
 

ABSTRACT 

SMITH, KARA ANN. An Investigation of the Hydroclimate Variability of Eastern Africa. 

(Under the direction of Fredrick Semazzi). 

 

            East Africa, spanning from 22.5°E to 52.5°E and 13.5°S to 12.5°N, has been 

experiencing a persistent decline of the Long Rains (March-May) for multiple decades. 

However, the Intergovernmental Panel on Climate Change (IPCC) projects wetter conditions.  

This apparent contradiction between the recent multi-decadal rainfall decline and the projected 

wetter climatic conditions is referred to as the East African (Monsoon) Climate Change 

Paradox. The purpose of this study is to investigate the climate variability associated with the 

East African Climate Change Paradox for the recent decades. More specifically, it addresses 

the following  the objectives: (i) understanding the climatic factors responsible for decline in 

precipitation for the Long Rains over Eastern Africa, and (ii) investigating the hydrological 

factors involved in the decline of Lake Victoria levels in context of the decline of the Long 

Rains.  

      Although the connection between the decline and the Indo-Pacific Ocean has received 

much attention, the role of the Atlantic Ocean has not been recognized.  Ou r  a na l ys i s  

b eg i n s  b y showing a previously unrecognized stationary atmospheric wave form that links 

the northern Atlantic Ocean basin source region and the cessation of the East African Long 

Rains.  The Atlantic Multi-decadal Oscillation (AMO) variability dominates the variability 

during the cessation of the Long Rains in May. The negative phase of the AMO is  

assoc iated w it h enhanced rainfall during the cessation. In contrast, reduced rainfall 

occurs during the positive phase of AMO, and it has contributed to the ongoing multi-

decadal decline. The projected continuation of the positive phase of AMO for several more 
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decades by recent studies implies the likelihood of the Atlantic Oceansô potential contribution 

to prolong the ongoing drought conditions over East Africa. It is shown that CORDEX 

regional models downscaling ERA-interim reanalysis is able to capture the relationship 

between May precipitation over the region and AMO. However, the decline in the Long Rains 

is not as pronounced in CORDEX as it is in observations. 

     We further investigate whether the decline in precipitation in the Long Rains (MAM) is 

also present in other seasons and annually. We find that annual precipitation is slowly 

increasing, which indicates that an increase in rainfall during one or more of the remaining 

seasons (January-February, July-September and October-December) is compensating for the 

decline in the Long Rains rainfall.  

      The corresponding annual Lake Victoria levels modeled using observed rainfall do not 

decline in the recent decades, except when the Long Rains seasonal variability is considered 

without variability from other seasons.  However, lake levels modeled using an ensemble of 

bias corrected CORDEX models show a decline in lake levels from 1989 to 2008 using annual 

precipitation, which is the opposite trend to the lake levels modeled using observed rainfall.  
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1 Introduction  

1.1.  Background 

The East African region is composed of Somalia, Ethiopia, South Sudan, a southern portion 

of Sudan, part of the Democratic Republic of Congo, Uganda, Kenya, Rwanda, Burundi, 

Tanzania, and parts of Zambia, Malawi and Mozambique.  East African rain seasons are 

mainly associated with the passage of the inter-tropical convergence zone (ITCZ) of the 

northeast (NE) and southeast (SE) monsoons and it follows the inter-hemispheric migration 

of the overhead position of the Sun (Nicholson 1996; Leroux, 2001). The Long Rains (March 

to May) account for the largest proportion of the annual rainfall. The Short Rains (October to 

December) although not as wet, are also essential for crop development and other major 

social-economic functions. Areas over the northern and southern extremes of the region 

experience unimodal rainfall climate regimes. This simple background seasonality is 

significantly modified by subregional factors including the complex orography, vegetation 

and land-ocean contrasts, and large inland lakes. 

The Long Rains of East Africa have exhibited persistent decline for several decades 

(Lyon & DeWitt, 2012); however, the Intergovernmental Panel on Climate Change (IPCC) 

projects wetter conditions (IPCC, 2007; IPCC, 2013) . This apparent contradiction between the 

recent multi-decadal rainfall decline and the projected wetter climatic conditions is no w  

referred to as the East African (Monsoon) Climate Change Paradox (Semazzi, et al., 2014) 

(Figure 1-1).   
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Figure 1-1: Illustration of the East African Climate Change Paradox. Figure from David 

Rowell, personal communication. 

 

 

 

1.2.  Objective 

The purpose of this study is to investigate the climate variability associated with the East 

African Climate Change Paradox for the recent decades.  This research has two inter-related 

components. The first component is an analysis of observations to understand the sources of 

variability and potential physical mechanisms related to the decline in precipitation over 

Eastern Africa (Chapter 2).  The second component is an investigation of the hydrological 

factors involved in the decline of Lake Victoria levels in the context of the decline of the 

Long Rains. 
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2 Sources of multi-decadal variability for the East African rainfall 

2.1.  Background 

The Hydroclimate project for Lake Victoria (HyVic) Regional Hydroclimate Project 

(RHP) has been developed under the auspices of the World Climate Research Program 

GEWEX Project (Semazzi et. al, 2013 and 2014). The primary purpose of HyVic is to provide 

the underpinning understanding of climate over Lake Victoria Basin (LVB) and to improve its 

predictability and projections to support decision making in the region. HyVic project has two 

domains. The Core Domain is basically the catchment of Lake Victoria Basin and the HyVic 

Greater Domain is the East Africa Monsoons region (EA outer domain, Fig.1), which 

modulates the lake basin-scale hydroclimate of the core domain. 

Both anthropogenic-driven global warming (Will iams & Funk, 2011; Lot t ,  et  al.  

2011) and natural sources of variability (Lyon,  2014; Omondi, et al., 2013; Tierney et 

al., 2013; Yang, et al., 2014) have been proposed to explain the recent multi-decadal drop 

in the Long Rains. Two leading sources of natural variability that have been linked with the 

decline are the Pacific decadal oscillation (PDO) (Mantua & Hare, 2002) and the ENSO-like 

decadal mode (ENSOD) (Yang et al., 2014) sea surface temperature oscillation in the Pacific 

Ocean.   

Williams & Funk (2011) associated the drying trend with an anthropogenic forced relatively 

rapid warming of the Indian Ocean SSTs, which they contend extends the warm pool and 

Walker circulation westward, resulting in a subsidence anomaly and drying over Eastern 
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Africa. Lott, et al., used the Met Office Haley Centre Attribution of Climate-related Extremes 

system, and found that the decrease in precipitation was anthropogenically forced; however 

they found the decrease could occur with more uniform warming of tropical Indian Ocean 

and Pacific Ocean SSTs, although with less warming in the Arabian Sea in two of the three 

coupled models used in their analysis. Lyon and DeWitt (2012) and Lyon (2014) on the 

contrary linked the decline in the East African Long Rains post-1998 with a shift to warmer 

SSTs over the western tropical Pacific and cooler SSTs over the central and eastern tropical 

Pacific, a multidecadal La Niña-like pattern of SST variability. Yang et al. (2014) support 

this theory with a modeling and observational investigation that suggests that the drying 

trend of the Long Rains is associated with the ENSO-like decadal (ENSOD) sea surface 

temperature natural variability oscillation in the Pacific Ocean. However, Tierney et al. 

(2013) concluded on the basis of millennium-long control simulations from different 

atmosphere-ocean general circulation models (AOGCMs) and proxy records of ocean 

variability that hydroclimate variability of East Africa on multidecadal timescales is 

controlled by the Indian Ocean.  The SVD analysis of Omondi et al. supports the Indian 

Ocean influence on decadal variability of the Long Rains, as it showed that March-May 

decadal rainfall variability is dominated by the north-south mode of SST variability over the 

Indian Ocean. 

It is rather surprising that the Atlantic Multi-decadal Oscillation (AMO) (Delworth & Mann, 

2000), which affects large swaths of the global climate, has not featured prominently in this 

context. An important and promising lead to clarify the climate drivers of the declining Long 

Rains may be sought by recognizing the strong relationship between the cessation and the 
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onset of the Indian Summer Monsoon (ISM). Camberlin et al. (2010) have shown that 

early/late cessation for the Long Rains is strongly correlated with early/late onset of the 

ISM. Furthermore, it is well established that the AMO plays an important role in 

modulating the decadal variability of the ISM (Zhang & Delworth, 2006; Goswami et al., 

2006; Luo et al., 2011). Warm North Atlantic (positive AMO) tends to induce a stationary 

Rossby wave across Eurasia and results in wetter ISM (Li et al., 2008). We therefore contend 

that the search for the causality of the multi-decadal persistence of the declining Long Rains 

should include consideration of the drivers that previous studies have shown to account for the 

decadal variability of the ISM.  

We submit that the scope of the search for the cause of the diminishing Long Rains should be 

expanded to include the Atlantic Ocean as a potential driver in addition to the Indian and 

Pacific Oceans. This study therefore focuses on the cessation of the Long Rains in May to 

investigate how the Atlantic Ocean may be modulating the decadal variability of the Long 

Rains of East Africa and in particular its decline, which has persisted for multiple decades. 

The expanded scope that includes the Atlantic Ocean in the search has also been motivated 

by recent joint efforts of the computer science and climate science research communities 

which have identified a strong connection between the variability of the East African climate 

and the origin of Atlantic hurricanes (Chen et al., 2013a; Chen et al., 2013b; Gonzalez et al., 

2012; Gonzalez et al., 2013; Pendse et al., 2012; Hendrix et al., 2011; Sencan et al., 2011; 

Race et al., 2010). 
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2.2.  Domain 

The region of study (Figure 2-1) is similar to recent studies (William and Funk, 2011; Lyon 

and Dewitt, 2012; Lyon, 2014; Yang et al, 2014) investigating the multi-decadal problem. 

The domain is from 22.5°E to 52.5°E and 13.5°S to 12.5°N.  It includes Somalia, Ethiopia, 

South Sudan, a southern portion of Sudan, part of the Democratic Republic of Congo, 

Uganda, Kenya, Rwanda, Burundi, Tanzania, and parts of Zambia, Malawi and 

Mozambique. 

The region includes the Great Rift Valley, which was created by the movement of two fault 

lines in the earth.  The Great Rift Valley influences wind flow in the region due to changes in 

orography. The Indian Ocean, which provides moisture to the region, is on the eastern 

boundary. Vegetation in the region ranges from tropical rain forest in the Democratic 

Republic of Congo, to woodland savannah, to savanna grassland to steppe, to a semidesert 

near the tip of Somalia. This vegetation affects the rainfall through the evapotranspiration 

positive feedback, where more vegetation results in increased evapotranspiration, which 

leads to increased cloudiness and rainfall.  An increase in vegetation would also decrease the 

albedo, which would decrease the subsidence leading to more precipitation through the 

albedo feedback.  However, the increased surface roughness due to increased vegetation, 

would increase friction, leading to less convergence and less precipitation. 

The general climate over Eastern Africa is characterized by a bimodal regime, the Long 

Rains of March-May and the short rains of October-December. The October-December 

season contributes disproportionately to the interannual variability of rainfall even though 
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there is more precipitation during the March-May season. The seasonal cycle of rainfall is 

mainly controlled by the north-south migration of the intertropical convergence zone (ITCZ) 

across the region, while the diurnal cycle is dominated by lake/land breeze circulations 

(Asnani, 2005). 

 

 

 Figure 2-1 Map of the East Africa study area (red box) with topographic elevation (m) 

shown in background. 
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2.3.  Methods 

To assess the sensitivity of the decadal variability of the East African climate on the 

uncertainties inherent in the gridded rainfall datasets we used the Climate Research Unit 

(CRU: TS 33.22) data (Harris et al., 2014) and the Global Precipitation Climatology Centre 

(GPCC) (Rudolf et al., 2011) data. The rainfall data was not de-trended because this would 

adversely alias the downward trend that started abruptly in the 1990s (Lyon & DeWitt, 

2012), by artificially re-distributing it over the entire period of our analysis, 1951-2010.  EOF 

analysis and several other traditional statistical methods were used to isolate and 

investigate the dominant modes and sources of decadal climate variability. A 10-year kernel 

filter (Nadaraya, 1965; Watson, 1966) using a box filter was applied to the EOF time series 

and other temporal data used in the study to focus on the multi-decadal time scale. We 

recognize that the 1951-2010 period of study covers only a few cycles of decadal 

variability. Therefore, in addition to empirical analysis we also rely on phenomenological 

physical inferences to augment the interpretations of the results. 

2.3.1.  Empirical Orthogonal Functions (EOFs) 

Empirical orthogonal function analysis was performed on precipitation in Eastern Africa in 

order to examine the effect of different modes of precipitation variability on rainfall over 

eastern Africa, and compare the modes derived from various data sets. Empirical Orthogonal 

Function is a statistical tool used to explain the variance-covariance of geophysical data fields 

through a few modes of variability.  
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There are many ways to determine how many principal components can be retained without 

discarding important information (North et al., 1982; Kendall, 1980; Preisendorfer and 

Barnett, 1977). We test for significance of the modes using Kendallôs criterion for distinctly 

separated EOFs, for sample size N, that sampling error ‏‗ ‗ , associated with a given 

eigenvalue ɚ, must be smaller than its spacing from the neighboring eigenvalue. We then relate 

the spatial patterns to known physical properties, such as AMO. 

2.3.2.  Kernel Smoothing  

Kernel smoothing uses a weight function, or kernel, to average observations.  The Nadaraya-

Watson estimator (Nadaraya, 1965; Watson, 1966) estimates the time series using the 

equation Ὢ В ‫ ὸὼ, where ‫ ὸ ὑ В ὑ  are the weights and K() is 

a kernel function. All data was smoothed for this research. Initially the data was smoothed 

before EOF analysis (pre-smoothed); however this gave unstable solutions to the EOF 

analysis. For the pre-smoothing of data before EOF analysis, a normal kernel, ὑᾀ

 
Ѝ
ÅØÐ  was used; however this was changed to a box kernel when the change was 

made to smoothing the EOF time series (post-smoothed) in order to not smooth the data as 

much.  A box kernel averages together the values which are within the specified bandwidth 

of a given point in the time series. The pre-smoothed May EOF 1 modes are compared to the 

post-smoothed to verify that AMO is related to the first mode of variability of rainfall in May 

independent of pre-/post- smoothing. 
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2.3.3.  Weighted Composite 

The EOF time series of area averaged East African precipitation was composited with       

300 hPa and 850 hPa geopotential height and wind fields from NCEP Reanalysis. 

Compositing is a method of expressing the averages of different fields separately for the 

years of positive and negative values of the corresponding time series.  In our case, we used 

either EOF time series or Eastern Africa rainfall area average time series. To project the 

mode of variability onto an atmospheric field, first anomalous wind or geopotential height 

fields are calculated for the same season as the EOF or box average precipitation.  The data is 

composited for positive and negative years based on the sign of the precipitation variability 

time series. After that, a weighted average at each point is taken separately for years of 

positive and negative time series values.  The zonal mean was subtracted from the 

geopotential height composites in order to get a clearer signal. 

2.4.  Data 

2.4.1.  Rainfall Observations 

We use data from both Climate Research Unit (CRU) TS 3.22 and Global Precipitation 

Climatology Centre (GPCC) v6 gridded datasets to investigate the hydroclimate variability of 

Eastern Africa.  While both datasets use only station observations and are available on a 

monthly time scale at 0.5° resolution, each dataset uses a different method of interpolating 

the stations to grids and uses different stations over different time periods. 
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2.4.1.1.  CRU TS 3.22 

Climate Research Unitôs (CRU) TS 3.22 is a monthly climatology of station data from 1901 

through 2013.  Station data is collected from several sources to form a global data set, which 

is checked and corrected using an automated process. After the correction, a reference series 

is found for a chosen baseline period (1961-1990). Anomalies are then found from the 

baseline climatological normal.   For precipitation, these anomalies are converted to 

percentage anomalies.  At each time step, the station locations which have passed the 

automated checking process are used to identify any 2.5° x 2.5° resolution grids which are 

not influenced by any station. These grid cells are filled in with a value of zero percentage 

anomaly for precipitation.  This is equivalent to inserting the precipitation climatology for 

that month for that grid into the grid, since percentage anomalies are processed. The 

percentage anomaly precipitation is then gridded using triangulated linear interpolation.  The 

gridded precipitation percentage anomalies are then multiplied by the climatology, divided 

by 100, and then added to the climatology to calculate the gridded precipitation values 

(Harris et al., 2014).  Periods with sparser data coverage, in particular the earlier years, have 

a higher tendency towards zero percentage anomalies in CRU TS 3.22, which can make the 

anomalies less negative in dry regions and years. The Climate Research Unit provides station 

count files which give the number of stations which influence each individual grid cell (stn) 

or the number of stations located in each grid cell (st0).  The st0 file is used to analyze the 

number of stations in the Eastern Africa domain to compare to GPCC in order to determine 

whether this accounts for differences in the two datasets during different seasons. 
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2.4.1.2.  GPCC v6 

Global Precipitation Climatology Centre (GPCC) v6 is a monthly gridded station climatology 

from 1901-2010. GPCC v6 utilizes more stations globally than CRU TS 3.22.  GPCC pulls 

data from CRU as well as other datasets including: Monthly totals derived from SYNOP-

DWD, CLIMAT, Monthly totals derived from SYNOP-CPC, National data by WMO 

members, Regional data from PIs of scientific projects, Monthly totals derived from GHCN-

Daily data, GHCN-V2, and FAOCLIM 2.0 (Rudolf et al., 2011; Schneider et al., 2011). 

However,  Becker et al. (2013) note that it can take up to 20 years for data from Asia, South 

America and Africa to arrive at the GPCC and be incorporated into the data set. GPCC is 

calculated by first interpolating anomalies from the climatological normal at the stations to 

regular gridpoints on a 0.25° using a modified SPHEREMAP (Willmott et al., 1985) 

interpolation. The anomalies are then averaged at the four corners of the 0.25° grid to an 

anomaly for the 0.5° subgrid. After that the areal average anomaly is calculated for the grid 

for the 0.5° resolution by applying a weighting according to the area and land fraction of 

each grid, and the gridded anomalies are superimposed on the background climatology.  

GPCC also provides a station count file, similar to the one provided by CRU, which gives the 

number of stations located in each grid cell. 

2.4.2.  NCEP/NCAR Reanalysis 

The National Centers for Environmental Prediction (NCEP) / National Center for 

Atmospheric Research (NCAR) NCEP/NCAR Reanalysis (Kalnay, 1996) monthly means of 
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geopotential heights and winds at 300 hPa and 850 hPa were provided by the 

NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at 

http://www.esrl.noaa.gov/psd/.  The monthly mean NCEP/NCAR reanalysis data is available 

at 2.5Á x 2.5Á spatial resolution from January 1948 to the present.  Geopotential heights and 

winds are available at 17 pressure levels.   

2.4.3.  COBE2 Sea Surface Temperature 

Centennial In Situ Observation- Based Estimates of the Variability of SST and Marine 

Meteorological Variables 2 (COBE2 SST) (Hirahara, 2014) monthly mean sea surface 

temperature was provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from 

their Web site at http://www.esrl.noaa.gov/psd/.  The data is available at 1° resolution for the 

entire globe. This data set merges a set of extra SST observations for the area around Japan 

before World War II with the International Comprehensive Ocean-Atmosphere Data Set 

(ICOADS; Woodruff et al. 2011) 

2.4.4.  Climate Indices 

The Atlantic Multi-decadal Oscillation (AMO) and Pacific Decadal Oscillation (PDO) were 

obtained from NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at 

http://www.esrl.noaa.gov/psd/data/climateindices/list/.  The AMO index is calculated from 

Kaplan SST dataset (Enfield et al., 2001).  For this study, we use the unsmoothed, long 

version which is available as a monthly time series from 1856 to present.  We then filter the 

time series to ensure that it is filtered in the same manner as the precipitation datasets. The 
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PDO index (Mantua & Hare, 2002) is the leading principal component from an un-rotated 

EOF analysis of monthly residual North Pacific SST anomalies poleward of 20° N, where the 

residuals are defined as the difference between observed anomalies and the monthly mean 

global average SST anomaly. 

2.4.5.  CORDEX 

The Coordinated Regional Downscaling Experiment (CORDEX) program was started by the 

Task Force on Regional Climate Downscaling established by the World Climate Research 

Program (WCRP) to coordinate international efforts in regional climate downscaling (Giorgi 

et al. 2009; Jones et al. 2001).   CORDEX has predefined regions, grids, experiment 

protocols, output variables and output format which facilitates easier analysis of the models 

by both the scientific and end-user communities (Nikulin et al., 2012).  In this study we 

evaluate seven different regional climate model simulations from CORDEX (Table 2.1), each 

of which downscaled ERA-interim (ERAINT) reanalysis data for the years 1989-2008. Data 

for DMI-HIRHAM5 and ICTP-RegCM3 were not available.  The model domain is 25.25° W 

to 60.75° E, 46.25° S to 42.75° N. The models were run at approximately 50 kilometer 

resolution.  No nudging was applied in any of the models within the model domain.  One 

model ï Action de REcherche Petite Echelle Grande Echelle (ARPEGE) is a global variable 

resolution model.  This model used a high resolution region within its continuous global 

domain. 
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Table 2.1: List of CORDEX RCMS and their details from Nikulin et al., 2012
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2.5.  Results 

2.5.1.  Decadal Variability of the East African Climate 

Comparison of the rainfall area averages for the East Africa (EA) domain indicated that 

there are significant differences between the CRU and GPCC datasets in representing the 

decadal climate variability of the East African rainfall, particularly prior to 1930 and perhaps even 

up to 1950. Therefore, we based this investigation on 1951-2010 when both data sets are in 

good agreement, except perhaps more recently when the rain gauge stations density has 

dropped dramatically (Camberlin & Philippon, 2002).  

Prior to the 1990s the multi-decadal average was significantly higher; however, after the early 

1990s, East Africa generally experienced a trend of reduced precipitation during the March-

April-May (MAM) Long Rains season. The explained variance of the leading EOF modes 

are provided in Table 2.2. The EOFs we consider in this study are distinct and well separated 

from the rest of the modes based on a rule of thumb suggested by North et al. (1982). The 

MAM EOF1 for GPCC and CRU rainfall data sets explain 13.55% and 14.34% of the total 

variance, respectively.  

The loading pattern for MAM EOF1 (GPCC) is shown in Figure 2-4b and is generally of the 

same sign of anomalies for most of the region, except the northwestern sector, where the 

loadings are of the opposite sign.  

The robustness of this dramatic climatic shift around the early part of the century is 

confirmed by the area averages for the gridded CRU and GPCC data and the time series of 
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the corresponding leading EOFs (Figure 2-2). To focus on the variability of the cessation of 

the Long Rains, we present the corresponding results in (Figure 2-3) for May. We note that 

although the overall variability over the period of study is more oscillatory than the seasonal 

rainfall in (Figure 2-2), the declining trends in the two time series since the 1990s are 

consistent, thus suggesting that the cessation has been contributing significantly to the 

seasonal decline over the recent decades. The corresponding loading pattern for May EOF1 

(GPCC) is shown in Figure 2-4b. It is generally consistent with the loadings for MAM with 

the same sign of rainfall anomalies for most of East Africa, except the northwestern sector of 

the region. The corresponding explained variance may be found in Table 2.2. The relative 

contribution of the multi-decadal variability of the cessation to the seasonal rainfall (MAM) 

during the recent decades of the declining Long Rains is discussed later.  
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Figure 2-2: Long Rains (March-April-May) CRU/GPCC gridded rainfall data averaged over 

East Africa (blue/brown line) 
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Figure 2-3: May CRU/GPCC East Africa EOF1 time series (blue-dash/brown-dash line, (b) 

as in (a) but for May. 

  



  

20 

 

 

Table 2.2: Percentage variance explained by each significant EOF for GPCC and CRU 

Data Mode March April  May MAM  

GPCC 1 18.73 13.56 13.09 13.55 

GPCC 2 9.07 9.01 8.93 8.99 

GPCC 3 6.83 7.92 7.75 7.46 

CRU 1 21.49 13.78 14.71 14.34 

CRU 2 10.25 10.89 9.00 9.92 

CRU 3 7.61 9.26 7.90 8.59 
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Figure 2-4: a) May CRU rainfall EOF1 loadings, (b) May GPCC rainfall EOF1 loadings, 

(c)March-April -May CRU rainfall EOF1 loadings, and (d) March-April-May GPCC rainfall 

EOF1 loadings 
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2.5.2.  Relationship of Multi-Decadal Drought (MDD) with 

Global Sea Surface Temperature (GSST) 

In order to show the relationship of the decline in May rainfall with Global Sea Surface 

temperature (GSST), the correlation of the May average rainfall over East Africa with 

COBE2 SST is shown in Figure 2-5. The mid-Atlantic Ocean SSTs adjacent to Portugal have 

the largest area of statistically significant correlations.  Statistical significance was used as a 

cut-off for plotting purposes. To estimate statistical significance, we applied a 95% 

confidence interval threshold based on six degrees of freedom in the 10-year smoothed data 

for 1951 - 2010. The correlation of the March-May average rainfall over the same region is 

shown in Figure 2-6.  There are large areas of statistically significant correlations both in the 

Pacific and in the northern Atlantic. 

 Figure 2-7 illustrates a strong negative relationship between the Atlantic Ocean SSTs 

(averaged over the box with the highest correlation in Figure 2-5; 25W-5W, 30-45N) and the 

Long Rains in May. As expected the SSTs are also highly correlated (r=0.92) with the AMO 

climate index (Enfield et al., 2001). Figure 2-9 shows the loading (a) and time series (b) for 

the pre-smoothed CRU TS 3.22 data, compared to AMO smoothed using a normal kernel 

and a bandwidth of 10.  While the time series and AMO are more smoothed due to the choice 

of kernel, the strong negative relationship still exists, even though the rainfall was smoothed 

before the EOF analysis. The loading in Figure 2-9 is similar to that of Figure 2-4a, except 

for areas of negative loadings in the Democratic Republic of Congo, Northern Tanzania and 

into Kenya.  
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The correlation of March-May rainfall with SSTs in the Northern Atlantic region (44°W-

25°W, 32°N-39°N) is displayed in Figure 2-8.  There is a strong negative relationship 

between the Northern Atlantic Ocean SSTs in this region and the Long Rains over the entire 

March-May season. 

 

 

 

Figure 2-5: Temporal correlation (1951-2010) between the decadal filtered first mode of the 

GPCC rainfall in the East Africa region during May, and similarly filtered SST anomalies for 

the same month. Values only shown above a threshold significance of 0.82, the 95% 

confidence level when assuming a 10 year period for each degree of freedom. 
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Figure 2-6: As in Figure 2-5, but for the March, April, May period average (MAM). 
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Figure 2-7:  1951-2010 series for AMO (black), SST (°C) averaged 25W-5W, 30N-45N 

(blue dotted line), and GPCC v6 gridded rainfall data averaged over East Africa (red) z-

scores for May, 
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Figure 2-8:  SST (°C) averaged 44W-25W, 32N-39N (blue dotted line), and GPCC v6 

gridded rainfall data averaged over East Africa (red) z-scores for MAM. 
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Figure 2-9: May EOF1, where CRU TS 3.22 rainfall was smoothed prior to EOF analysis 

using a normal kernel loading. 
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Figure 2-10: May EOF1, where CRU TS 3.22 rainfall was smoothed prior to EOF analysis 

using a normal kernel (a) loading and (b) time series (solid) with smoothed AMO (dashed). 

 

2.5.3.  AMO-Related Teleconnections 

We investigated the teleconnections between the Long Rains and the Atlantic by applying 

weighted compositing based on the normalized May 300hPa reanalysis geopotential height 

data (Kalnay, 1996). The time series for the area averaged East African GPCC rainfall was used as 

the weights for generating geopotential composites (Figure 2-11). During the wet years (wet 
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composite), corresponding to the negative phase of AMO (Figure 2-11), we observe a 

distinct sub-tropical, large amplitude, short-wave, stationary split Rossby wave train at 

300hPa. The first wave train axis originates from the mid-Atlantic Ocean basin, extends 

across northern Africa, into East Africa and Saudi-Arabia. The second wave component of the 

split wave is primarily a high-latitude phenomenon especially near the source region, with 

much longer wavelength than its sub-tropical stationary wave counterpart. Its axis roughly 

tracks the northern continental margin of Eurasia. The dry yearsô geopotential composite 

(Figure 2-13) is primarily the opposite pattern. The corresponding 850hPa geopotential 

composites contour plots are displayed in Figure 2-12 and Figure 2-14. The sub-tropical wave 

has a vertical structure consistent with the first baroclinic vertical mode. However, the high 

latitude Eurasia wave is quasi-barotropic.   Variations in upper level mean zonal wind have 

been connected to Rossby waves (Jin & Hoskins, 1995; Ambrizzi & Hoskins, 1997; Lu et al, 

2008). The 300 hPa anomalous mean zonal wind at 20°W-2.5°W, 0°N-90°N (Figure 2-16) for 

the wet (solid) and dry (dashed) years, is consistent with the split wave with anomalously 

strong westerlies between  approximately 18°N and 40°N  and 65°N and 80°N during wet 

years. 

Hoskins and Ambrizzi (2014) and other more recent studies have investigated Rossby 

wave response to many different wavemakers including heat sources throughout the world.  

Stationary Rossby wave response tends to follow westerly wave guides, westerly 

equatorial wind wave-corridors, and other preferred paths. The high-latitude stationary 

Rossby wave train in Figure 2-11 is consistent with the stationary wave in (Luo et al, 2011), 
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which they associated with the variability of the ISM. Further inspection strongly suggests 

that the sub-tropical stationary wave and its interaction with the corresponding high-

latitude wave may be important in explaining the teleconnection between the Atlantic SST 

anomalies and the East Africa Long Rains. Schubert et al. (2014) EOF global analysis of the 

MERRA reanalysis monthly mean 250-hPa meridional wind field also shows a stationary 

wave associated with their leading mode. Although their analysis focuses on intra-seasonal 

climate variability and the June through August months, it is apparent that the southern 

component of the split wave (Fig.11 of Schubert et al.) is consistent with the tropical wave 

train in Figure 2-11. The high pressure centered over northern Europe merges with the sub-

tropical stationary wave high over India. The corresponding low-level easterly anomaly 

momentum flux into East Africa (Figure 2-17) is consistent with the east-west pressure 

gradient associated with AMO-related high pressure over the southern Asia/equatorial Indian 

Ocean basin and the AMO-related low pressure over East Africa (Figure 2-11). The low-

level easterly anomaly flow is favorable for enhanced Long Rains during the negative phase 

of AMO. Concurrently, the wet composite is also associated with an upper level 

southward jet-like meridional flow in geostrophic balance with the adjacent wave high 

and low geopotential centers. It converges over the northwestern sector of East Africa 

(South Sudan), thus inducing descending motion and negative rainfall anomalies          

(Figure 2-17). The dry-years composite (positive phase of AMO) is associated with 

reversal in the meridional jet-like current (Figure 2-18) and wetter conditions over South Sudan.  
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The pre-smoothed wet composites of 300 hPa geopotential height and winds (Figure 2-21) 

agree with the post-smoothed data analysis. 

The vertical motion anomaly composites for the wet composite years (Figure 2-23) confirm 

the regional response to the AMO-induced split Rossby wave train. Over most of East Africa 

the corresponding upward motion is clearly evident. Over the northwestern sector of the 

region (South Sudan) motion is descending, thus consistent with the upper level convergence 

of the jet-like upper level current (Figure 2-16) and negative rainfall anomalies (Figure 2-4). 

The opposite vertical motion pattern is observed for the composite for the dry-years     

(Figure 2-24). 

It is instructive to assess the relative contribution of AMO-related variability during the 

cessation period compared to other sources of multi-decadal variability. We therefore 

retained only the EOF1 (GPCC), which we have established is highly correlated with 

the AMO climate index (Figure 2-7), to reconstruct the GPCC rainfall gridded data-set. 

The results for the reconstructed rainfall averaged over the region (Figure 2-25) are rather 

surprising, as the observed decline in the Long Rains since the 1980s may be recovered 

simply by considering only the contributions of the AMO-related rainfall mode.   

To interpret the results of our study focusing on the cessation in May in terms of the entire 

MAM Long Rains season, we compared the relative contributions of each month of the March-

April-May to the seasonal total rainfall.  During the recent two decades, the contributions of 

April and May are 55% and 29% respectively, and thus comparable (Figure 2-26). However, 

the contribution of March (16%) is significantly much less. This confirms that the contribution 
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of AMO-like variability which dominates in May has an important contribution to the recent 

multi-decadal decline in the seasonal rainfall totals. 

 

Figure 2-11: Weighted composites based on the normalized May 300 hPa geopotential height 

data for positive anomaly rainfall years. The time series for the area averaged East African 

GPCC rainfall was used as the weights for generating geopotential composites.  
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Figure 2-12: Weighted composites based on the normalized May 850 hPa geopotential height 

data for positive anomaly rainfall years. The time series for the area averaged East African 

GPCC rainfall was used as the weights for generating geopotential composites.  
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Figure 2-13: Weighted composites based on the normalized May 300 hPa geopotential height 

data for negative anomaly rainfall years. The time series for the area averaged East African 

GPCC rainfall was used as the weights for generating geopotential composites.  
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Figure 2-14: Weighted composites based on the normalized May 850 hPa geopotential height 

data for negative anomaly rainfall years. The time series for the area averaged East African 

GPCC rainfall was used as the weights for generating geopotential composites.  
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Figure 2-15: Mean Zonal Wind for May. 
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Figure 2-16: Mean Zonal Wind anomaly for above average rainfall (solid) and below average 

rainfall (dashed) for May. The time series for the area averaged East African GPCC rainfall 

for each month/season was used as the weights for generating zonal wind composites. 

 

 

 



  

38 

 

 

Figure 2-17: Weighted composites of 300mb wind anomalies for the African region during 

May above average East African rainfall.,  The time series for the area averaged East African 

GPCC rainfall was used as the weights for generating the composite.  At each level, the scale 

shown for the positive phase was also used for the corresponding negative phase, but please 

note 300mb and 850mb are not to the same scale. (Michael Angus, personal communication, 

2015). 
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Figure 2-18: Weighted composites of 300mb wind anomalies for the African region during 

May below average East African average rainfall,  The time series for the area averaged East 

African GPCC rainfall was used as the weights for generating the composite.  At each level, 

the scale shown for the positive phase was also used for the corresponding negative phase, 

but please note 300mb and 850mb are not to the same scale. (Michael Angus, personal 

communication, 2015) 
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Figure 2-19: Weighted composites of 850mb wind anomalies for the African region during 

May above average East African average rainfall,  The time series for the area averaged East 

African GPCC rainfall was used as the weights for generating the composite.  At each level, 

the scale shown for the positive phase was also used for the corresponding negative phase, 

but please note 300mb and 850mb are not to the same scale. (Michael Angus, personal 

communication, 2015) 
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Figure 2-20: Weighted composites of 850mb wind anomalies for the African region during 

May below average East African average rainfall,  The time series for the area averaged East 

African GPCC rainfall was used as the weights for generating the composite.  At each level, 

the scale shown for the positive phase was also used for the corresponding negative phase, 

but please note 300mb and 850mb are not to the same scale. (Michael Angus, personal 

communication, 2015) 
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Figure 2-21: Positive rainfall composite for May EOF 1 of CRU TS 3.22 rainfall smoothed 

with a normal kernel before EOF analysis 300hPa anomalous geopotential height.  
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Figure 2-22: Positive rainfall composite for May EOF 1 of CRU TS 3.22 rainfall smoothed 

with a normal kernel before EOF analysis (a) 300hPa anomalous geopotential height and (b) 

300hPa anomalous winds.  
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Figure 2-23: Schematic showing weighted composite omega at slices of 20° Longitude, 

where the time series for the area averaged East African GPCC rainfall was used as the 

weights for generating the composite. Cool (warm) colors indicated negative (positive) 

omega, and therefore upward (downward) motion. Composite for wet years. (Michael Angus, 

personal communication, 2015) 

 

.  
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Figure 2-24: Schematic showing weighted composite omega at slices of 20° Longitude, 

where the time series for the area averaged East African GPCC rainfall was used as the 

weights for generating the composite. Cool (warm) colors indicated negative (positive) 

omega, and therefore upward (downward) motion. Composite for dry years. (Michael Angus, 

personal communication, 2015) 
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Figure 2-25: Area average over East Africa based on the reconstructed GPCC gridded 

rainfall data by retaining only the EOF1 (blue, i.e. AMO like mode); area average over East 

Africa based on the  GPCC gridded rainfall data (i.e. retaining all the EOF modes); residue 

based on the difference between Observed and EOF1. 
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Figure 2-26: Area averaged GPCC rainfall for March, April, May and the whole Long Rains 

season (March-April -May) 1951-2010 

 

2.5.4.  Evaluation of CORDEX 

In order to evaluate CORDEX, we recreate Figure 2-7 using an ensemble of 8 CORDEX 

regional climate models which have downscaled ERA-interim reanalysis for 1989-2008 
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(Figure 2-27), shown with GPCC smoothed over the same time period for comparison.  

While CORDEX does simulate a decline in MAM season precipitation, it is not as sharp a 

decline as was seen in GPCC (Figure 2-27).  However, the CORDEX ensemble does 

simulate the decline in May rainfall from 1989-1999, and a subsequent increase (Figure 

2-28).  The total precipitation for both data sets is reproducible by reconstructing the 

precipitation based on only the first mode of variability in both May and MAM (Figure 

2-29). However there are larger residuals in the MAM season (Figure 2-29) in CORDEX 

than there were in GPCC (not shown).  The relative contributions of each month of the 

March-April-May to the seasonal total rainfall are different in CORDEX than in GPCC 

(Figure 2-31). While the average May precipitation is simulated properly, there is also less of 

a decrease in April precipitation in CORDEX than exists in GPCC.   This causes CORDEX 

to simulate less of a decline in the MAM rainfall than is observed in GPCC and CRU. 
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Figure 2-27: Long Rains (March-April-May) CRU/GPCC gridded rainfall data averaged over 

East Africa (blue/brown line); March-April -May CRU/GPCC East Africa EOF1 time series 

(blue-dash/brown-dash line. 
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Figure 2-28: May CRU/GPCC gridded rainfall data averaged over East Africa (blue/brown 

line); May CRU/GPCC East Africa EOF1 time series (blue-dash/brown-dash line. 
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Figure 2-29: Area average over East Africa based on the reconstructed CORDEX gridded 

rainfall data by retaining only the EOF1 (blue, i.e. AMO like mode); area average over East 

Africa based on the  CORDEX gridded rainfall data (i.e. retaining all the EOF modes) for 

MAM season. 
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Figure 2-30: Area average over East Africa based on the reconstructed CORDEX gridded 

rainfall data by retaining only the EOF1 (blue, i.e. AMO like mode); area average over East 

Africa based on the  CORDEX gridded rainfall data (i.e. retaining all the EOF modes) for 

May. 
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Figure 2-31: Area averaged CORDEX rainfall for March, April, May and the whole Long 

Rains season (March-April -May) 1989-2008. 
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2.6.  Discussion 

Consider ing the collect ive evidence in this study, we propose a set of regional 

factors that may account for the response of the cessation period (May) of the Long Rains 

of East Africa to the Atlantic-induced split stationary Ro ssby wave (Figure 2-11). The 

corresponding rainfall pattern (Figure 2-4) is of the same sign for most of the region, except 

the northwestern sector where the rainfall anomalies are of the opposite sign. More 

specifically,  evidence in this study suggests that during the negative phase of AMO there 

are two complementary factors that contribute to the rainfall anomalies over Eastern Africa 

during the secession (May) of the Long Rains: (i) convergence of an upper level quasi-

geostrophic jet-like flow over the northwestern sector of East Africa (South Sudan) from the 

Mediterranean Sea region (Figure 2-17); it is accompanied by descending motion (Figure 

2-23) and negative rainfall anomalies (Figure 2-4); and (ii) low-level westward flow across 

the Indian Ocean (Figure 2-17) in response to the pressure gradient associated with the 

interaction of the AMO-induced sub-tropical and mid-latitude stationary Rossby wave 

components of the AMO-induced split wave over the Afro-Asia region. The AMO-induced 

split wave is accompanied by positive rainfall anomalies during the negative phase of AMO. 

The observed circulation anomalies over the Indo-Pacific Ocean could be complementary to 

the anthropogenically driven contribution to the declining Long Rains proposed by Williams 

and Funk (2011). During the negative phase of AMO, the low-level wind anomaly also 

appears to induce upwelling (Figure 2-34) associated with southward low-level coastal flow, 
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result in warmer SSTs, increased evaporation and further contribution to enhanced positive 

rainfall anomalies.  

Considering that AMO is predicted to stay in its present warm phase until 2030 (Enfield et al., 

2001), the wetter conditions projected by the IPCC models may be delayed or averted 

altogether over East Africa.  Also, the high correlation known to exist between the cessation 

of the Long Rains and the onset of the ISM (Camberlin et al., 2010), the sub-tropical 

stationary wave and its interaction with the mid-latitude component of the split wave may 

also have important implications for multi-decadal climate variability over the Indian 

Peninsula. 

The detection of the split stationary wave train has significant implications for nested 

climate modeling work for climate projections. It is impressive that the current CORDEX 

models represent the May rainfall over the region when downscaling ERA-interim 

reanalysis. We envisage that it would be a challenge for the current CORDEX (Nikulin et al., 

2012) models to realistically represent the combined influence of the AMO-induced split stationary 

Rossby wave on the Long Rains, especially when downscaling GCM data. Specifically, these 

regional climate models would have to correctly simulate: (i) wave forms across the lateral 

boundaries (Figure 2-11), (ii) the Mediterranean-East Africa upper-level jet-like flow (Figure 

2-17), (iii) low-level horizontal pressure gradient across the Indian Ocean (Figure 2-11) 

which accounts for the effects of the mid-latitude Eurasia and the sub-tropical stationary 

wave components, (iv) the corresponding modulation of the monsoon flow (Figure 2-17) and 

(v) effects of upwelling/downwelling (Figure 2-34) on the regional precipitation.  Perhaps 

consideration of a shift of the northern boundary may be desirable for the next generation of 
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the CORDEX model intercomparison project, to ensure realistic representation of an 

important source of multi-decadal variability from the Atlantic Ocean. Cook and Vizy have 

applied a more expanded domain for regional simulation of present and projected East 

African climate. Over eastern Ethiopia and Somalia, they reported that the rains are cut short 

in the mid-twenty-first-century simulation because of an anomalous dry anticyclonic 

circulation that develops over the Arabian Peninsula and the northern Arabian Sea. It 

would be desirable to determine whether the anticyclonic anomaly conditions that they report 

are related to the Atlantic-induced stationary wave pattern that we have found in this 

investigation. The future generation of CORDEX should include air-sea coupling model 

formulation and a larger numerical domain. Presently, the ability of global climate models to 

make realistic projections of AMO is still limited (Latif et al., 2014). Obviously, this 

constitutes a first-order requirement for the information that needs to be passed from the 

global climate models through the lateral boundaries.  

The correlation of MAM rainfall with GSST indicates that in addition to the Atlanticôs 

contribution there is strong relationship with the Indo-Pacific. Considering that we have 

demonstrated that AMO variability dominates during the cessation in May and that the 

contribution of March to the recent decline appears to be relatively less important, suggests 

that the contribution of the Indo-Pacific Ocean proposed recently (Lyon and DeWitt, 2012; 

Lyon 2014; Williams and Funk, 2011) is likely to be more relevant in April during the 

middle period of the Long Rains. 

In addition to the May and MAM season (Figure 2-5), for completeness, we also generated 

the corresponding SST correlation maps for March and April (Figure 2-36). The correlation 
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map for March is not shown because none of the locations satisfy the r Ó |0.82| statistical 

significance criteria. The Atlantic cluster of points (only areas which are statistically 

significant) are shifted to the west of the May cluster of points in Figure 2-5. The time series 

for the corresponding box average for the Atlantic cluster (02-21W, 28-21N) for May (Figure 

2-7) may be compared with the time series for April (37-52W, 28-32N) and MAM (25-44W, 

32-39N) box averages (Figure 2-36). It is evident that May rainfall is clearly highly 

correlated with AMO as we have already noted, April decreases monotonically throughout 

the period covered by our analysis. The latter seems to be more consistent with global 

warming forced variability and perhaps complementary to the sources of multi-decadal 

variability in the Indo-Pacific Ocean basin (Funk and Williams, 2012). The April time series 

resembles MAM time series more than May resembles MAM. This suggests that the 

teleconnections associated with April are more dominant than the corresponding mechanisms 

for May, in the MAM seasonal context. The corresponding geopotential composites for 

positive rainfall anomalies (Figure 2-38, Figure 2-40, and Figure 2-42), for March, April and 

MAM -season indicate existence of a second regime of tropical-stationary Rossby wave form 

in addition to the one for May (Figure 2-11). Its axis and wavelength are associated with 

extensive upper level outflow from East Africa (Figure 2-47, Figure 2-49, and Figure 2-51) 

and hence positive vertical motion which supports enhanced rainfall throughout the region. 

The geopotential composites for negative rainfall anomalies are primarily the opposite 

pattern (Figure 2-39, Figure 2-41, and Figure 2-43), with upper level inflow to East Africa 

(Figure 2-38, Figure 2-40, and Figure 2-42). 
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We have presented a framework for diagnosing the relationships between the dominant 

modes of decadal climate variability of the Long Rains of the East African Monsoon and the 

leading drivers of decadal climate variability. The framework may be used for evaluating 

CORDEX, CMIP and other model data for East Africa.  

 

 

  

14

3
0

0
 m

b 3
0

0
 m

b

Wet Composite-Cold AMO Phase

drier
8
5
0
 m

b

 

Figure 2-32: Schematic showing the main factors responsible for the link between the 

Atlantic SSTs and the cessation of the Long Rains of East Africa for wet years 
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Figure 2-33: Schematic showing the main factors responsible for the link between the 

Atlantic SSTs and the cessation of the Long Rains of East Africa for dry years. 
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Figure 2-34: Weighted composites of 850hPa wind anomalies for the East African region 

during May, below average East African rainfall. Warm colors indicate anomalously high 

SSTôs, cool colors anomalously low SSTs. The same weighting method was used to 

construct the SST anomalies. (Michael Angus, personal communication, 2015) 
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Figure 2-35: Weighted composites of 850hPa wind anomalies for the East African region 

during May, above average East African rainfall. Warm colors indicate anomalously high 

SSTôs, cool colors anomalously low SSTs. The same weighting method was used to 

construct the SST anomalies. (Michael Angus, personal communication, 2015) 
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Figure 2-36: Temporal correlation (1951-2010) between the decadal filtered first mode of the 

GPCC rainfall in the East Africa region during April, and similarly filtered SST anomalies 

for the same month. Values only shown above a threshold significance of 0.82, the 95% 

confidence level when assuming a 10 year period for each degree of freedom.  
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Figure 2-37: SST (°C) averaged 52W-37W, 28N-32N (blue dotted line), and GPCC v6 

gridded rainfall data averaged over East Africa (red) z-scores for April. 
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Figure 2-38: Weighted composites based on the normalized 300hPa geopotential height data, 

for March above average rainfall. 
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Figure 2-39: Weighted composites based on the normalized 300hPa geopotential height data, 

for March below average rainfall. 
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Figure 2-40: Weighted composites based on the normalized 300hPa geopotential height data, 

for April above average rainfall. 
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Figure 2-41: Weighted composites based on the normalized 300hPa geopotential height data, 

for April below average rainfall. 
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Figure 2-42: Weighted composites based on the normalized 300hPa geopotential height data, 

for MAM above average rainfall. 
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Figure 2-43: Weighted composites based on the normalized 300hPa geopotential height data, 

for MAM below average rainfall. 
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Figure 2-44: Mean Zonal Wind anomaly for above average rainfall (solid) and below average 

rainfall (dashed) for March.  
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Figure 2-45: Mean Zonal Wind anomaly for above average rainfall (solid) and below average 

rainfall (dashed) for April. 
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Figure 2-46: Mean Zonal Wind anomaly for above average rainfall (solid) and below average 

rainfall (dashed) for March-April -May season.  
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Figure 2-47: Weighted composites of 300hPa wind anomalies for the African region during 

March above East African average rainfall. 
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Figure 2-48: Weighted composites of 300hPa wind anomalies for the African region during 

March below average East African rainfall. 
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Figure 2-49: Weighted composites of 300hPa wind anomalies for the African region during 

April above average rainfall. 

 

  



 

  76 

 

 

Figure 2-50: Weighted composites of 300hPa wind anomalies for the African region during 

April below average rainfall. 
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Figure 2-51: Weighted composites of 300hPa wind anomalies for the African region during 

MAM above average rainfall. 
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Figure 2-52: Weighted composites of 300hPa wind anomalies for the African region during 

MAM below average rainfall.  

 

2.7.  Conclusions  

East Africa has been experiencing persistent decline of the March-April-May Long Rains for 

multiple decades. Although the connection between the decline and the Indo-Pacific Ocean 

has received much attention, the role of the Atlantic Ocean has not been recognized.  Here 

we show a previously unrecognized stationary atmospheric wave form that links the 

northern Atlantic Ocean basin source region and the cessation of the East African Long 

Rains.  The Atlantic Multi-decadal Oscillation (AMO) variability completely dominates the 
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variability during the cessation of the Long Rains (CLR) in May. The negative phase of the 

AMO is  assoc iat ed wit h enhanced rainfall during the cessation. In contrast, reduced 

rainfall occurs during the positive phase of AMO, and it has contributed to the ongoing 

multi-decadal decline.  The projected continuation of the positive phase of AMO for 

several more decades by recent studies implies the likelihood of the Atlantic Oceansô 

potential contribution to prolong the ongoing drought conditions over East Africa.  

2.8.  Recommendations 

The connection between the East Africa and South Asian Monsoons discussed in this study 

should be investigated further through the collaboration of the two international research 

communities working on these areas. The increased focus of CLIVAR on the monsoons, 

exemplified by the recent relocation of the International CLIVAR Monsoons Project Office to 

Pune in India, is a good opportunity for the strengthened Indo-Asia-Africa research 

collaboration. The continuing search for the attribution of decadal variability and a desired 

improvement of the climate projections for East Africa can benefit by pursuing several 

outstanding questions suggested below. 

Climate Monitoring: What observations are required to monitor the phenomena? How can 

multi-proxy high-resolution paleo-records, including coral and other high-resolution paleo-

records of hydrological and SST variability, be applied to extend the record of PDO, AMO and 

ENSOD beyond the instrumental record to understand their relationship with decadal 

variability of East Africa rainfall? 
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Regional Processes Studies: How does climate change-driven response over East Africa 

interact with natural decadal variability? What are the regional physical mechanisms over East 

Africa (e.g., tropical heating, orographic forcing, coastal processes, etc.) that determine the 

regional response to remote sources of decadal natural variability (AMO) and how well do we 

understand them? What are the mechanisms over the Atlantic heat source region that determine 

the initiation and maintenance of the Atlantic AMO-Africa Rossby decadal wave train? 

Model Evaluation: How well do we understand the response of the East African monsoon 

in models (e.g., linear models, CMIP, CORDEX, etc.) to natural variability drivers including 

AMO? Other months and models should be evaluated. For the analysis of models, other fields 

should be examined as was done for observations.  This would have been done in this study, 

but the fields were available for only four of the eight regional climate models used by 

CORDEX, and the ensemble precipitation for those four models was poor compared to the 

eight model ensemble.  This analysis should be done once the model data is available. 

 

3 Observational & Model Uncertainty in Decision Making for 

Hydroelectric Power Generation  

 

3.1.  Background 

The Lake Victoria basin is the commercial and socioeconomic ónerve centerô of the East 

African Community (EAC). Approximately 30 million people live along its shores, and the 

lake provides employment for three to four million people.  After a long period of near 
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constant levels in the early part of this century, Lake Victoria levels rose by almost 2.5 m 

between 1961 and 1964. This has been explained by a strong Indian Ocean Dipole in 1961 

and unusually high precipitation in East Africa in late 1961 and 1962 (Piper et al., 1986; Sene 

and Plinston, 1994; Kite, 1981). The lake levels remained above the previous average, 

decreasing gradually over time until 2002, when the rate of decrease accelerated rapidly 

(Figure 3-1). From late 2003 through 2005, Lake Victoria's water level dropped over 1.1 m 

from its 10 year average. Various studies have investigated this drop (Kull, 2006(a); Kull, 

2006(b); Sutcliffe and Petersen, 2007; Mangeni, 2006), attributing the drop to various 

combinations of over-release from Nalubaale and Kiira dams and a drought which affected 

the area for several years. In recent years, the level has increased to approximately the levels 

in 2002 (USDA, 2015). Nalubaale Dam (originally called Owen Falls or Rippon Falls Dam), 

located at the Lake Victoria coastal city of Jinja in Uganda, at source of the Victoria Nile, 

was the first major hydroelectric power plant to be commissioned in the region in 1959. 

Bujagali Dam was commissioned in 2011. The Murchison Falls dam in Uganda and several 

other multi-million dollar plants in the Sudan are in the planning phase. The flow of the 

Victoria Nile, and hence the productivity of these dams, is determined by the level of Lake 

Victoria, which is primarily dictated by the rainfall and temperature variability over the Lake 

Victoria Basin (LVB). Notwithstanding the indisputable decline of water resources over the 

lake basin, there is a strong indication based on IPCC (2007, 2013) climate projections that 

this trend, which has persisted for several decades, will reverse in the next few decades. This 

phenomenon has come to be known as the Eastern-Central African climate change paradox 

problem and could have profound implications on sustainable development for the next few 
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decades in Lake Victoria Basin. The outstanding research problem, therefore, is to 

understand the primary sources of climate variability and change to reduce the present high 

levels of uncertainty of climate model projections and ascertain, (i) whether indeed a reversal 

in the availability of water resources will occur during the next few decades, (ii) the timing of 

when it will materialize, and (iii) whether these two factors will be determined at acceptable 

level of confidence for the management of the leading regional climate-sensitive social-

economic sectors.  A substantial volume of climate research activities throughout the world 

addresses different aspects of the óEastern-Central Africa climate paradox problemô.  

Semazzi et al. (2012) explored the prospects for application of climate information to assess 

the performance of hydroelectric energy industry and also to identify the key research 

questions for the provision of climate services over the Lake Victoria Basin region. The 

approach they developed may be extended to other climate change information application 

sectors for the Lake Victoria Basin,  and it comprises the following components: (i) 

acquisition of input from stakeholders for constraining the climate research questions and 

ensure responsiveness to the end-user needs; (ii) understanding of the physical processes that 

are relevant to address the end-user needs to design the appropriate climate projection 

models; (iii) validation of climate projection models in terms of both traditional and end-user 

derived metrics;  (iv) make climate change projections and translate the model output into 

end-user relevant information; and (v) apply this information to inform planners in their 

decision making process. 

More specifically to the hydroelectric power sector for the Lake Victoria Basin, it is apparent 

that the global climate change projection models used in previous development and 
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assessment of potential water release rules/policies did not take into account a variety of 

regionally important physical processes (see Figure 3-2).  

Indeje et al. (2000) found that approximately 42 percent of the total East African rainfall is 

observed during the Long Rains season of March through May (MAM).  Comparing this to 

the average precipitation from GPCC interpolated to six stations around Lake Victoria from 

1901-2010, we find that 40 percent of the annual rainfall around Lake Victoria occurs during 

the Long Rains. During this same time period, 27 percent of the annual rainfall occurs during 

the short rains of October through November (OND), 13 percent occurs during January-

February (JF) dry season, and 20 percent occurs during the June through September (JJAS) 

dry season. Results are similar (40 percent in MAM, 27 percent in OND, 14 percent in JF and 

18 percent in JJAS) for CRU TS 3.22 over the same years. Since the Long Rains are the 

primary source of rainfall in the basin, it may be hypothesized that the decline in the Long 

Rains is mainly responsible for a decline in annual rainfall and, thus, the decline in annual 

Lake Victoria levels.  The objectives of this study are to understand (i) the relative 

contribution of the variability in the annual cycle of the four main rainfall seasons, (ii) the 

lake level adjustment inertia (iii) water use policy to Lake Victoria levels during recent 

decades, and (iv) to evaluate CORDEX in terms of the first objective. 
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Figure 3-1: Evolution of Lake Victoria levels 

(http://earthobservatory.nasa.gov/Features/Victoria).  

 

 

 

 

http://earthobservatory.nasa.gov/Features/Victoria
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Figure 3-2: Schematic showing the primary hydrological balance components and the 

relevant physical climate processes. 

 

3.2.  Methods 

We use the annual water balance model developed by Tate et al. (2004) (see section 3.2.2) to 

investigate the role of the decline in the Long Rains in the decline in Lake Victoria levels. 

We further evaluate how differences in the two observational datasets, CRU and GPCC, 

affect Lake Victoria levels as well as how an ensemble of CORDEX precipitation captures 

the seasonal rainfall trends from 1989-2008. 
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3.2.1.  Interpolation 

The gridded precipitation data is interpolated to the six station points used in the water 

balance model using WENO interpolation (Capdeville, 2008). WENO interpolation is 

effective in removing the oscillatory nature of the typical straightforward polynomial 

interpolation. Instead of creating one polynomial interpolant, in the WENO approach, one 

creates several, using several different "stencils" of cells. The main stated advantage 

of WENO is that it is adaptive to the data being interpolated. For smooth data, high-order 

accuracy is retained, but for non-smooth data, the interpolation degrades in accuracy to keep 

unrealistic oscillations, and thus unrealistic values, from developing in areas with 

discontinuities (Capdeville, 2008). 

3.2.2.  Water Balance Model 

Tate et al. (2004) and others (Sene and Plinston, 1994; Sene, 2000) developed a water 

balance model to estimate the level of Lake Victoria at the end of a given year (Ln) by 

calculating the change in lake level during the year (ȹL) and adding it to the projected level 

for the previous year (Ln-1(estimated)). The change in lake level is calculated as: 

ῳὒ  ὖ Ὁ    (3.10) 

where P and E are precipitation and evaporation over the lake, respectively. Qin is inflow to 

the lake from tributaries, Qout is outflow from the dams at Jinja, and A is the surface area of 

Lake Victoria. Evaporation is assumed to be constant at 1595 mm/year. Precipitation over 

the lake, the dominant source of water for Lake Victoria, is assumed to be a function of the 
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average annual rain gauge precipitation at eight stations (Jinja, Entebbe, Kisumu, Musoma, 

Bukoba, Mwanza, Kalangala, and Kagondo) along the shores of the lake. The model has 

been adjusted so that Kalangala and Kagondo are no longer used.  For this study, 

precipitation from the gridded datasets is first interpolated to the six stations using WENO 

interpolation, and then the interpolated station precipitation values are used in place of 

station gauge precipitation. The inflow, Qin, from five tributaries (Nzoia, Yala, Sondu, 

Awach Kaboun and Kagera) is a non-linear regression from the precipitation over the lake, 

P. Subcatchment rainfalls, Pc, for each of the five tributaries were estimated using 

regressions of annual total data for the period 1965-1990 (Table 3.1). The runoff coefficient 

for each catchment is then estimated from the subcatchment rainfall by linear regression 

derived by Sutcliffe and Parks (1999) as ὶ πȢπππςὖ πȢρσψφȢ 

 The runoff from each subcatchment to Lake Victoria is then estimated by multiplying each 

subcatchmentôs rainfall by the runoff coefficient and the subcatchment area. The total inflow 

to Lake Victoria is estimated as the runoff of Nzoia, Yala, Sondu and Awach Kaboun scaled 

up by a factor of 2.7 on an annual basis, plus the flow of the Kagera increased by 10% to 

account for the flow of the Ngono tributary, which joins it downstream of the gauging 

station (Tate et al, 2004; Institute of Hydrology, 1985). The outflow, Qout, is calculated from 

the Agreed Curve, which has the form:  

ὗ ‌ὒ ‍   (3.11) 

where Ŭ and ɔ are empirical coefficients, and ɓ is a datum value, or reference point against  
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which measurements are made (Sene, 2000). Substituting equation 3.11 into equation 3.10 

produces: 

ῳὒ ὖ Ὁ    (3.12) 

where Ŭ = 70.332 or 66.3; ɓ = 8.058 or 7.96; and ɔ = 2.00 or 2.01 depending on the equation 

used for Qout (Koren, 1995; Sene, 2000). Since ȹLn appears as a term on the left hand side 

and in the nonlinear term on the right hand side of equation 3.12, the equation must be 

solved iteratively.  This procedure is executed using two iterations, setting ȹLn=0 on the 

first iteration. Figure 3-2 summarizes the algorithm for estimating the lake level using the 

method from Tate et al. (2004). 

Table 3.1: Regressions of rainfall for 1956-1990. Pc is catchment rainfall, Pl is estimated 

rainfall over Lake Victoria. 

Catchment Regressions Correlation, R2 

Nzoia Pc=(0.685 * Pl) + 154.3 0.52 

Yala Pc=(0.951 * Pl) + 64.7 0.61 

Sondu Pc=(0.666 * Pl) + 302.6 0.39 

Awach Kaboun Pc=(0.785 * Pl) + 337.4 0.29 

Kagera Pc=(0.556 * Pl) + 142.8 0.60 
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Figure 3-3: Water balance model algorithm for Lake Victoria used by Tate et al. (2004). The dashed 

arrow is not foll owed in the modified algorithm used in this study. 
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3.3.  Data 

For information on CRU TS 3.22, GPCC v6 and CORDEX rainfall data, refer to the previous 

chapter (section 2.3).  

3.3.1.  Observed Lake Levels 

The lake level data is based on a data set of lake level observations from January 1949 

through May 1998 at a gauge at the main river outlet in Jinja, Uganda, obtained from an 

archive at the Ministry of Water Resources in Uganda (Davis, 2007b). This data set was 

extended through present day using TOPEX/POSEIDON, Jason-1 and Jason-2 altimetry 

satellite data (USDA, 2007). Since the heights obtained by satellite altimetry are an average 

of all topography within the instrument footprint further averaged in the direction of the 

satellite motion, these values differ from traditional gauge measurements which are at 

specific points. Therefore, the satellite altimetry data was supplied as a lake height variation 

with respect to the TOPEX/POSEIDON 10 year mean level.  The climatological mean was 

found by subtracting the satellite data from the observations for the time period the two data 

sets had in common.  From this, a mean was chosen and added to the satellite anomalies.  

The mean was adjusted until bias and error were reduced to -4 * 10-4 and 0.0585 

respectively (Davis, 2007b). The remaining satellite altimetry time series was then added to 

the resulting mean, creating a combined data set for January 1949 through the present. 



 

  91 

3.4.  Results 

3.4.1.  Validation of the Water Balance Model 

A primary step involved in using Tate et al. (2004) Water balance model to generate the time 

series for Lake Victoria levels is the calculation of the change in level, ȹL, using rainfall, P, 

as input to the water balance model as depicted in Figure 3-3. The validation of the water 

balance model was based on 1901-2010 precipitation to address the consistency between 

CRU & GPCC gridded data sets.  The modeled lake levels were then compared to the 

observed lake levels starting in 1950, when the observed lake levels dataset begins. Figure 

3-4 shows z-scores for the change in lake level calculated for each year by the water balance 

model and the mean rainfall from the six stations that are used as input to the water balance 

model on an interannual basis as well as the water balance model run using smoothed 

rainfall.  It is clear that on an interannual time step, the change in level is highly correlated to 

the rainfall for each year (rcru =  0.95, rgpcc = 0.95).  When the rainfall input to the water 

balance model is smoothed to investigate decadal variability, the peak in dL z-scores occurs 

simultaneously with peaks in dR z-scores. The ȹL at the end of each year was used to 

compute the new lake level at the end of the year, Ln+1 = Ln + (ȹL)n. The lake levels 

calculated using the water balance model starting in 1900 with a guess starting level of 11m 

are shown in Figure 3-14.  The correlation between the modeled levels and observed levels 

from 1951-2010 is rcru = 0.78 and rgpcc = 0.71.  This is a remarkable result, because the lake 

level is not re-initialized during the entire period.  It confirms the reliability of the 

hydrological model and accuracy of the precipitation data over the longer time period. 



 

  92 

Semazzi et al. (2012) have shown that while the Agreed Curve release is followed, the lake 

will reach an equilibrium level after approximately twenty years.  The water balance model is 

started this early only to show the agreement in levels calculated using the two gridded 

station datasets.  By 1950, when the observed lake levels data set begins, the levels have 

reached an equilibrium irrespective to the starting lake level. CRU and GPCC show 

agreement in lake levels and agree with the variability in lake levels. Neither dataset 

completely captures the jump in lake levels from 1961-1990, and both the modeled levels are 

below observed lake levels until the early 1990ôs.  In the mid-2000ôs both datasets show an 

increase in lake levels, while the observed levels decline.  This difference could be attributed 

to more water being released by the hydroelectric power industry or by a lack of station 

rainfall data in recent years. 
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(a)  

 

(b)  

 

Figure 3-4: Comparison of z-scores for change in level calculated by a water balance model 

(dL, black), with precipitation (dR, blue) for (a) CRU TS 3.22 interannual, (b) GPCC v6 

interannual, 
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Figure 3-5: Lake Victoria levels calculated using CRU (blue) and GPCC (red) from 1901 to 

2010 compared to observed lake level dataset (black). 

 

 

3.4.2.  Relative Contribution of Seasonal Rainfall Variability to 

the Annual Cycle 

 

As stated earlier, the goal is to understand the relative contributions of the different seasons 

to the decline of Lake Victoria levels in the recent decades. The annual areal average rainfall 

over the Eastern Africa region is shown in Figure 3-6.  The rainfall is similar between CRU 

and GPCC for all seasons however CRU is noticeably lower at some points.  Figure 3-7 

through Figure 3-10 show the variability of rainfall for the JF, MAM, JJAS and OND 

seasons. As noted in Section 2.4.1, the decadal decline in MAM rainfall is clearly apparent 
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(Figure 3-8) however it is hard to discern a trend in the other seasons and in the annual 

rainfall in the region. The datasets agree well during the Long Rains. However, the annual 

rainfall does not have the same decreasing trend, and annual rainfall may even be increasing 

since 1995 in CRU. This increase in CRU could be due to a lack of stations in the region, 

however, as CRU has less than 100 stations in the Eastern African region, on an average 

month, during this time period during all seasons (Figure 3-11).  As mentioned in section 

2.4.1.2, CRU precipitation uses gridded percentage anomalies and inputs zeros to areas 

where there are no stations in a 2.5° by 2.5° grid.  It is probable that zeros have been input in 

the Eastern African region since 2000. The added zero anomalies would bias the rainfall 

anomalies towards the climatology used in CRU, which was during wetter conditions.  

Precipitation has increased during the dry season of JF (Figure 3-7) and the short rains of 

OND (Figure 3-10) which has compensated for the drier MAM season since the early 1980ôs.  
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Figure 3-6: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to 

six stations used in Tate et al. (2004) water balance model for the total year.  
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Figure 3-7: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to 

six stations used in Tate et al. (2004) water balance model for JF.. 
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Figure 3-8: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to 

six stations used in Tate et al. (2004) water balance model for  MAM. 
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Figure 3-9: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to 

six stations used in Tate et al. (2004) water balance model for JJAS. 
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Figure 3-10: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to 

six stations used in Tate et al. (2004) water balance model for OND. 
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όōύ 

 

Figure 3-11: average number of stations per month used in (a) CRU and (b) GPCC gridded 

station data sets over the East African domain. Note that the y-axis are different. 
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3.4.3.  Lake Victoria Levels 

In order to understand the relative contributions of the different seasons to the decline of 

Lake Victoria levels in recent years, we focus on the 1951-2010 levels for which the water 

balance model has been successfully validated against the observed lake levels. GPCC 

rainfall is used for the comparison of the effect of seasonal rainfall on Lake Victoria levels, 

since it has a greater number of stations in the Eastern Africa region and does not add zero 

anomalies to the interpolation of stations to grids. We conduct five sensitivity calculations 

with the water balance model. 

S1 = WBMCLIM(ὐὊὓὃὓ  ὐὐὃὛὕὔὈ) 

S2 = WBMMAM (ὐὊὓὃὓ  ὐὐὃὛὕὔὈ) 

S3 = WBMNoMAM(ὐὊὓὃὓ ὐὐὃὛὕὔὈ) 

S4 = WBMJF(ὐὊὓὃὓ  ὐὐὃὛὕὔὈ) 

S5 = WBMJJAS(ὐὊὓὃὓ  ὐὐὃὛὕὔὈ) 

S6 = WBMOND(ὐὊὓὃὓ  ὐὐὃὛὕὔὈ) 

where ( ) is the 1951-2010 climatology for a given season and a season without an overbar 

is the unfiltered precipitation for that season. 

The results for S1 are shown in Figure 3-12. The lake levels start at the 1950 observed level 

and then increase slowly until the level associated with the long-term average rainfall is 

reached.  When the levels for S1 are subtracted from the modeled levels using annual 

precipitation for 1951-2010 using GPCC, the levels decrease from the early to mid-1960ôs 

however there is no noticeable decrease from the 1980ôs through 2010 (Figure 3-13).  
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Using the MAM rainfall with the climatology for the other seasons in the water balance 

model, the variability in lake levels related to that month can be calculated for S2 (Figure 

3-14), subtracting the level calculated using only climatology (S6), the decrease is more clear 

(Figure 3-15).  If MAM rainfall variability was the only contributing factor to lake levels, the 

levels would have decreased with the decrease in rainfall found in Wil l iams & Funk,  

2011; Lyon, 2014; Yang et al., 2014; and others and verified in the previous chapter.  If 

the other seasons are used, and climatology is used for the MAM season, the lake levels 

would have been higher (Figure 3-16 and Figure 3-17). The remaining seasons have various 

effects on lake levels. The dry seasons of JF (Figure 3-18 and Figure 3-19) and JJAS (Figure 

3-20 and Figure 3-21) do not account for much variability in lake levels however the levels 

increase in recent years when only the variability from each of these seasons is used in the 

water balance model.  October through December (Figure 3-22 and Figure 3-23) does have a 

significant effect on the interannual variability in lake levels and also shows an increasing 

trend in lake levels.  However, no individual season shows an increase in lake levels as large 

as the change in levels when MAM rainfall is used individually or removed from the annual 

rainfall variability. The increase in rainfall in OND combined with increases during the dry 

seasons, especially JJAS, is responsible for the increase in levels. 

While several studies have investigated the possibility of the violation of the agreed curve by 

the outflow from Owen's Falls Dam, as one of the explanations for the 1961-64 increase in 

Lake Victoria Levels, Kite (1981) showed using published excesses and shortages of released 

water on an annual basis for 1957-1979, that dam usage has caused a cumulative rise in lake 

level of just under 3 cm (Table 3.2). From 1961-1979, the table shows an excess release 
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which would decrease Lake Victoria levels during this time. Sene and Plinston (1994) 

examined recorded releases from the Owen Falls dam site and compared those to expected 

releases from the extended Agreed Curve (Figure 3-24). They found that, since operations 

started at the Owen Falls dam, releases have followed the Agreed Curve for the most part and 

compensatory releases have usually been made at a later date when departures have occurred. 

They found that the effects of the departures from the Agreed Curve were small up to 1994. 

More recently, Kull (2006(a)) investigated the drop in Lake Victoria levels from 2002-2005, 

using a water balance simulation for 2004 and 2005. He found that the severe drops in levels 

from 2004-2005 were approximately 45% due to drought during those years and 55% due to 

over-releases from Nalubaale and Kiira dams. Kull (2006(a)) extended these results by 

sampling technical reports and interviews from 2005 to compare reported dam releases to 

estimated lake levels from USDA (2005). 
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Figure 3-12: Lake Victoria levels calculated using climatological mean for 1950-2010 (S1). 
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Figure 3-13: Lake Victoria levels calculated using annual precipitation minus the levels 

calculated using the climatological mean for 1950-2010 (Modeled lake level - S1). 
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Figure 3-14: Lake Victoria levels calculated using annual precipitation from GPCC (black) 

and GPCC data filtered to include variability ( S-2). 
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Figure 3-15: Difference between Lake Victoria levels calculated GPCC data filtered to 

include variability from only the MAM season and the level from the annual climatological 

mean. (S2-S1) 
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Figure 3-16: Lake Victoria levels calculated using annual precipitation from GPCC (black) 

and GPCC data filtered to include variability from only the MAM season (S3). 
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Figure 3-17: Difference between Lake Victoria levels calculated GPCC data filtered to 

include variability from all seasons except MAM and the level from the annual 

climatological mean. (S3-S1) 
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Figure 3-18: Lake Victoria levels calculated using annual precipitation from GPCC (black) 

and GPCC data filtered to include variability from only the including variability from JF 

season (S4) 
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Figure 3-19: Difference between Lake Victoria levels calculated GPCC data filtered to 

include variability from only the JF season and the level from the annual climatological mean 

(S4-S1) 
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Figure 3-20: Lake Victoria levels calculated using annual precipitation from GPCC (black) 

and GPCC data filtered to include variability from only the JJAS season (S5) 
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Figure 3-21: Difference between Lake Victoria levels calculated GPCC data filtered to 

include variability from only the JJAS season and the level from the annual climatological 

mean (S5-S1). 
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Figure 3-22: Lake Victoria levels calculated using annual precipitation from GPCC (black) 

and GPCC data filtered to include variability from only the OND season (S6). 
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Figure 3-23: Difference between Lake Victoria levels calculated GPCC data filtered to 

include variability from only the OND season and the level from the annual climatological 

mean (S6-S1). 
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Table 3.2: Possible effect of Owen Falls Dam on Lake Victoria levels adapted from (Kite, 

1981), his Table 2 

 
  


















































