ENSO years during the 1948-2002 period on short rains is calculated using the independent

composite method (Saji and Yamagata, 2003). It is clear from Figure 5.7 that the pure IOD

has a strong influence on the variability of short rains. The East African region receives above

(below) normal rainfall during positive (negative) IOD events (Behera et al., 2005; Ummenhofer

et al., 2009). For the pure ENSO composite, the response is rather noisy, but with a tendency

for reduced rainfall over parts of East Africa specially north of the equator. The joint IOD

and ENSO composite shows a rainfall response similar to the pure IOD composite over East

Africa, with some contribution from the pure ENSO composite to the northwest of the region of

interest. In a similar fashion Figure 5.8 displays composite of rainfall resulting from the simulation

of AO.ICTPAGCM (Figure 5.8a and 5.8b), IO.ICTPAGCM (Figure 5.8c) for pure IOD cases,

EIO.ICTPAGCM (Figure 5.8d) for pure ENSO cases as well as AO.ICTPAGCM (Figure 5.8e) for

joint IOD-ENSO events. We have applied a two tailed t-test for our model composite analysis

to identify the important patterns. Based on intra-ensemble variability of composites the dashed

and solid contours in Figure 5.8 are statistically significant at 95% confidence level.

The distribution of the rainfall composite for pure IOD years from AO.ICTPAGCM experi-

ment Figure 5.8a shows excess rainfall over equatorial East Africa and deficit over Sumatra which

is a western part of Indonesia, as observed in CRU rainfall Figure 5.7a. On the other hand, the

result from this experiment shows shortage of rainfall over the coast of equatorial East Africa for

composite of pure ENSO year (Figure 5.8b) that is also seen in the observed rainfall (Figure 5.7b).

However, the model is unable to produce excess of rainfall over Sumatra for ENSO years compared

to observation (Figure 5.7b). The results from experiments IO.ICTPAGCM and EIO.ICTPAGCM

are similar to pure IOD and pure ENSO, calculated from AO.ICTPAGCM simulation. This is
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Figure 5.8: Composites of gridded precipitation anomalies in mm(day)−1 resulting from ICT-
PAGCM. Where a) is pure IOD AO.ACTPAGCM b) the same as a, but pure ENSO, c) is pure
IOD from IO.ICTPAGCM and d) Pure ENSO from EIO.ICTPAGCM, and e) joint IOD and ENSO
events calculated from AO.ACTPAGCM experiment. All analyses are for SON season and the
dashed and solid contours are significant at 95% confidence level.

supporting the composite of CRU and AO.ICTPAGCM rainfall anomalies based on pure IOD and

pure ENSO over East Africa. As for the observations the model also shows a response that is

similar to the pure IOD composite when joint IOD-ENSO events are considered, confirming the

dominance of the IOD influence in the region of interest.
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Overall, the model autumn rainfall composite patterns are consistent with the observed rain-

fall composites in the East African region; Pure positive IOD (ENSO) events are related to en-

hanced (reduced) short rains in East Africa.

5.3.2 Physical mechanism for Indian Ocean influence on East

African short rains

In this section, we analyze the physical mechanism in the model for the Indian Ocean influence

on East African short rains. The focus is on the Indian Ocean, as we have demonstrated above

that SST forced signal is almost entirely due to the Indian Ocean influence. Therefore, we present

results from the AO.ICTPAGCM experiment, but results are very similar if the same analysis

is performed for the IO.ICTPAGCM experiment. We perform the analysis mainly on the model

results, because it has comparative advantage in isolating the purely IOD forced signal due to the

ensemble approach.

The observed surface pressure (SP) composites based on pure IOD events shows an extensive

area of negative surface pressure anomalies over the warm western half of the Indian Ocean

(Figure 5.9a), conversely an area of positive anomaly is observed over the eastern part of the

basin. These features are reproduced by the AO.ICTPAGCM experiment (Figure 5.9b), but

with increased amplitude. This increased amplitude may be partially explained by the fact that

the ensemble mean represents the SST forced signal, whereas in the observations, the internal

atmospheric variability may also play a role. The low-pressure anomaly over the western Indian
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Figure 5.9: Composite of surface pressure anomalies (hpa) for SON season. (a) Pure IOD event
derived from HadSLP, (b) Pure IOD event derived from AO-ICTPAGCM.

Ocean may be interpreted as a response induced by the warm pole of the pure IOD events.

Figure 5.10 shows the composites of wind at 850hPa and 200hPa level resulting from AO.

ICTPAGCM experiment for pure IOD events. Consistent with the surface pressure response shown

in Figure 5.9, there are easterly 850 hPa wind anomalies to the East and westerly anomalies to

the west of the low pressure in the western Indian Ocean. This is in agreement with Ummenhofer

et al. (2009). At 200 hPa, there are easterly wind anomalies to the west over western Indian Ocean

and northwesterly to the East over the coast of sumatra, indicating a modulation of the Walker

circulation up to the tropopause height during the dipole events (Hastenrath et al., 2007; Goddard

and Graham., 1999; Behera et al., 2005). The westerly anomalies extend far into equatorial Africa.

In general, such a response is consistent with a Gill-type response Gill (1980) to the western

Indian Ocean SST anomalies. This interpretation is further supported by the composite analysis

of 850 and 200 hPa velocity potential derived from AO.ICTPAGCM (Figure 5.11). Positive

values indicate convergence, negative values divergence; therefore there is low-level convergence
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Figure 5.10: SON means composite anomalies of wind ms−1 for pure IOD events where (a) wind
at 850hpa level and (b) wind at 200hpa level. Both wind composite anomalies are derived from
AO.ICTPAGCM.

and upper-level divergence over the warm pole of the western Indian Ocean and East Africa.

This is also consistent with previous works (Hastenrath et al., 2007; Goddard and Graham., 1999;

Behera et al., 2005).

Moreover, we highlight here the importance of the low-level westerly wind anomalies over

East Africa induced by the warm pole of the IOD, which according to our knowledge has not been

stressed in the scientific literature. Ummenhofer et al. (2009) found that anomalous converging
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Figure 5.11: SON means composite anomalies of Velocity Potential (106m2s−1) (a) at 850 hPa,
Pure IOD event, (b) Same as in Figure 10a but at 200hpa. Both composite anomalies derived
from AO.ICTPAGCM.

westerly flow to the west of East Africa and easterly flow over the Indian Ocean are ingredients

that cause an increase in East Africa short rains. Here we propose that the westerly flow anomaly

over central Africa may be sufficient to cause an increase of rainfall in East Africa. Indeed, Figure

10 of Behera et al. (2005) also indicates only westerly wind anomalies near the coast of East Africa,

but they did not further analyze this feature.

In order to further investigate the role of the low-level westerly wind anomalies over East

Africa we perform an analysis of the moisture source for the rainfall anomalies (e.g., Peixoto and

Oort, 1983). Figure 5.12a shows the total vertically integrated moisture flux and its convergence,

indicating that the climatological mean moisture flux is easterly. But, there is also moisture in flux

from the west and this only becomes visible when we restrict our integration to lower atmospheric

column (Figure not shown), and the main reason is that integrating the whole atmospheric column

hampers westerly influx by strong easterly in upper level.
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On the other hand, Figure 5.12b shows the pure IOD composite of vertically integrated

moisture flux and its convergence for IO.ICTPAGCM experiment. The anomalous moisture flux

convergence can clearly explain the rainfall anomalies in East Africa, and the anomalous moisture

flux is from west to East in this region, suggesting Congo air mass and the Atlantic region as

moisture source, and not the Indian Ocean (Figure 5.12b; Chan et al., 2008; Ummenhofer et al.,

2009). Given that the anomaly in the moisture flux shown in Figure 5.12b is smaller than the

mean, an alternative interpretation of Figure 5.12b is that IOD events counteract the easterly

climatological moisture flux in the African region and shifts the convergence zone to the east.

This leads to an increased moisture flux convergence in the equatorial East Africa region.
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Figure 5.12: (a) Climatological mean vertically integrated moisture flux convergence (shaded) and
vertically integrated moisture flux (vector) from the IO.ICTPAGCM experiment. (b) Pure IOD
composite of vertically integrated moisture flux convergence (shaded) and vertically integrated
moisture flux (vector) from the IO.ICTPAGCM experiment. Units are mm(day)−1 for moisture
flux convergence and kg m(s−1) for moisture flux.
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5.4 Potential predictability of short rains

In this section we further explore the potential predictability of short rains based on the

ICTPAGCM ensemble experiments. Note that predictability in the context of an AGCM forced

with observed SSTs means that it is assumed that the SSTs are known or predictable. In this

respect, the predictability estimates provided here may be interpreted as an upper limit. We start

the analysis of potential predictability with an analysis of the spatial distribution of SST forced

and internal interannual standard deviation (STD) of SON rainfall derived from the ensemble of

AO.ICTPAGCM experiment (Kucharski et al., 2012). The SST forced STD is derived from the

ensemble mean rainfall; whereas the internal STD is derived from deviations of individual ensemble

members from the ensemble mean rainfall. Figure 5.13a shows the forced and Figure 5.13b the

internal STD, whereas Figure 5.13c and 5.13d show the ratios of forced and internal STD to the

total one, respectively. Such an analysis provide a spatial distribution of a potential predictability

indicator, for example a ratio of forced to total STD of one means that all variability is SST

forced, and therefore potentially predictable. Generally, the internal STD is larger than the forced

one. There are only a few land regions where the forced standard deviation can attain significant

amount compared to the internal variability. One of these regions is East Africa (Diro et al.,

2008), where the ratio of forced to total STD lies between 0.3-0.4.

Next we turn to the potential predictability of the EEARI index. Our analysis in section 4

showed a substantial skill in reproducing the observed EEARI variability both from AO.ICTPAGCM

and IO.ICTPAGCM experiments. Furthermore, we have shown that in our simulations enhanced

short rains in East Africa are derived mainly by the local warm SST anomalies in the western

Indian Ocean, while the eastern cold pole is of lesser importance (Figure 5.8a; see also Ummen-
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Table 5.2: Correlation of Western Indian Ocean SST Index (WIOI) derived from HadISST with
observed and Model EEARI for total simulation and two climate periods.

Period r(CRU,SST) r(AO,SST) r(IO,SST)

1920-2009 0.49 0.64 0.71

1920-1975 0.56 0.68 0.75

1976-2009 0.43 0.29 0.66

hofer et al. (2009)). Consequently we have analyzed the correlation between the EEARI derived

from observation and model with a western Indian Ocean SST index (WIOI) averaged between

100S to 100N in latitude and 500E to 700E in longitude (Saji et al., 1999). The correlation coeffi-

cients for the total period are 0.49 for observations and 0.64 for the AO.ICTPAGCM simulation

(Table 5.2) for East African short rains predictions if Indian Ocean SSTs are known. We are also

interested in low frequency changes of predictability, especially related to the Climate Shift of the

mid 1970s, which has had global consequences (e.g., Zhang et al., 1997; Trenberth and Hurrell,

1994; Miller et al., 1994; Meehl et al., 2009), and, for example lead to a reduction of predictability

of the South Asian Monsoon based on ENSO (Kucharski et al., 2007). Table 5.2 also reveals that

the correlation between WIOI and observed and modelled rainfall are indeed reduced after the

climate shift of the mid 1970s, even though they are still statistically significant. This reduction

of correlation is more pronounced in the AO.ICTPAGCM experiment, whereas the reduction is

less severe in IO.ICTPAGCM. This points to the hypothesis that SSTs outside the Indian Ocean

could contribute to modify the relation between western Indian Ocean SSTs and East African
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Figure 5.13: SON standard deviation of rainfall from AO.ICTPAGCM. (a) Forced component, (b)
internal component, c) Forced STD forced / STD total, d) internal contribution STD intern/ STD

total to the total variance. Units are mm(day)−1 for (a) and (b).

short rains.

Now we analyze the potential predictability of East African short rains by considering one

ensemble member as observation, and correlating all other remaining members with it (Table 5.3;

see also e.g. Kucharski et al. (2009)). The mean of the correlation coefficients for EEARI can be

considered as potential “correlation skill” and should be close to the correlation coefficient with

the observed EEARI. The idea behind the concept of correlation skill is that in a perfect model

framework each ensemble member is a single realization of climate and thus may be treated as

comparable to an observation. Therefore, a single ensemble member should have a correlation

with the ensemble mean of the remaining models that is consistent with the correlation of the

observed rainfall time-series with the ensemble mean. Since this analysis can be repeated 10 times
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in a 10-member ensemble, the 10 resulting correlation coefficients can be used to calculate the

mean, which is the best estimate of the perfect model correlation skill. The mean correlation skill

(0.5) is indeed close to the correlation coefficient of the model with the observed EEARI. On the

other hand the potential correlation skill estimate from IO.ICTPAGCM is larger with 0.71 and

the ensemble mean shows larger correlation with all ensemble members than with the observed

EEARI. The interpretation of this result is that in the IO.ICTPAGCM experiment competing

influences from other ocean basins (in particular from the Pacific) are excluded, and this may lead

to a seemingly increased predictability of East African short rains.

The correlations in the AO.ICTPAGCM experiment drop after the Climate Shift by 0.15,

whereas the correlations in IO.ICTPAGCM drop by less than (0.08), again indicating SSTs outside

the Indian region contribute also to the reduced potential predictability seen in AO.ICTPAGCM.

The hypothesis that the interference of ENSO SST anomalies with IOD SST anomalies over

East Africa (Williams and Hanan, 2011) may be responsible for the drop of correlation skill which

is further supported by the analysis of SON standard deviation of Nino3.4 Index; and it has

been increased from 0.71 before the climate shift to 0.95 afterwards, suggesting the ENSO related

variability increased substantially after the 1970s climate shift. On the other hand, the WIOI

standard deviations changes from 0.25 to 0.23, before and after climate shift respectively.

76



Chapter 6

Assessment of Coupled Dynamical

Seasonal Forecast Systems

This Chapter focuses on the results generated from evaluation on performance of dynamical sea-

sonal forecast systems for the prediction of SSTAs over tropical Indian Ocean and short rains

anomalies over equatorial East Africa. Our evaluation is based on Asia-Pacific Climate Center

(APCC) Ocean-Atmosphere coupled Multi-Model Ensemble (MME) hindcasts (Table 2.1). Indi-

vidual models are initialized on 1st of November, February, May and August for six month lead

seasonal prediction. These forecast systems have different hindcast periods; in this study we have

selected common years from 1982 to 2005. Hindcasts initialized on 1st August from each year

alone are considered, as these are the most relevant to short rains predictions. The ensembles of

individual models and their MME mean are evaluated.
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6. Evaluation of Seasonal Forecast Systems

6.1 Verification and forecast quality measures

Evaluating the quality of seasonal predictions is an essential component of seasonal forecasting.

Here we have used CMAP data to verify the skill of coupled dynamical models. Otieno and

Anyah (2013) made a brief analysis on the performance of CMAP dataset in representation of

rainfall distribution and intensity over East Africa compared against different satellite-gauge rain-

fall products and they have found agreement between observations over the region. Therefore,

the choice of CMAP data is based on its availability over land and Ocean points, its data record

match with the study period and its agreement with other gridded products. Similar to previous

Chapters, here we have considered only the SON season for analysis input. The choice of SON

(instead of October-November-December) is also motivated by the availability of seasonal hind-

casts initialized close to the verification period. In this Chapter total rainfall and the equatorial

East Africa SON short rainfall is defined area as averaged precipitation within (5S-5oN, 35-46oE)

domain. The mean climate in East Africa varies in short distance, despite this inhomogeneity in

the mean rainfall condition over the region, interannual variability of rainfall is coherent within

selected domain. The details of verification data and reanalysis used here can be found in Chapter

2.

To measure the forecast quality of a deterministic forecast, MME mean prediction was con-

structed using the simple average of ten models ensemble means. The metrics used to measure

and evaluate prediction skill of individual coupled models ensemble mean and MME mean fore-

cast includes the anomaly correlation coefficient (ACC), linear regression and simple correlations.

Calculation of these quantities is standard (e.g., Wilks, 1995) and uses anomaly data, whereby

the observed seasonal cycle and the hindcast climatology (which is a function of start month and
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6. Evaluation of Seasonal Forecast Systems

lead time) are removed from the observations and forecasts, respectively. We have also calculated

areal averaged temporal correlation between forecast and observation for EEARI and IOD.

6.2 Hindcast simulation of SON climatology and an-

nual cycle

In the following we compare the performance of individual coupled model ensembles and

MME mean hindcast of SON wind and precipitation climatology with observed precipitation and

reanalysis wind over the equatorial Indian Ocean region. We also discuss the simulation of the

annual cycle of rainfall over equatorial East Africa. The system under consideration provide

forecasts with up to six moth lead with August initial conditions, therefore the modeled annual

cycle includes only the months September to February. The observed rainfall and reanalysis 850

hPa wind climatology for SON season over a period of 1982 to 2005 are shown in Figure 6.1a.

The pattern of observed rainfall shows maxima over the eastern Indian Ocean near coast of

Sumatra, Malaysia and around Vietnam. The observed climatological rainfall pattern over Africa

shows high intensity around Equatorial Guinea and decreased towards the Equatorial East coast,

where the retreat of southwest monsoon and westerlies from the Atlantic Ocean converge over

the Congo air mass area. The corresponding rainfall and 850 hPa wind climatology for the ten

coupled models ensemble mean forecasts, together with MME mean climatology, are shown in

Figure 6.1b-l.

The coupled model hindcasts reproduce the observed spatial pattern with the rainfall maxima
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Figure 6.1: Rainfall mm(day)−1 (shaded) and 850 hPa winds m(s)−1 spatial climatology derived
from observation and reanalysis respectively and APCC coupled models from 1982 - 2005 valid
for SON. (a) Observed rainfall and reanalysis wind, (b) MME, (c) CCSM3, (d) CANCM4, (e)
CANCM3, and (f) CFS.

generally well captured (Figure 6.1b-l). However, a few models show positive biases over the

central Africa region and some underestimate rainfall over the coast of East Africa. The PNU,

NASA and CFS models over estimate the rainfall intensity over the tropical eastern Indian Ocean

(Figure 6.1h, b and f). On the other hand, the CCSM3 and CANCM3 coupled models rainfall

band extends too far to the north towards Arabian Peninsula (Figure 6.1c and e), which is likely

related the presence of a late summer monsoon in these models. The performance of the coupled
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Figure 6.1: Continued, but g) NASA, h) PNU, i) POAMA, d) SINTEX-F, j) SNU, and k) UHT1.
The unit for rainfall is in mm(day)−1 and wind is given in m(s−1).

model ensembles in capturing the SON climatology over the Indian Ocean region is enhanced in

their MME mean (Figure 6.1b).

The climatological wind pattern are easterlies south of the equator in the eastern and central

Indian Ocean but turn northwestward towards East Africa, conversely, there are strong westerlies

north of the equator in the eastern Indian ocean towards Indonesia (Figure 6.1a-l). Overall, the

coupled models reproduce the wind climatology over the Indian Ocean region fairly well compared
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6. Evaluation of Seasonal Forecast Systems

with reanalysis and is further improved in the MME mean, though there is weak flow into Africa

and westerlies in east Indian Ocean (Figure 6.1b). However, two coupled models (CCSM3 and

CANCM3) are unable to represent wind pattern and show over estimation over the Arabian Sea

(Figure 6.1c and e).

Figure 6.2 shows the seasonal cycle of EEARI, defined as area averaged rainfall over the region

(5S-5oN, 35-46oE), for the ten APCC coupled models, MME mean and observations. About half

of coupled models initialized on first of August are unable to capture the phasing and amplitude

of the seasonal cycle, but the phasing of the seasonal cycle in SINTEX-F, UHT1, CANCM4, CFS,

CANCM3 is reasonably well simulated compared with observation and those shown in previous

studies (e.g., Hastenrath et al., 1993; Black et al., 2003; Behera et al., 2005). However, the PNU,

CCSM3 and CANCM3 coupled models are unable to reproduce the peak month of the short rains

and shift it towards December and January (Figure 6.2).

We also found that UHT1, CANCM4, and NASA simulate the seasonal rains and their

variability relatively well, despite their over estimation in the peak phase of short rains. On

the other hand, SNU, POAMA and CFS models show a dry bias in the short rains season. In

spite of individual coupled models ensemble hindcast discrepancies compared with observation,

MME mean shows a quite reasonable phasing and amplitude of the seasonal cycle of rainfall over

equatorial East Africa, with the tendency of too much rainfall in December and January still

present.

6.3 IOD prediction in coupled models and MME

The teleconnection of SST anomalies in the Indian Ocean and interannual fluctuation of short
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Figure 6.2: Seasonal cycle of the Equatorial East African rainfall averaged over (5S - 5N, 35 - 46
E), derived from ten APCC dynamical coupled models and MME mean. The unit of rainfall is
given in mm/day.

rains over equatorial East Africa has recently been investigated (Black et al., 2003; Yamagata et al.,

2004; Behera et al., 2005; Ummenhofer et al., 2009). SSTAs for IOD events start evolving during

June and reach peak strength by October-November, and decay by the end of December (Rao

et al., 2007). In addition, Behera et al. (2005) has shown that the early signal of the IOD in the

SST dipole mode index has high prediction skill for the variations of short rains. However, the

relationships between the IOD and the East African short rains have not been documented in real

seasonal forecasts.

In light of these research gaps and importance of IOD as seasonal rainfall prediction ingredient

over equatorial East Africa, in this section we present the evaluation of the skill of coupled model

ensembles and their MME mean in forecasting IOD. We consider SON mean SST anomalies for
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Figure 6.3: Year-to-year variation of SON seasonal mean observed, individual coupled models
ensemble mean and MME mean hindcast SST anomalies normalized by standard deviation along
with their correlatioon cofficient with respcet to verification data. (a) Normalized SST anomalies
over western Indian Ocean index (WIOI), (b) normalized SST anomalies over south easternn
Indian Ocean index (EIOI). All Hidcasts are intialized from 1st August.
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Figure 6.3: Continued, but (c) IOD. All Hidcasts are intialized from 1st August.

hindcast verification, which is the peak season in the evolution of IOD. In addition, IOD and

equatorial East Africa short rains have strong contemporaneous relations at this time of the year.

The performance of the SST prediction is investigated by analyzing the skill of forecast SST

anomalies over the equatorial Indian Ocean. Figure 6.3 shows the forecast of interannual variation

of SON season mean SST anomalies normalized by the corresponding standard deviation and

derived from ten coupled models ensemble mean and MME mean hindcast initialized on the 1st

of August. The hindcasts are verified against the same indices derived from the ERSSTv3b,

where a) WIO, b) EIO and c) IOD. It is seen from Figure 6.3a that there is a large skill of

SST predictions over WIO for almost all models and their MME mean, as reflected in the large

significant correlation of predicted SST with observation.

The skill of SST hindcasts over the EIO (Figure 6.3b) is relatively lower than over WIO

(Figure 6.3a). On the other hand, the correlation skill of IOD (Figure 6.3c) predictions is in
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between those of EIO and WIO, and is statistically significant at 99% confidence level for the MME

mean. Previous studies have shown that the skill of long term prediction of IOD is predominately

limited by the skill of predicting SST anomalies in the eastern Indian Ocean (Zhao and Hendon,

2009), but the difference is not significant in our analysis though there is slight reduction in skill

for predicting the EIO compared to the WIO SST index (Figure 6.3).

Figure 6.3 also shows the correlation coefficients between observed and predicted SON WIO,

EIO and IOD over the period of 1982-2005. In summary the forecast skill for the SST anomalies

in almost all models exhibits skill greater than 0.5 and also highly significant above 99.9% level,

except for the SINTX-F model (with a correlation of only 0.42; Shi et al. (2012)). Models with high

IOD forecast skill are CFS, NASA, POAMA ensemble mean and MME mean. On the other hand,

SNU, PNU, and CANCM3 are characterized by relatively lower correlation. POAMA and MME

have the highest skills of all models with correlation coefficients close to 0.8 for IOD. Moreover,

positive IOD prediction shows very good skills with the major IOD events like 1982, 1994 and 1997

captured well in nearly all forecasts (Figure 6.3). The high correlation coefficients further confirm

the statistically significant skill of coupled models in forecasting SST anomalies over tropical India

Ocean in the SON season.

In general, it can be concluded that the APCC coupled models and MME mean initialized

on 1st August produce excellent predictions of the temporal behavior of the SST anomalies over

the Indian Ocean.

6.4 Equatorial East Africa short rains prediction

In this section the skill of the deterministic APCC coupled models ensemble and their MME
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(b) SON Anomaly CC POAMA
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(c)SON Anomaly CC SINTEX-F
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(d) SON Anomaly CC SNU
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(e) SON Anomaly CC UHT1
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Figure 6.4: Anomaly correlation coefficient (ACC) between SON observed rainfall and forecast
rainfall derived from coupled models ensemble and MME mean during the period of 1982-2005
with (a) MME, (b) POAMA, (c) SINTX-F, (d) SNU, (e) UHT1, and (f) NASA. All coupled
system initialized on 1st of August and shaded positive values are at 95% significant level

mean hindcast of SON rainfall is examined over the period 1982-2005. The assessment is made

over the India Ocean region with particular emphasis on short rains anomalies over equatorial

East Africa. Previous studies have demonstrated that IOD is the source of predictability for East

African short rains (Behera et al., 2005). Thus, we calculate correlation maps to demonstrate the

fidelity of coupled models to capture the impact of IOD on the climate of surrounding region.
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(g) SON Anomaly CC CFS
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(h) SON Anomaly CC CCSM3
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(i) SON Anomaly CC CANCM4
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(j) SON Anomaly CC CANCM3
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k) SON Anomaly CC PNU
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Figure 6.4: Continued, but (g) CFS, (h) CCSM3, (i) CANCM4, (j) CANCM3, and (k) PNU.

The skill of SON rainfall anomaly forecast is evaluated based on the Anomaly Correlation

Coefficient (ACC) between the observation and coupled models forecast over Indian Ocean basin.

The ACC maps for the coupled models and MME mean hindcast for SON season rainfall anomaly

are shown in Figure 6.4. Overall, there is little or no skill found over most of land points, with

the exception of the coast of East Africa and countries east of Tropical Indian Ocean region where

significant skill can be identified.

A similar lack of rainfall predictability over most land regions has also been reported by
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6. Evaluation of Seasonal Forecast Systems

Wang et al. (2009). On the other hand, most coupled models and MME mean show significant

skill over ocean points in the south eastern Indian Ocean and western Indian Ocean (Figure 6.4a-

g). However, only SON rainfall hindcast derived from NASA, CFS, POAMA, SNU and MME

show statistically significant skill for forecasting equatorial East Africa short rains, ACC between

forecast rainfall anomaly and the observed rainfall anomaly for these models is high (almost of he

order of 0.6) over coast of East Africa (Figure 6.4). CANCM4, CANCM3 and CCSM3 have ACC

around 0.3 over coast of East Africa, the rest of the models less.

6.4.1 Skill for impacts of IOD on short rains variability

As shown in the previous section, APCC coupled models and MME mean hindcast are able to

predict SST anomalies over the equatorial Indian Ocean at 1-month lead time. In this subsection,

we briefly discuss the impact of IOD on East Africa short rains, and examine the coupled models

performance in predicting the observed impacts. The relationship between SON rainfall variability

and equatorial Indian Ocean SST anomalies is demonstrated by correlation maps between the time

series of SON seasonal mean IOD derived from observations and the rainfall anomalies over the

Indian Ocean region (Figure 6.5a). There are positive correlations over large parts of western

Indian Ocean extending towards Arabian Sea and East Africa, indicating enhanced short rains in

East Africa is driven predominantly by the local warm SST anomalies in the western Indian Ocean.

Conversely, anomalously dry conditions are depicted in eastern Indian Ocean extending southern

Sumatra, around Bay of Bengal and Southeast Asia. The physical mechanism determining the

setting up of east-west gradient of SON seasonal rainfall anomalies can be explained by Walker

cell modification over equatorial Indian Ocean (Saji et al., 1999; Black et al., 2003; Behera et al.,

2005).
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(a) Corr. SON Prec and IOD (OBS)
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(b) Corr. SON Prec and IOD (MME)
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(c) Corr. SON Prec and IOD (NASA)
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(d) Corr. SON Prec and IOD (SNU)
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(e) Corr. SON Prec and IOD (UHT1)

10W 0 10E 20E 30E 40E 50E 60E 70E 80E 90E 100E 110E 120E
25S

20S

15S

10S

5S

EQ

5N

10N

15N

20N

25N

0.2

0.2

0.2
0.2

0.2

0.2

0.2

0.3

0.3

0.3

0.3

0.3
0.4

0.4

0.5

0.5

0.6

10W 0 10E 20E 30E 40E 50E 60E 70E 80E 90E 100E 110E 120E
25S

20S

15S

10S

5S

EQ

5N

10N

15N

20N

25N

-0.8

-0.6

-0.6 -0.6

-0.5

-0.5

-0.5

-0.4

-0.4

-0.4

-0.4

-0.3

-0.3

-0.3

-0.3

-0.3

-0.3

-0.3-0.2

-0.2

-0.2

-0.2

-0.2

-0.2

-0.2

10W 0 10E 20E 30E 40E 50E 60E 70E 80E 90E 100E 110E 120E
25S

20S

15S

10S

5S

EQ

5N

10N

15N

20N

25N

(f) Corr. SON Prec and IOD (CANCM4)
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Figure 6.5: Correlation map between SON seasonal mean Dipole Mode Index and the correspond-
ing SON seasonal mean standardized precipitation anomalies derived from observation, individual
coupled models ensemble and MME mean where (a) Observation, (b) MME, (c) NASA, (d) SNU,
(e) UHT1 and (f) CANCM4. All coupled models are initialized on 1st August and estimated over
1982-2005 periods.

Now we estimate how well individual coupled models and MME mean predict the afore-

mentioned rainfall variability associated with IOD. To demonstrate this relation we have created

concatenated time series from individual model ensembles for both SST and precipitation. The

pattern of correlation map between IOD and corresponding rainfall anomalies at 1-month lead

time from concatenated series of individual model ensemble members, observation and MME are
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(g) Corr. SON Prec and IOD (CFS)
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(h) Corr. SON Prec and IOD (CANCM3)
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Figure 6.5: Continued, but (g) CFS, (h) CANCM3, (i) POAMA, (j) PNU, (k) SINTX-F and (l)
CCSM3.

shown in Figure Figure 6.5. The MME correlation map has been calculated by using 5 members

from each individual model (the minimum ensemble size) and concatenating all resulting 50 time

series.

Consistent with previous discussion nearly all coupled models and MME predictions replicate

the observed east-west dipole pattern fairly well (Figure 6.5b-l). For example, statistically signifi-

cant at 95% confidence level positive correlation over western equatorial Indian Ocean, East Africa
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6. Evaluation of Seasonal Forecast Systems

and the northern part of the Indian Ocean along southern tip of India extending to north of Suma-

tra, and negative correlations over the equatorial south eastern Indian ocean, southern Sumatra

and most parts of the southeast Asian region are well represented. However, three coupled models

show relatively weak correlations over western Indian Ocean and East Africa (Figure 6.5g, i and l).

Moreover, a better correlation patterns are found in MME, SINTEX-F and NASA (Figure 6.5b,

c and k).
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Figure 6.6: Regressions of SON seasonal mean observed rainfal on to Indian Ocean Dipole mode
index (DMI) derived from APCC individual coupled model ensemble mean, observation and MME.
(a) Observation, (b) MME, (c) NASA, (d) SNU, (e) UHT1 and f) CANCM4. All coupled model
ensemble means are initialized on 1st August for a period 1982-2005.
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Figure 6.6: Continued, but (g) CFS, (h) CANCM3, (i) POAMA, (j) PNU, (k) SINTEX-F and (l)
CCSM3.

In order to examine the possibility of using the APCC individual couple model predicted

SSTs to predict the autumn rainfall over Indian Ocean basin and hence evaluate the skill of dy-

namical model performance in capturing observed relations in SSTAs and rainfall anomalies, SON

seasonal mean observed rainfall regressed on to observed and forecast DMI during SON with 1st

August initial conditions (Figure 6.6). The regression maps demonstrate that IOD calculated from

observation, most of coupled models and MME are produced statistically significant regression

anomalies over tropical Indian Ocean basin.
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The regression pattern in observation, almost all APCC coupled model ensemble and MME

clearly shows a dipole in the Indian Ocean conditions (Figure 6.6). IOD, which is Ocean-

Atmosphere coupling between east west contrast SST and zonal wind explained through pre-

cipitation. Associated with these changes the normal convection situated over the eastern Indian

Ocean warm pool shifts to the west and brings heavy rainfall over the east Africa and severe

droughts/forest fires over the Indonesia (Black et al., 2003). Moreover, the out-of-phase relation

between two sides of the basin is consistent with the previous findings, the fact that rainfall over

East Africa (Indonesia) is increased (decreased) during a positive event IOD (Black et al., 2003;

Yamagata et al., 2004; Behera et al., 2005; Ummenhofer et al., 2009). The above results are quite

encouraging for the prospects of predicting East Africa short rains, but require forecasts from

coupled Atmosphere-Ocean models. However, since the predictability of EEARI comes mainly

from SSTAs over Indian Ocean, the question arises as to whether the predicted IOD index from

coupled models can be used to derive skillful forecasts of EEARI.

6.4.2 Short rains forecast skill

We now consider hindcasts of short rains over East Africa produced by the coupled models.

The interannual variation of equatorial East Africa rainfall index and the correlation between

observed and each coupled models ensemble and MME mean is shown in Figure 6.7. The figure

illustrates that five coupled models predict equatorial East Africa rainfall with statistically signif-

icant skill. CFS prediction giving the strongest correlation of all and SNU, UHT, POAMA and

CANCM3 also show significant skill. The other models have relatively lower skill and unable are

to produce significant correlations. Despite insignificant skill in some individual models, MME
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mean produce the fourth largest significant correlation at 95% confidence level. Please note that

the correlations could be influenced by sampling (given the relative small time series of 24 years),

therefore, for example, that CFS gives the largest correlations could be by chance.
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Figure 6.7: Interannual variation of SON normalized anomaly over equatorial East Africa in APCC
coupled models hindcast and MME mean verified against observation along with the temporal
correlation between observed and predicted SON equatorial east Africa rainfall index (50S-50N,
35-450E) for a period of 1982-2005. The ensembles mean EEARI is used from each models, while
the mean of all models are used to compute the MME.

6.4.3 MME mean forecast skill improvements by model se-

lection

Finally we consider improvements of forecast skill in the MME mean hindcasts of SON equa-

torial East Africa rainfall by selecting five good models according to their correlation skill in pre-

dicting the EEARI index (Figure 6.7). Only models that show at least 90% statistically significant

correlations are selected. The resulting models are UHT1, CFS, POAMA, SNU and CANCM3.

Such a selection should be revisited once more hindcast data is available. The correlation between
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6. Evaluation of Seasonal Forecast Systems

observed and ensemble mean of EEARI for the selected coupled models and their MME mean is

shown in Figure 6.8. The 90% significant level is indicated by the horizontal dashed line. Thus

the skill of the MME based on this model selection improves its skill from 0.44 for all models to

0.67.
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Figure 6.8: Correlation between observed and predicted SON Equatorial East Africa rainfall for
hindcasts in APCC coupled models dataset for a period 1982-2005, East Africa rainfall index in a
dynamical models and observation is defined as total precipitation within 35o-46oE and 5oS-5oN.
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Chapter 7

Summary and Conclusions

The aim of this study has been to understand large scale influences on interannual variability, to

scrutinize underlying physical mechanisms, to investigate the predictability and seasonal prediction

of East African rainfall, with a focus on Equatorial East Africa. East Africa’s climate is prone to

extended rainfall deficits. In extreme cases these can lead to droughts and humanitarian disasters.

Skilful prediction of seasonal rainfall would therefore bring sound humanitarian and economic

benefits to countries over the region, that are highly dependent on rain-fed agriculture.

We first performed a detailed investigation on the roles of IOD and ENSO in the variability

of equatorial East African short rains using observational data and a series of ensembles of long

Atmospheric General Circulation Model (AGCM) simulations. Pure IOD and pure ENSO years

are selected to differentiate the position of tropical Ocean-Atmosphere coupling over Indian Ocean

and Pacific Ocean in influencing interannual short rains variability over equatorial East Africa.

Composites of observed rainfall for pure IOD events show enhanced (reduced) precipitation over

East African (Indonesia), on the other hand pure ENSO composites show a mixed signal with

reduction of short rains over parts of East Africa see also (Black et al., 2003; Behera et al., 2005).

In order to support the observational evidence of IOD and ENSO influences on East African
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short rains, we have performed three sets of ICTPAGCM ensemble experiments, forced with

interannually varying SSTs globally, in the Indian Ocean only, and everywhere outside the Indian

Ocean.

We find that the main driver of East African short rains is the IOD, and ENSO provides

only a minor contribution that opposes the IOD forced signal. The ENSO forcing does not lead

to any predictable signal (Williams and Hanan, 2011). The physical mechanism for the IOD

influence on East African short rains in our model is that the warm pole of a positive IOD leads

to a Gill-type response that causes westerly wind anomalies over Africa, moving the moisture flux

convergence zone towards East Africa. This finding is broadly consistent with previous findings

(e.g., Ummenhofer et al., 2009; Black et al., 2003), but here we emphasis the role of the westerly

wind anomalies over Africa, whereas the importance of the easterly wind anomalies over the Indian

Ocean (or a combination of the two) have been emphasized previously.

There is a substantial potential predictability associated with an East African short rains

index (EEARI), given that Indian Ocean SSTs can be predicted. The predictability of the EEARI,

however, shows a decadal variation associated with the mid 1970s climate shift and is likely related

to interfering influences of IOD and ENSO on East African short rains that increase after the

climate shift due to increased ENSO variability.

We also made assessment of real predictability in seasonal hindcast products on predictive skill

for short rains anomalies over East Africa. Our evaluation is based on observational datasets and

the Asia-Pacific Climate Center (APCC) Ocean-Atmosphere-Land coupled Multi-Model Ensemble

(MME) retrospective forecasts (hindcasts) (Kang et al., 2009; Lee et al., 2010; Min et al., 2011;

Sohn et al., 2011). Coupled model hindcast also evaluated for prediction of SST anomalies over
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tropical Indian Ocean.

Almost all Individual models and MME mean shows climatological pattern of rainfall and low

level wind similar to observations. Though some models over estimate rainfall near the Equator

at about 30 W, the MME reduces the errors and reasonably reproduces the observational pattern.

Moreover, the usefulness of the MME method is further exemplified in analysis of seasonal cycle

over equatorial East Africa. Moreover, assessment of the skill of individual coupled models and

MME mean shows statistically significant skill in forecasting the peak phase of the IOD in the

boreal autumn SON season, which is typically when the IOD is best defined and most climatically

important (Zhao and Hendon, 2009). The skill for predicting IOD appears to be largely limited

by the skill of predicting SST in the eastern Indian Ocean. Though coupled models and MME

mean give a better skill for SST anomalies over western IOD relative to eastern IOD of equatorial

Indian Ocean, a large predictive skill is found for the IOD. Furthermore, out of ten models five

coupled models and MME mean show statistically significant skill in predicting equatorial East

Africa short rains.

East African rainfall hindcast skill is further improved by selecting 5 models with the largest

individual correlation skill. However, such a selection gives by definition an improved MME mean

hindcast, and we are aware of the risk of eliminating or selecting models because of sampling, given

the relatively short time series of 24 years. The models skills in predicting East African rainfall

relies on the impact of the IOD on East African rainfall. Indeed, we have shown that most models

and the MME mean show realistic correlations of the IOD index with rainfall, and in particular

also positive correlations in the East African region. Moreover, coupled models skill over East

Africa further confirmed by our regression maps showing dipole mode pattern that demonstrates
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the control of IOD on the variation of East African short rains.

It is shown that the reproduction of the observed variability in the East African region is

mainly due to a realistic relationship of East African rainfall with the Indian Ocean Dipole.

Overall, the skill of the dynamical models is attributed to the fact that slowly evolving SSTs are

the primary source of predictability, and to the fact that coupled climate models produce skillful

predictions of SON SST anomalies over the tropical Indian Ocean. This information opens the

possibility of using readily available seasonal forecasts as skillful predictions of equatorial East

Africa short rains. An encouraging potential for real time forecasts of East African rainfall with

about one month lead time is revealed. Such forecasts would be of substantial societal importance.

The results in this study therefore provide insight into interannual rainfall variability and

predictability over East Africa, in view of tropical Indian Ocean-Atmosphere climate patterns and

underlying mechanisms. In addition, the information on coupled forecast systems will open the

possibility of using readily available seasonal forecasts as skillful predictions of equatorial East

Africa short rains. The results can be fed into real-time monitoring and forecasting at seasonal to

interannual timescales to enhance early warning and disaster preparedness activities and minimize

the impacts of climate-related catastrophes that are prevalent in the region.
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