ABSTRACT

SMITH, KARA ANN. An Investigation of the Hydroclimate Variability of Eastern Africa.
(Under the direction of Fredrick Semazzi).

East Africa, spanningfrom 22.5°E to 52.5°E and 13.5°S to 1°AN5 has been
experiencinga persistentdeclne of the Long Rains (March-May) for multiple decades.
However, the Intergovernmental Panel on Climate Change (IPCC) preyettsrconditions
This apparent contradiction between the recent rdeltedal rainfall decline and the projected
wetter climaticconditionsis referredto 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 deckldes. specifically, it addreses
the following the objectiveqi) understanding the climatic factors responsible for decfine i
precipitationfor the Long Rain®ver Eastern Africaand (ii) investigating thehydrological
factors involved in the decline of Lake Victoria levels ontext of the decline of the Long
Rains.

Although the connectionbetweenthe decline and the Indo-Pacific Ocean haseceaved
much attention,the role of the Atlantic Oceanhasnot beenrecognized. Our analysis
begins byshowing a previously urnrecoquizedstationaryatmospheriavave formthatlinks
the northen Atlantic Oceanbasinsouceregionandthe cessation of thEastAfrican Long
Rains. The Atlantic Multdecada Oscillation (AMO) variabilitydominates the variability
during the cessation dhe Long Rainsin May. The negaive phase of the AMO is
associated withenhanced rainfall during the cessatidn.contrast, reduced rainfall
occurs during the positive phase of AM@nd it has contributed to the ongoing multi

decadal declineThe projectal continuationof the positve phaseof AMO for several more



decades byecentstudiesmpliesthelikelihoodof the Atlantic O ¢ e apotenfialcontribution
to prolong the ongoing drought conditions over East Africa. It is shown that CORDEX
regional modelsdownsaling ERAinterim reanalysis isble to capture the relationship
between May precipitation over the region and @MHowever, the decline in the Lon@iRs
Is not as pronounced in CORDEX as it is in observations.

We further investigate whethéne decline in precipitation in the Long Rains (MAM) is
also present in other seasons and annuallg. fid that annuaprecipitation is slowly
increasing,which indicates thatraincrease in rainfall during one or more of the remaining
seasons (Januafelruary, JulySeptember and OctobBrecember) ixompensating for the
decline inthe Long Rains rainfall.

The corresponding annubbke Victoria levels modeled ugj observed rainfall do not
decline in the recent decades, except whenLong Rains sesonal variability is considered
without variability from other seasangHowever, lake levels modeled using an ensemble of
bias correcte€ORDEX models show a decline in lake levels from 1989 to 280%) annual

precipitation, which is the opposite tretwdthe lake levels modeled using observed rainfall.
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1l ntroducti on

l1.Background

The East African region is composed of Somalia, Ethiopia, South Sudan, asqdti®n
of Sudan, part of the Democratic Republic of Congo, Uganda, Kenya, Rwanda, Burundi,
Tanzania, angarts of Zambia, Malawi and MozambiquEast African rain seasons are
mainly associated with the passage of the itrtggical convergence zonel(CZ) of the
northeast (NE) and southeast (SE) monsoons and it follows théhert@spheric 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 rdifffae Short Rains (October to
December) although not as wet, are also essential for crop development and other major
sociateconomic functions. Areas over the northern and southern extremes of the region
experience unimodal rainfall climate regimes. Tdimple background seasonality is
significantly modified by subregional factors including the complex orography, vegetation
and landocean catrasts, and large inland lakes

The Long Rains of East Africa have exhibited persistentdecline for several decades
(Lyon & DeWitt, 2012) however, the Intergovernmental Panel on Climate Change (IPCC)
projectswetterconditiors (IPCC, 2007; IPCC, 2013yhis apparent contradiction between the
recent multidecadal rainfall decline and the projected wetter climatic tiomdi is now
referredto asthe EastAfrican (Monsoon)Climate ChangeParadox(Semazzi, et al., 2014)

(Figure 11).
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Figure 11: lllustration of the East African Climate Change Paradox. Figure from David
Rowell, personal communicata.

1.2.0bj ecti ve

The purpose of this study is itovestigate the climate variability associated with the East
African Climate Change Paradox for the recent decatlbs research has twoter-related
componentsThe first component is an analysis of atva¢ions to understand the sources of
variability and potential physical mechanisms related to the decline in precipitation over
Eastern AfricaChapter 2) The second component isiamestigation othe hydrological
factors involved in the decline of ka Victoria levels irthe context of the decline of the

Long Rains



2 Sourcesdetadal tvariabilinfyalflor

21.Background

The Hydroclimate project for Laké/ictoria (HyVic) Regional Hydroclimate Project
(RHP) has been developed ued the auspices of the World Climate Research Program
GEWEX Project (Semazzi et. al, 2013 and 2014). The primary purpébg/af is to provide
the underpinning understanding of climate over Lake Victoria Basin (LVBjaingprove its
predictability and mjections to support decision making in the regléyVic project has two
domains. The Core Domain is basically the catchment of Lake Victoria Basin aAg\{ie
Greater Domain is the East Africa Monsoons region (EA outer domain, Fig.1), which
modulateshe lake baskscale hydroclimate of the core domain.

Both anthropogenigriven global warming (Williams & Funk, 2011; Lott, et al.

2011) and naturalsourcesof variability (Lyon, 2014 Omondj et al., 2013; Tierney et

al., 2013 Yag, et al., 2013"@€peen proposetb explain the recentmulti-decadaidrop

in the Long Rains.Two leading sourcesof naturalvariability that have been linked with the
declinearethe Pacific decadabscillation(PDO) (Mantua & Hare, 2002andthe ENSOlike
decadamode(ENSOD) (Yang et al., 2014 seasufacetemperature oscillatiom 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 warmdgool an

Walker circulation westward, resulting in a subsidence anomaly and drying over Eastern

t



Africa. Lott, et al., used the Met Office Haley Centre Attribution of Clirmatated Extremes
systemand found that the decrease in preciptativas anthropogenidglforced; 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 analysigon and DeWitt (201pand Lyon (2014pn the
contrary linked e decline in the East African LongaRspost1998with a shift to warmer
SSTs over the western tropical Pacific and cooler SSTs over thel eadtr@astern tropical
Pacific, amultidecadala Nifia-like pattern 6 SST variability Yang et al. (20143upport

this theory with anodeling and observational investigatitvat suggests that the drying
trend of the Long Rains is associated with the ENiB®decadal (ENSOD) sea surface
temperature natural variability dBation in the Pacific OceartHowever, Tierney et al.
(2013) concluded on the basis of millenniong control simulations from different
atmospher@cean general circulation models (AOGCMSs) and proxy records of ocean
variability that hydroclimate varialily of East Africa on multidecadal timescales is
controlled by the Indian Ocearf.he SVD analysis of Omondi et alipports the Indian
Ocean influence on decadal variability of the Long Rains, gi®ived that MarciMay
decadal rainfall variability is@minated by the norteouth mode of SST variability over the
Indian Ocean.

It is rathersurprisingthatthe AtlanticMulti-decadaDscillation(AMO) (Delworth & Mann,
2000, which affectslarge swathsof the global climate has nofeaturedorominentlyin this
contxt. Animportantandpromisingleadto clarify the climatedriversof thedecliningLong

Rainsmaybe soughby recognizinghe strongelationshipbetweerthe cessatioand the



onsetof the Indian Summer Monsoon (ISMEamberlinet al. (2010)have shown that
early/latecessatiorfor the Long Rainsis strongly correlateavith early/lateonsetof the

ISM. Furthermoreijt is well establishedhat theAMO plays an importantrole in
modulatingthe decadalariability of the ISM (Zhang & Delworth, 2006Goswamiet al.,
2006; Luoet al., 2011)Warm North Atlantic (positive AMO) tends to induce a stationary
Rossby wave across Eurasia and results in wetter LSkt @l.,2008) We thereforecontend
thatthe searcHor the causalityof the multi-decadapersistencef the declining-ong Rains
shouldincludeconsideratiomf the driversthat previous studieshave shown toaccounfor the
decadavVariability of theISM.

We submitthatthescopeof thesearch foithe causeof the diminishingLong Rainsshoud be
expandedo includethe Atlantic Ocearas a potentiadriver in additionto the Indianand

Pacific OceansThis studythereforefocuseson the cessation of the Long Rains in May
investigatehow the Atlantic Ocean may benodulating the decadariability of the Long
Rainsof EastAfrica andin particularits decling which haspersistedor multiple decades.
Theexpandedscopethat includes the Atlanti©ceanin the searcthasalso been motivated
by recentjoint efforts of the computerscience andlimate science researaidommunities
which have identifieda strongconnectiorbetweerthe variability of the EastAfrican climate
andthe origin ofAtlantic hurricaneqChen et al., 2013a; Chen et al., 2013b; Gonzalez et al.,
2012; Gonzalez et aR013 Pendse et al., 2012; Hendrix et al., 2011; Sencan et al., 2011,

Raceet al., 2010)



22.Domai n

The region of studyRigure2-1) is similar to recent studies (William and Funk, 2011; Lyon
and Dewitt, 2012; Lyon, 2014; Yig et al, 2014) investigating the mediecadal ppblem.

The domain is from 22.5°E to 52.5°E and 13.5°S to 2.3t includes Somalia, Ethiopia,
South Sudan, a southern portion of Sudan, part of the Democratic Republic of Congo,
Uganda, Kenya, Rwanda, Bundi, Tanzania, angarts of Zambia, Malawi and

Mozambique.

The region includes théreat Rift Valley, which wasreated by the movement of two fault
lines in the earthThe Great Rift Valley influences wind flow in the region due to changes in
orography The Indian Ocean, which provides moisture to the reggoor 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
nearthe tip of SomaliaThis 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 wsautteatease 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 lesipifa&on.

The general climate over Eastern Africa is characterized by a bimodal regirhenthe

Rainsof March-May and the short rains of OctobBecember. The Octob&ecember

season contributes disproportionately to the interannual variability o&Haénen though



there is more precipitation during the Matlglay season. The seasonal cycle of rainfall is
mainly controlled by the nortBouth migration of the intertropical convergence zone (ITCZ)

across the region, while the diurnal cycle is dominatelhke/land breeze circulations

(Asnani, 2005).
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Figure2-1 Map of the East Africa study area (red box) with topographic elevation (m)
shown in background.



23.Met hods

To assesshe sensitvity of the decadévariability of the EastAfrican climateonthe
uncertainties inherent e griddedrainfall datasets wesedthe Climate Research Unit
(CRU: TS33.22)data(Harris et al., 2014andthe GlobalPrecipitationrClimatologyCentre
(GPCC)(Rudolf et al., 201) data.The rainfall datavasnot de-trendedbecausehis would
adverselyaliasthe downwardtrendthat startedabruptly inthe 1990s(Lyon & DeWitt,
2012) by artificially re-distributing it over theentire periodf our analysis,1951-2010. EOF
analyss and several other traditional statistical metheeseusedto isolateand
investigatethe dominantmodesand sourcesf decadaktlimatevariability. A 10-yearkernel
filter (Nadaraya, 965 Watson, 196pusing a box filterwasapplied to the EOF time ses
and other temporal data used in the studgtosonthe multi-decadatime scale. We
recognizethatthe 1951-2010periodof studycoversonly a few cyclesof decadal
variability. Thereforejn additionto empiricalanalysiswe alsorely on phenomenkgical

physicalinferences t@augmentheinterpretation®f theresults

231. Empirical Orthogonal Functi o

Empirical orthogonal function analysis was performed on precipitation in Eastern Africa in
order to examine the effect of different modes ddcjpitation variability on rainfall over
eastern Africaand compare the modes derived from various data sets. Empirical Orthogonal
Function is a statistical tool used to explain the variammariance of geophysical data fields

through a few modes of vability.



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 f or sritegianifof distnetip c e of
separated EOFs, for sample size N, that samplingierror_ — _, associated with a given
eigenvalue &, must be smaller than its spaci

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

2.3.2. Ker nel Smoot hing

Kernel smoothing uses a weighnction, or kernel, to average obsdiwas The Nadaraya

Watson estimatoiNadaraya1965 Watson, 1966gstimates the time series using the
equationQ B 1 oOw,wher6 0 U — B 0 — aretlk weights and K() is

a kernel functionAll data was smoothed for this research. Initially the data was smoothed
before EOF analysigpre-smoothed)however this gave unstable solutions to the EOF

analysisFor the presmoothingof data before EOF analyse normal kernelp &
M:A @b — was usedhowever this s changed to a box kermehen the change was

made tasmoothing the EOF time series (pastoothed)n order to not smooth the data as
much. A box kernel averages together the values whichwitien the specified bandwidth

of a given point in the time series. The4sraoothed May EOF 1 modes are compared to the
postsmoothed to verify that AMO is related to the first mode of variability of rainfall in May

independent of prépost smoothing



233. Weighted Composite

The EOF time series a@fea averaged East African pret@pon was composited with

300hPa and 850 hPa geopotential height and wind fields from N&&Ralysis

Compositing is a method of expressing the averages of different $Segp@sately 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 Jeripsject the

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

fields are calculated for the same season as the EOF or box average precifitsidata is
composited fopositive and negative years based on the sign of the precipitation variability
time seriesAfter that,aweighted average at each point is taken separately for years of
positive and negative time series valugfie zonal mean was subtracted from the

geopotential height compositesorder to get a clearer signal

24.Dat a

2.4.1. Rai nTObaslelr vat i ons

We use data frorhoth 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
monthlytime scale at 0.5° resolution, each dataset uses a different method of interpolating

the stations to grids and ss#ifferent stations over different time periods.

10



2411. CRU 3.S2 2

Cli mat e Re $CREITE 22 i8amontllysclimatology of station détam 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 (1:98D0). Anomaks are then found from the

basline 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 ank 2% 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 thgrid, 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 theadded 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 yddms.Climate Research Umprovidesstation

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

or the number of stations located in each grid stll)( The stOile is used to analyze the

number of stations in the Eastern Africa domain to compare to GPCC in ordegrnmidet

whetherthis accounts for differences in the two datasets during different seasons.

11



2412. GPC® v

Global Precipitation Climatology Centr&PCQ v6 is a monthly gridded station climatology
from 19012010. GPCC véitilizes 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 8NOP-CPC, National data by WMO
members, Regional data from PlIs of scientific projects, Monthly totals derived from GHCN
Daily data, GHCNV2, and FAOCLIM 2.0(Rudolf et al., 2011; Schneidet al., 2011)
However, Becker et al. (2013) note that it can tgéo 20 years for data from Asia, South
America and Africa to arrive at the GPCC and be incorporated into the daEP€HL. is
calculated by firstrterpolating anomalies from the climatological normal at the stations to
regular gridpoints o a 0.25° umg a modified SPHEREMARWillmott et al., 1985)
interpolation The anomalieare then averageat the four corners of tH&25°grid to an
anomaly for thé.5° subgrid After thatthe areal average anomadycalculatedor the grid

for the 0.5%esolution by applying a weighting according to the aaed land fraction of

each gridandthe gridded anomalieme superimposeah the background climatology

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

number ¢ stations located in each grid cell.

242. NCEP/ NCAR Reanal ysi s

The National Centers for Environment al Predi

At mospheric R&OSERF IEARNRARpal ysis (Kalnay, 1

12



geopotenti al h e ihgPhat sa nadn dB 5Wi nhdPsa ame r3e0 QP r ovi de
NOAA/ OAR/ ESRL PSD, Boulder, Colorado, USA, f
http:// www. esThe nomamat glow / pesamh . NCEP/ NCAR r ean
at 2.5A x 2.5A spatial resolut iGeopbtemtdahué

winds are available at 17 pressure | evels.

2.4.3. COBE2aSSurface Temperature

Centennial In Situ ObservatioBased Esinates of the Variability of SS&ind Marine
Meteorological Variableg (COBE2 SST) (Hirahara, 201¥monthly men sea surface
temperaturavasprovided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from
their Web site at http://www.esrl.noaa.gov/psd@he data isvailableat 1° resolution for the
entire globeThis data set mergesset of extra SST observai®for the area around dap
before World War Il with thénternational Comprehensive OceAtmosphere Data Set

(ICOADS; Woodruff et al. 2011)

2.4.4. Cli matesl|l ndi

The Atlantic Multrdecadal Oscillation (AMOand Pacific Decadal Oscillation (PD@gre
obtainedfrom NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at
http://www.esrl.noaa.gov/psd/data/climateindices/ligtthe AMO index is calculateaddm

Kaplan SST dataset (Enfiedd al., 2001). For this study, we use the unsmoothed, long
versionwhich 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 detesets.

13



PDO index (Mantua & Har&002) is the leadg principal component frommaun-rotated
EOF analysis of monthly residual Nofacific SST anomalies polewandi20° N, where the
residuals are defined as the difference between observed anomalies am@hthly mean

global averag&ST anomaly.

245. CORDEX

The Coordinated Regional Dowaaling ExperimentQORDEX) 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 @001). CORDEX has predefined regions, grids, experiment
protocols, output variables and output format which facilitates easier analysis of the models
by both the scientific ahenduser communities (Nikuliet al., 2012). In this study we
evaluate sevedifferent regional climate modeinsulations from CORDEXTable2.1), each

of which downscaled ERAnterim (ERAINT) reanalysis data for the years 128®8.Data

for DMI-HIRHAM5 and ICTRRegCM3 were not availableThe model doma 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
modeli Action de REcherche Petite Echelle Grande Echelle (ARPEGEYIsbal variable
resolution model. This model used a high resolution region within its continuous global

domain.

14



Table2.1: List of CORDEX RCMS andheir details from Nikulin et al., 2012

CNRM DMI ICTP CLMcom KNMI MPI SMHI UCT uc UQAM
ARPEGES.]1 | HIRHAMS | RegCMI3 CCLM4.8 |RACMO2.2b| REMO RCA3S PRECIS | WRF3.1.1 CRCMS
Centre National de Abdus Salam Koninklijk Sveriges Université du
Danmarks International |CLM commumity| Nederlands Max Planck = .| Umiversity of - .
Insti Recherches o ] - ) Meteorologizka Universidad de Quebec a
titute Métsoralosiques Meteorologiske Centre for (www.clm- Meteorologisch Institute, och Hvdrolosiska Cape Town, Cantabra. Spmin|  Montréal
- 1SS, | tnstitut, Danmark | Theoretical community.eu) Instituut, (Germany cl SYADIOEISEA) o onth Africa - P . i
France - . - institut, Sweden Canada
Physies, Italy Netherlands
Short name ARPEGE HIRHAM RegCM3 CCLM RACMO REMO RCA PRECIS WRE CRCM
Projection polar, stretching rotated pole Mercator rotated pole rotated pole rotated pole rotated pole rotated pole Mercator rotated pole
Tesolution factor 2 (TL179) 0.44° 30km 0.44° 0.44° 0.44° 0.44° 0.44° 50 km 0.44°
Vertical - i _— terrain P PR P P terrain following P,
coordinate/levels hybrid/31 hybrid/31 sigma/13 following/35 hybrid/40 hybrid/27 hybrid/40 hybrd/19 ETANS hybrid/56
e . . ) . . 5th order upwind ) . . . ) . : . - .
Advection semi-lagrangian | semi-lagrangian eulerian Baldauf (2008) semi-lagrangian |semi-lagrangian| semi-lagrangian eulerian eulenian semi-lagrangian
Time step (sec) 1200 600 100 240 120 40 1200 300 240 1200
. Gregory and . .
o Grell (1993) . . = [Eain and Fritsch|
ConvectiVe | b s peault (1985) | Tiedtke (1989) | Frtschand | Tiedte (1989) | Tiedike (1989) | Tiedtke (1989) | inand Fritsch Rowntree (1990) gy 904y | (1990)
scheme = Chappell (1980) (1990, 1993) | Gregory and Kuo (1963)
arp Allen (1991
Fouquart and Morcrette et al. Dudhia (1989)
. | Bonnel (1980) . Fitter and Geleyn| Fougquart and (1986) Savijarvi (1990) | Edwards and N L1 and Barker
Radiation scheme | Morcrette (1990) | o ooropa | FMLA996) 1" 1005~ | Bomnel (1980) | Giorsetta and | Sass etal. (1994) | Slingo (1996) _\,11?[\1\;;; | 005)
(1997) Wild (1995) '
Herzog et al. pn .
= ddy-diffusivity . Benoit et al.
Turbulence Mellor and - Heltslag et al. (2002) e- - o Cuart et al. - 5 4
vertical diffusion | Yamada (1982) Lowis (1979) (1990) Bz et al [1}; order K) m]:;l\,s Louis (1979) 2000) Wilson (1992) |Hong et al (2006) 5 1(1985;}99ﬂ
0011 X approac elage (1997)
Cloud . i . ! Doms et al. Lohmann and Rasch and . R .
micxephysics m““r(dl"g";%?"?“ Tzﬁﬁgﬁgg% - ;‘;?E(“:%ﬂﬂ} (2007) Baldauf | Tiedtke (1993) | Roeckner | Kristjdnsson S“ﬁ‘;ﬁ;’l‘ Hm;‘;s;% o0 5“”‘%‘};;;;* al
scheme - - and Schulz (2004 (1996} (1999) - -
ISBA Schulz et BATSIE TERRA-ML , Hagemann MOSES? . '
Feadowact | Dowalleetal | al0OOD | Dickimometal| Damsetal | pouuitBo o) (00) Rechid | S| Eneryeral | SHTORSE | ST
’ (2000) Hagemann (2002) (1993) (2007) ) - etal 2009) - (2003) - =
) Meijgaard et al.
Latest refe Chr al s (Q008) | Jacob Q000) | gt ionerat | Jonesetal |Skamasock etal | Zadraetal
test reference . stensen et al. T 2 S— amuelssonetal. | Jomes et al. amarock etal. | Zadraetal
and comments | D3 (010) Qoo | Pt 0D poigypergy |Pasedon ECHWE) Jacob etal. Q011) (2004) (2008) (2008)
Q011) cyele 31r (2007)
ECMWE (2006)
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25.Resul t s

2.5.1. Decavhali abi |l ity of the East

Comparisorof the rainfall areaaveragedor the EastAfrica (EA) domainindicated that
thereare significantdifferencesetweenthe CRU and GPCC datasein representinghe
decadatlimatevariability of the Easifrican rainfall particularlyprior to 1930andperhapsven

upto 1950. Thereforeye basedhisinvestpationon 1951-2010whenbothdatasetsarein
goodagreementgxceptperhapsnorerecentlywhentherain gaugestationsdensityhas
droppeddramatially (Camberlin & Philippon, 2002

Prior to the 1990she multi-decadbaverage was significanttygher however, after the early

1990s East Africagenerallyexperienced trend ofeducedorecipitation during the Mareh
April-May (MAM) Long Rains seaso The explained variance of the leadiB@QF modes

are provided imable2.2. 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. {h882).
MAM EOF1 for GPCC and CRU rainfall data sets explain 13.55% and 14.34% of the total
variance, respectively.

The loading pattern for M EOF1 (GPCC) is shown iRigure2-4b and is generally of the
same sign of anomalies forost of the regiopexcept the northwestern segtahere the
loadings are of the opposite sign.

The robustness of this dramatic climatic shift around the partyof the centuris

confirmed by the area averages for the gridded CRU and GPCC data &ntktkeries of

16
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the caresponding leading EOFEigure2-2). To focus on the variability of the cessation of

the Long Rainswe present t corresponding results (Rigure2-3) for May. We note that
although the overall variability over the period of study is more oscillatony tinva seasonal
rainfall in (Figure2-2), the declining trends in the two time series since the 1990s are
consistent, thus suggesting that the cessaasrbken contributing significantly to the

seasonal decline over the recent decades. The corresponding loading pattesnE@Rda
(GPCC) is shown ifrigure2-4b. It is generally consistent with the loadings for MAM with

the samesign of rainfall anomalies for most of East Africa, except the northwestern sector of
the region. The corresponding explaineariance may be found able2.2. The relative
contribution of the multdecadal variability of the ssation to the seasonal rainfall (MAM)

during the recent decades of the declining Long KReidiscussed later

17
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Figure2-2: Long RaingMarch-April-May) CRU/GPCCgridded rainfall data averadever

East Africa (blue/brown line)
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Figure2-3: May CRU/GPCCEast Africa EOF1 time series (bhaash/browrdash line, (b)

as in (a) but for May.
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Table2.2: Percentage variance explained by each significant EOF for GPCC and CRU
Data Mode March April May MAM

GPCC 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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Figure2-4: a) May CRU rainfall EOF1 loadings, (b) May GPCC rainfall EQd&dings,

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

EOF1 loadings
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252. Rel atp oonfs-DMwlatdia |l ( DD W g ht

Gl oBah Surface Temperature (GSS-

In order to show the relationship of the decline in May rainfall with Global Sea Surface
temperature (GSST)h¢ correlation of the Magverageainfall over East Africa with
COBE2SSTis shown inFigure2-5. The midAtlantic Ocean SSTs adjacent toriegal have

the largest area of statily significant correlationsStatistical significance was used as a
cut-off for plotting purposesTo estimate statistical significanage applieda 95%

confidence interval thré®ld based on six degrees of freedom in thgd® smoothed data

for 1951- 201Q The correlation of the Mareklay average rainfall over the sanegion is

shown inFigure2-6. There are large areas of statistigaifgnificant correlations both in the
Pacific and in the northern Atlantic.

Figure2-7 illustrates a strong negative relationship betwthe Atlantic Ocean SSTs
(averaged over the box withelnighest correlation iRigure2-5; 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., 200). Figure2-9 shows the loading (a) and time series (b) for

the presmoothed 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 smoothealtleechoice

of kernel, the strong negative relationship still exists, even though the rainfall was smoothed
before the EOF analysis. The loadingrigure2-9 is similar to that ofFigure2-4a, except

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

into Kenya.
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The correlation of MarctMay rainfall with SSTs in the Northern Atlantic region (44°W
25°W, 32°N39°N) is displayed irFigure2-8. 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.
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Figure2-5: Temporal correlation (1952010) betveen 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 aboverasholdsignificance of 0.82, the 95%

confidence level when assuming a 1@ryperiod for eacdegree of freedom.
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Figure2-6: As inFigure2-5, but for the March, April, May period average (MAM).
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Figure2-7: 19522010 series for AMO (black), SST (°C) averaged 25W, 30N-45N
(blue dotted line), and GPCC v6 gridded rainfall data averaged over East Africa-(red) z
scoredor May,
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Figure2-8: SST (T) averaged 44¥25W, 32N39N (blue dotted line), and GPCC v6

gridded rainfall data averaged over East Africa (red¢ares for MAM.
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Figure2-9: May EOF1, where CRU TS 3.22 rainfall was smootpedr to EOF analysis

using a normal kerndédading.
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Figure2-10: May EOF1, where CRU TS 3.22 rainfall was smoothed prior to EOF analysis
using a normal kernel (a) loading and (b) timeese(solid) with smoothed AMO (dashed).

2.5.3. AMORel ad¢dleelcdnnecti ons

We investgatedthe teleconnections betwedhe Long Rainsandthe Atlantic by applying
weighted compositing based tire normalizedMay 300hPa reanalysgeopotential height
data (Kalnay;1996) The time series for the area averaged East ABEGC rainfallvas used as

the weights for generatigeopotential compositefifure2-11). During thewet years (wet
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composite), corresponding to thegative phasef AM O (Figure2-11), we observe
distinctsubtropical, large amplitude, sherntave,stationarysplit Rossbywave train at
300hPaThefirst wave train axis originates from the mitlantic Ocean basin, extends
across northerAfrica, into East Africa and Saudirabia. The second wave component of the
split wave is primarily a highatitude phenomenon especially near the source region, with
much longer wavelength than its swbpical stationary wave counterpart. Its axis roughly
tradks the northern continental margin of Eurasia. The drysy@aopotential composite
(Figure2-13) is primarily the opposite pattern. The corresponding 850hPa geopotential
composites contour plots alesplayed inFigure2-12 and Figure 214. The suktropical wave
has a vertical structure consistent with the first baroclinic vertical mode. Howeyéigh
latitude Eurasia wave is qudsarotropic. Variations in upper level mean zonal wind have
been conected to Rossby waves (Jin & Hoskins, 1995; Amatbi& Hoskins, 1997Lu et al,
2008).The 300 hPa anomalous mean zonal wind at 20°%WV, 0°N90°N (Figure2-16) for
the wet (solid) and dry (dashed) yeass;onsistent with theplit wave with anomalously
strong westerlies betweeapproximately 18°N and 40°N alB&°N and 80°N during wet
years.

Hoskinsand Ambrizzi (2014) and other more recent studidmsve investgated Rossby
wave responseo many differentwaveméaersincluding heatsourceshroughoutthe world.
StationaryRossbywave responsdendsto follow westerlywave guides,westerly
equatorialwind wave-corridors,andotherpreferredpaths. Thehigh-latitudestationary

Rossbywave trainin Figure2-11 is consistentvith the stationarywave in (Luo et al, 2011)
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whichthey associateavith thevariability of the ISM. Furtherinspectionstronglysuggests
thatthe sub-tropical stationarywave and its interaction with the corresponding high
latitude wave may beimportantin explainingthe teleconnection betweedhe Atlantic SST
anomaliesandthe EastAfrica Long Rains. Schuberet al. (2014) EOFglobalanalysisof the
MERRA reanalysisnonthlymean250-hPa meridionalwind field alsoshows a stationary

wave associatedvith their leadingmode. Althoughtheir analysisfocuseon intra-seasonal
climatevariability andthe JunethroughAugustmonths it is apparenthatthe southern
componenbf the split wave (Fig.11 of Schubergtal.) is consistenwith the tropicalwave
trainin Figure2-11. Thehigh pressure centeremver northernEuropemergeswith the sub
tropical stationarywave high over India. The corresponding lcVevel easterly anomaly
momentum fluxnto East Africa Figure2-17) is consistent with the eastest pressure
gradient associated with AM@lated high pressure over the southern Asia/equatorial Indian
Ocean basin and the AMf@lated lowpressure over East Afric&igure2-11). The low

level easterly anomaly flow is favorable femhanced Long Rains during the negative phase
of AMO. Concurrently, the wet composite is also associated with an upper level
southward jetlike meridional flow in geostrophic balance witte adjacent wave high

and low geopotential centels.converges over the northwestern sector of East Africa
(South Sudan}hus inducing descending motion and riegarainfall anomalies

(Figure2-17). The dryyears comosite (positive phase of AMO) is associated with

reversal in theneridionalet-like current(Figure2-18) and wetter conditions over South Sudan.
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The presmoothed wet composites of 300 hPa geopotential height and Wwigdse2-21)
agree with the postmoothed data analysis.

The vertical motion anomaly composites the wet composite yearBigure2-23) confirm

the regional response to the AM@duced split Rossby wave trai@ver most of East Africa
the corresponding upward motion is clearly evident. Over the northwestern sector of the
region (South Sudan) motion is descengdthgs consistent with the upper level convergence
of the jetlike upper level currenfjgure2-16) and negtive rainfall anomaliesHgure2-4).
The opposite vertical motion pattern is observed for the comeplosithe dryyears
(Figure2-24).

It is instructive to assesie relative contribution of AM®elated variability during the
cessation period compared to other sources of theittadal variability. We therefore
retainedonly the EOF1 (GPCC)which we have established is highly correlated with
the AMO climate index Figure2-7), to reconstruct the GPCC rainfall gridded dagh.
Theresults forthe reconstructed rainfall averaged over the regieigure2-25) arerather
surprising asthe obsereddeclinein the Long Rainssincethe 1980smayberemvered

simply by consideringonly the contributionsof the AMO-relatedrainfall mode.

To interpret the results of outusly focusing on the cessation in Mawyterms of the entire
MAM Long Rains seasqmve compared the laive contributions of each month of the March
April-May to the seasonal total rainfall. During the recent two dec#tkegontributions of
April and May are 55% and 29% respeclyyeand thus comparabl&igure 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.

Figure2-11: Weighted composites based on the normalized May BaQgeopotential height
data for positiveanomalyrainfall years.The time series for the area averaged East African
GPCC rainfall was used as the wegfdr generating geopotential composites.

32



Figure2-12: Weighted composites based on the normalized May 850 hPa geopotential height
data for positive anomaly rainfall years. The time series for the aeeaged East African
GPCC rainfall was used as the weights for generating geopotential composites.
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Figure2-13: Weighted composites based on the normalized May 300 hPa geopotential height
data for negave 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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Figure2-14: Weighted composites based twe hormalized 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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Figure2-15: Mean Zonal Wind for May.
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Figure2-16. MeanZonal Wind anomaly for above average rainfall (solid) and belowagee
rainfall (dashed) for MayThe time series for the e averaged East African GPCC rainfall
for each month/season was used as the weights for generating zonal wind composites.
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Figure2-17: Weighted composites of 300mb wind anomalies ferAlfrican regim during

May aboveaverage East African rainfgll.The time series for the area averaged East African
GPCC rainfall was used as the weights for generating theasitepAt each level, the scale
shown for the positive phase was also used for the condsgpnegative phase, but please
note 300mb and 850mb are not to the same dddiehael Angus, personal communication,
2015).
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Figure2-18: Weighted composites of 300mb wind anomalies ferAfricanregion during

May below averag&ast African averageinfall, The time series for the area averaged East
African GPCC rainfall was used as the weights for generating theasati@pAt each level,

the scale shown for the positive phase was also uséldef@orresponding negative phase,
but please note 300mb and 850mb are not to the same(8tizleael Angus, personal
communication, 2015)
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Figure2-19: Weighted composites of 8b wind anomalies fohe African region during

May above averagast African averageinfall, The time series for the area averaged East
African GPCC rainfall was used as the weights for generating theasat@pAt each level,

the scale shown for the positive phase was ased for the corresponding negative phase,
but please note 300mb and 850mb are not to the same(8tizleael Angus, personal
communication, 2015)
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Figure2-20: Weighted composites of 8b wind anomizes for tre African region during

May below averag&ast African averageinfall, The time series for the area averaged East
African GPCC rainfall was used as the weights for generating theasai@pAt each level,

the scale shown for the positive geavas also used for the corresponding negative phase,
but please note 300mb and 850mb are not to the same(8tizleael Angus, personal
communication, 2015)
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Figure2-21. Positive rainfall compositr May EOF 1 of CRU TS 3.22 rainfall smoothed
with a normakernel before EORnalysis300hPaanomalous geopotential height
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Figure2-22: Positive rainfall composite for May EOF 1 of CRU TS 3.22fedirsmoothed
with a normal kernel before ECinalysis(a) 300hPanomalous geopotential height and (b)

300hPaanomalous winds.
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Figure2-23. Schematic showing weighted composite omega at slices afi2@fitude,

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) motidmmposite for wet yars (Michael Angus,
personal communication, 2015)
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Figure2-24. Schematic showing weighted composite omega at slices of 20° Longitude,
where the time series for the area averaged East African GP@@allnaias used as the
weights for generating the composite. Cool (warm) colors indicated negative (positive)

omega, and therefore upward (downward) motidmmposite for dry years. (Michael Angus,
personal communication, 2015)
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Figure2-25: Area average over East Africa based on the reconstructed GPCC gridded
rainfall data by retainingnly the EOF1 (bluej.e. AMO like mode); area average over East
Africa based on the GPCC gridded rainfall dai& (etainingall the EOF modes); residue
based on the differendgetween Observed and EOFL1.
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Figure2-26. Area averaged GPCC rainfall for March, April, May and the whole Long Rains
season (Marct\pril-May) 19512010

2.5.4. Eval uati on of CORDEX

In order to evaluate CORDEX, we recrektgure2-7 using an ensemble of 8 CORDEX

regional climate models which have downscaled ERArim reanalysis for 1982008
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(Figure2-27), 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 GPCigure2-27). However, the CORDEXmsemble does

simulate the decline in May rainfall from 198999 and a subsequent increabg(re

2-28). The total prepitation for both data sets tieproducible by reconstructing the
precipitation based on only the first neodf variability in both May and MAMKigure

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

than there were in GPCC (not shgwiThe relative contributions of each month of the
March-April-May to the seasonal total rainfaltedifferent in CORDEX than in GPCC
(Figure2-31). While the average May precipitation is simulated properly, there is also less of
a decreaseniApril precipitation in CORDEXhan 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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Figure2-27: Long RaingMarchApril-May) CRU/GPCCgridded rainfall data averaged over
East Africa(blue/brown line); MarckApril-May CRU/GPCCEast Africa EOF1 time series
(blue-dash/browrdash line
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Figure2-28. May CRU/GPCCgridded rainfall data averaged over East Af(iclaie/brown

line); May CRU/GPCCEast Africa EOF1 time series (bhaash/browrdash line
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Figure2-29: Area average over East Afritesed on the reconstructed CORDgtded

rainfall data by retainingnly the EOF1 (bluej.e. AMO like mode); area average oeast

Africa based on the CORDEgridded rainfall datai.g. retainingall the EOF modesjor

MAM season.
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Figure2-30: Area average over East Afritesed on the renstructed CORDEXridded

rainfall data by retainingnly the EOF1 (bluej.e. AMO like mode); area average oeast

Africa based on the CORDEgridded rainfall datai.g. retainingall the EOF modesjor

May.
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Figure2-31. Area averaged CORDEMinfall for March, April, May and the whole Long
Rains season (Marehpril-May) 19892008.
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26.Di scussi on

Considering the collective evidence in this studse proposea setof regional
factorsthat may account ér the respons®f the cessation period (May) of tHeong Rains

of EastAfrica to the Atlantic-inducedsplit stationaryRo s sbywave (Figure2-11). The
correspondingainfall pattern(Figure2-4) is of the same sign for most of the regiercept
the northwestern sector where the rainfall anomalies are of the opposit&isign.
specifically, evidence in this study suggests that duting negative phaseof AMO there

are twocompleamentary factors that contribute to the rainfall anomaliess Eastern Africa
during the seession (May) of the Long Rain@) convergence adin upper level quasi
geostrophiget-like flow over thenorthwestern sector &bst Africa(South Sudarfyfomthe
Mediterranearsearegion (Figure2-17); it is accompaied by descending motioifrigure

2-23) andnegative rainfall anomalie§igure2-4); and (ii) low-level westward flonacross

the Indian OcearHgure2-17) in response to the pressure gradient associated with the
interaction of the AMGinduced sukiropical and midatitude stationary Rossby wave
components of the AM@nduced split wae over theAfro-Asia region. TheAMO-induced
split waveis accompanied by positive rainfall anomalies during the negative phase of AMO.
The observed circulation anomalies over the {Raaiic Ocean could be complementaoy
the anthropogenically driven contributitmthe declining Long Rains proposed by Williams
and Funk (2011). During the negative phase of AM@ lowlevel wind anomaly also

appears to induce upwelling-{gure2-34) associated with southward lelevel coastal flow,
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resultin warmer SSTS, increased evaporation and further contribution to enhanced positive
rainfall anomalies.

Consideringhat AMO is predictedo stayin its presentwvarm phasentil 2030(Enfield et al.,
2001) thewetterconditionsprojected by théPCCmodelsmaybedelayedor averted
altogethemover EastAfrica. Also, the high correlationknown to exist between theessation
of the Long Rainsandthe onsetof the ISM (Camberlin et al., 20)0the subtropical
stationarywave and its interaction with theidalatitude component of the split wave may
alsohave importantimplicationsfor multi-decadatlimatevariability over thelndian
Peninsula.

The detectionof the split stationarywave train hassignificantimplicationsfor nested
climate modelingwork for climateprojectionslt is impressive that the current CORDEX
models represent the May rainfall over the region when downscalingiBfRAmM
reanalysisWe envisagethatit would bea challengdor the currentCORDEX (Nikulin et al.,
2012)modeldo realssticallyrepresenthe combined influence of the AMd@duced splistationary
Rossbyvave on the Long Rains, especially when downscaling GCM &gtecifically, these
regional climate models would have to correctly simul@jevave forms acrss the lataal
boundariesKigure2-11), (ii) the Mediterraneafast Africaupperlevel jetlike flow (Figure
2-17), (ii)) low-level horizontal pressure gradi across the Indian Ocealigure2-11)
whichaccounts forhie effects of the midhtitude Eirasia and the stiipopical stationary
wave componentgiv) the corresponding modation of the monsoon flowF{gure2-17) and
(v) effectsof upwelling/downwelling Figure2-34) on the regional precipitatiorPerhaps

consideration o shift of thenorthernboundarymaybedesirableor the next generatiorof
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the CORDEXmodel intercomparisoproject to ensurerealisticrepresentationf an
importantsourceof multi-decadabariability from the Atlantic Ocean.CookandVizy have
applieda moreexpandeddomainfor regionalsimulation ofpresentandprojectedEast
African climate. Over easterrEthiopiaand Somaliathey reportedhat therainsare cut short
in the mid-twenty-first-centurysimulationbecause o&in anomalougdry anticyclonic
circulationthat developsover the Arabian Peninsulaand the northerrArabianSea.lt

would bedesirablgo determinewvhetherthe anticyclonic anomalyconditiors thatthey report
arerelatedto the Atlantic-inducedstationarywave patternthatwe have foundin this
investgation. The future generation of CORDEX should includesaa coupling model
formulation and a larger numerical domain. Presently, the abfligjobal climate models to
make realistic projections of AMO is still limited (Latif et al., 2014). Obviouslis
constitutes a firsbrder requirement for the information that needs to be passed from the
global climate models through the lateral boaniels.

The correlation of MAM rainfall with GSST
contribution there is strong relationship with the IriRlacific. Considering that we have
demonstrated that AMO variability dominates during the cessation inakiyhat the
contribution of March to the recent decline appears to be relatively less important, suggests
that the contribution of the IndBacific Ocean proposed recentlyén and DeWitt, 2012;
Lyon 2014; Williams and Funk, 2011 likely to be moreelevant in April during the
middle period of the Long Rains.

In addition to the Mayand MAM seasonKigure2-5), for completeness, we also generated

the corresponding SST correlatioraps for March and AprilRigure2-36). The correlation
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map for March is not shown because none oftheda i ons s at istatiktigal t h e
significance criteria. The Atlantic cluster of points (only areas which are statistically
significant) are shifted to the westtbe May cluster of points ifrigure2-5. The time series

for the corresponding box average for the Afilacluster 02-21W, 2821N)for May (Figure

2-7) may be compared with the time sarifor April (37-52W, 2832N) and MAM 25-44W,
32-39N) box averages-(gure2-36). It is evident thaMay rainfall is clearly highly

correlated with AMO as we have already noted, April decreases monotonically throughout
the period covered by oanalysis. The latter seems to be more consistent with global
warming forcel variability and perhaps comphentary to the sources of muttecadal
variability in the IndePacific Ocean basifFunk and Williams, 2012 The April time series

resembles MAM tne 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
postive rainfall aromalies Figure2-38, Figure2-40, andFigure2-42), for March, April and
MAM -season indicate existence of a second regime of tregi@tdnary Rossby wave form
in addition tothe one for MayKigure2-11). Its axis and wavelength are associated with

extensive upper leveltflow from East Africa Figure2-47, Figure2-49, andFigure2-51)

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

The geopotential composites for negative rainfall anomalies are primarily theiteppo
pattern Figure2-39, Figure2-41, andFigure2-43), with upper level inflow tdeast Africa

(Figure2-38, Figure2-40, andFigure2-42).
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We have presentedh framework for diagnosinghe relationshipsbetweenthe dominant

modesof decadatlimatevariability of the Long Rainsof the EastAfrican Monsoonandthe

leadingdriversof decadatlimatevariability. The framework may be usedfor evaluating

CORDEX, CMIPandothermodeldatafor EastAfrica.
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Figure2-32: Schematic showing the main factors responsible for the link between the

Atlantic SSTs and the cessation of the Long Rairsast Africafor wet years
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Figure2-33:. Schematic showing the main factors responsible for the link between the

Atlantic SSTs and the cessatioftloe Long Rains of East Ata for dry years.
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Figure2-34: Weighted composites of 86Bawind anomalies for the Eaéffrican region

during May, belowaverageEast African rainfall Warm colors indicate anomalously high
S S T éosl colors anomalously low SSTs. The same weighting method was used to

construct the SST anomaligdlichael Angus, personal communication, 2015)
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Figure2-35. Weighted composites of 86Bawind anomaks for the Eas@frican region

during May, aboveverage East African rainfalWarm colors indicate anomalously high

SSTés, cool colors anomalously | ow SSTs. The
construct the SST anomalig€Michael Angus, personal comunication, 2015)
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Figure2-36. Temporal correlation (1952010) 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 aboterasholdsignificance of 0.82, the 95%
confidence level when assuming a 10 year period for each degree of freedom.
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Figure2-37: SST (°C) averaged 52\87W, 28N-32N (blue dotted line), and GPCC v6

gridded rainfall data averaged over East Africa (red¢ares for April.
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Figure2-38. Weighted composites based on the normalized 300hPa geopotentididatay

for March above agrage rainfall.
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Figure2-39: Weighted composites based on the normalized 300hPa geopotential height data,
for March below average rainfall.
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Figure2-40: Weighted composites based on the normalized 300hPa geopotential height data,
for April above average rainfall.
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Figure2-41. Weighted composites based on the normalized B@@eopotential height dat
for April below average rainfall.
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Figure2-42: Weighted composites based on the normalg@@hPa geopotential height data,

for MAM above average rainfall.
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Figure2-43. Weighted composites based on the normalized 300hPa geopotentialdataght
for MAM below average rainfall.

69



March 20W to 2.5W Zonal Wind Composites with EA Rainfall
Minus Mean Zonal Wind

—— positive composite
negative composite

&0

G0

lat

40

Lhwnd Anomaly

Figure2-44. MeanZonal Wind anomaly for alve average rainfall (solid) and beloweaage
rainfall (dashed) foMarch.
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April 20W to 2.5W Zonal Wind Composites with EA Rainfall
Minus Mean Zonal Wind
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Figure2-45. Mean Zonal Wind anomaly for above average rainfall (solid) and below average
rainfall (dashed) for April.
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Figure2-46. Mean Zonal Wind anomaly for above average rainfall (solid) and below average
rainfall (dashed) for Marcipril-May season.
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Figure2-47. Weightedcomposites of 3dtPawind anomaliesdr the African region during
Marchabove East Africaaverage rainfall
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Figure2-48. Weighted composites of 3BPawind anomaliesdr the African region during
March below average East African rainfall
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Figure2-49: Weighted composites of 3BPawind anomaliesdr the African region during
April above average rainfall
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Figure2-50: Weighted composites of 3BPawind anomaliesdr the African region during
April below average rainfall
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Figure2-51: Weighted composites of 3@Pawind anomaliesdr the Africanregion during
MAM above average rainfall
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Figure2-52: Weighted composites of 3BPawind anomaliesdr the African region during
MAM below average rainfall.

27.Concl usi ons

EastAfrica hasbeenexperiacingpersistentleclineof the March-April-May Long Rainsfor
multiple decades Althoughthe connectiorbetweerthe declineandthe Indo-Pacific Ocean
hasrecaved muchattention the role ofthe Atlantic Oceanhasnot beenrecognized. Here
we show a previously unrecognizedstationaryatmospheriavave form thatlinks the
northen Atlantic Oceanbasinsouce regionandthe cessation of thEastAfrican Long

Rains. The Atlantic Multdecadal Oscillation (AMO) variability completely dominates the
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variability during the cessation of the Long Rains (CLR) in May. Tibgalve phaseof the
AMO is associated witlenhanced rainfall during the cessatibmcontrast, reduced
rainfall occurs during the positive phase of AM&nhd it has contributed to the ongoing
multi-decadal declineThe projectedcontinuationof the posiive phaseof AMO for
severalmore decades byecentstudiesmpliesthelikelihoodof the AtlanticOc e a n s 0

potentialcontributionto prolongthe ongoingdroughtconditionsover EastAfrica.

28 Recmenndati ons

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 CLIMARhe monsoons,
exemplified by the recent relocation of the International CLIVAR Monsoons Project Office to
Pune in India, is a good opponity for the strengthened Indasia-Africa research
collaboration. The continuing search for the attribution ofadat 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-resolutionpalearecords, including coral and other higésolutionpalec
records of hydrological and SST variabilibe applied to extend the record of PDO, AMO and
ENSOD beyond the instrumental record to understand their relationship with decadal

vanability of East Africa rainfall?
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Regional Processes Studi¢tow does climate changdriven response over East Africa
interact with natural decadal variability? What are the regional physical mechanisms over East
Africa (e.g., tropical heating, orographurcing, coastal processesic) that determine the
regional response to remote sources of ddcwdaral variability (AMQ and how well do we
understand them? What are the mechanisms over the Atlantic heat source region that determine
the initiation ad maintenance of the Atlantic AM@frica Rossby decadal wave train?

Model EvaluationHow well do we understand the respon$¢he East African monsoon
in models (e.qg., linear models, CMIP, CORDEEX¢) to natural variability driers including
AMO? Othermonths and models should be evaluated. For the analysis of models, other fields
should be examined as was done for observations. This wouldbamedone in this study,
but the fields were available for only four of the eight regional climate models bige
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 Uncertai ni
Hydr oel ectemiec aRowerr G

31.Background

The Lake Victoriabasin s t he commer ci al and socioeconomi

African Community (EAC). Approximately 30 million people live along its shoaed the

lake provides employmentifahree to four million peopleAfter 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 A&in late 1961 and 1962 (Piper et al., 1986; Sene
and Plinston, 1994; Kite, 1981). The lake levels remained above theysexerage,
decreasing graduallyver time until 2002when he rate of decrease accelerated rapidly
(Figure3-1). 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 dvapaas
combinations of overelease from Nalubaale and Kiira dams and a drought which affected
the area for several yeatn.recent yearghe level has increasedapproximately the levels

in 2002 (USDA, 201k Nalubaale Dam (originally called Owen Eabr Rippon Falls Dam),

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

was the firstmajor hydroelectric poweaslant to be commissned in the region in 1959.
Bujagali Dam was commissioned in 2011. The MwochiFalls dam in Uganda and several
other multimillion dollar plants in the Sudan are in the planning phase. The flow of the
Victoria Nile, and hence the productivity of these damsetermined byhe level of Lake
Victoria, which is primarily dictatedby the rainfall and temperature variability over the Lake
Victoria Basin (LVB).Notwithstanding the indisputable dee of water resources over the
lake basinthere is a strong indication basedIB&C (2007, 2013}limate projections that
this trend which has persisted for several decaaéh reverse in the next few decades. This
phenomenon has come to be known as the EaStmtral African climate change paradox

problem andcould have profound implications asustainable development for the next few
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decadesn Lake Victoria BasinThe outstanding research probjeéherefore, 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) whettesxdra reversal

in the availability of water resources will occur during the next few decades, (i) 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 #eding regional climateensitive soial-

economic sectors. Substantial volume of climate research activiteeughout the world
addressed i f f erent asp€ensraf ®Ahei 6Bast emate par e
Semazzi et al. (20128xplored the mrspects for application of climate information to assess
the performance diydroelectric energy industand also to identifyhe key research
guestiondor the provisiorof climate services over the Lake Victoria Basgion.The

appro&h theydevelopedmay be extended to other climate change informatjplication

sectors for the Lake Victoria Basimand it conprises the following components)

acquisition of input from stakeholders for constraining the climate research questions and
ensure respongeness to the engiser needqii) understanding of the physical processes that
are relevant to address the amskr needs to design the appraie climate projection

models;(iii) validation of climate projection models in terms of both tradiiceind ed-user
derived metrics;(iv) make climate change projections and translate the model output into
end-user relevant informatiomnd (v) apply this information to inform planners in their
decision making process.

More specifially to the hydroelectric pogr sector for the Lake Victoria Basihis apparent

that the global climate change projection models used in previous development and
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assessment of potential tgarelease rules/policieid not take into account a variety of
regionally importahphysicd processes (sdeagure3-2).

Indeje et al. (2000) found that approximately 42 percent of the total East African rainfall is
observed during theong Rainsseason of March through May (MAM). Comparing this to

the average precigition 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
theLong Rains During this same time period, 27 percent of the annual rainfall occurgyduri
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 tperdérand

18 percent in JJAS) for CRU TS 3.22 over the same years. Sinceriperainsare the

primary sourcef rainfall in the basin, it may beypothesized that the decline in theng

Rainsis mainly responsible for a decline in annual rainfall,ahds, the decline in annual

Lake Victoria levels.The objective of this study areo understand (i) the relative

contribution of thevariability in the annual cycle of the four main rainfall seasons, (ii) the
lake level adjusment inertia(iii) water use policy to Lake Victor levds during recent

decades, anfv) to evaluate CORDEMn terms of the first objective.
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Historical Water Level Elevations for Lake Victoria

Al

11 Wk
Lake Victoria's water level on 12/27/2005
is approximately 10.69 meters, lowest
water level since 1951.

Level above Jinja gange (m)

10
1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010
Year
Water-level Gauge Max Level Min Level 10-year Average (TOPEX) TOPEX Jason-1

Figure3-1: Evolution of Lake Victoria levels
(http://earthobservatory.nasa.gov/Features/Vicjoria
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Figure3-2: Schematicshowing the primary hydrological balance components and the
relevant physical climate processe

3.2.Met hods

We use thannualater balance model developed by Tate et al. (20 section 3.2.20
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 obsermatidatasets, CRU and GE,

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

the seasonal rainfall trends from 193@08.
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321. I nterpolati on

The gridded precipitatn data is interpolated to the sitation points used ithe water
balance model using WENO interpolati@apdeville, 2008)WENO interpolationis
effective in removindhe oscillatory nature of the typical straightforward polynomial
interpolation. Instead of creating one polynomial interpolant, iWB&O appoach, one
creates several, using several different "stencils”" of cElls.main steed advantage

of WENO is that it isadaptive to the data beingenpolated. For smooth datagh-order
accuracys retained bu for nonsmooth data, the interpolatiolegrads in accuracy to keep
unrealistic oscillationsand thusunrealistic valuesrom developingn areas with

discontinuitieg Capdeville, 2008)

3.2.2. Wat er Bal ance 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 yehay (L
calculatingt he change in | ake |l evel during the

for the previous year (li(estimated). The change in lake level is calculated as:
wdb v 0O — (3)10

where P and E are precipitatiordagvaporation over the lake, respectively. iQinflow to
the lake from tributaries, & 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, he 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 ydadarof

station gauge precipitation. The inflowi,,Jrom five tributaries (Nzoia, Yala, Sondu,

Awach Kaboun and Kagera) is a nlimear regression from the precipitation over the lake,

P. Subcatchment rainfalls¢,For each of the five tributaries weeestimated using

regressions of annual total data foe period 1968990 Table3.1). The runoff coefficient

for each catchment is then estimated from the subcatchment rainfall by linear regression
derived by Sutcliffe and Pask1999) a3 T@ITM¢ T 0 B @

The runoff from each subcatchment to Lake Victoria is then estimated by multiplying each
Ssubcatchment 6s rainfal/l by the runoff coef f]|
to Lake Victoria is estimated as the runoffNzoia, 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; Instie of Hydrology, 1985). The outflow,«Q is calculated from

the Agreed Curve, which has the form:

0 |0 f (3)11

where U and o are empirical coefficients, an
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which measurements are ma&eige, 2000). Substituting equation 3.11 into equation 3.10

produces:

W 0 0 — (3)12

where U = 70.332 or 66.3; b = 8.058 or 7.96
used for Qi( Kor e n, 1995; Seappears a2 aOt€rm gn tledt [Bandsidee L

and in the nonlinear term on thight hand side of equation 3,lthe equation must be

solved iteratively. This proced®0Oonthei s exec
first iteration.Figure3-2 summarize the algorithm for estimating the lake level using the

method from Tate et al. (2004).

Table3.1: Regressions of rainfall for 195890. Ris catchment rainfal is estimated
rainfall over Lake Victoria.

Catchment Regressions Correlation, R
Nzoia P.=(0.685 * F) + 154.3 0.52
Yala P=(0.951 * ) + 64.7 0.61
Sondu P.=(0.666 * F) + 302.6 0.39

Awach Kaboun P=(0.785 * R) + 337.4 0.29
Kagera P=(0.556 * R) + 142.8 0.60
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Average Annual
Precipitation from 6
stations =P

!

Srale up to precipitation over lake:
PL=13&T
X
Calculate sub-catchment rainfall for each tributary:
MNzoia Po=(D685PL)+ 1345
Yala P.=(0931P)+ 647
Sondu P, =(0666P)+ 3026
Awach Eaboun P.=(0785P)+ 3374
Eagera P.=(0336TF)+ 1428

X
Calculate runoft coefficient
for each tributary:
t.=0.0002 P,

¥
Taotal Inflow Q) =
27z [PeMNzoia) xroMNzoia) x A.(MNzoia) + Po(Yala) xr.(Yala) x A.(Tala) +
P.Sondu) x ro(Sondu) z AL (Bondu) + Poldwach Eaboun) xz t.(Awach Eaboum)
% Ao lhwach Eaboun)] + 110 z [PoKagera) z ro(Kagera) x A (Kagera)]
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Predicted lalke level:
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Figure3-3: Waterbalancemodelalgorithm for Lake Victoriausedby Tate et al. (2004). The dashed
arrow is notfoll owed in the modified algorithm usedn this study.
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3.3.Dat a

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

chapter (section 2.3).

3.3.1. ObsetLadbevels

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, Ugahtined from an

archive athe Ministry of Water Resources in Uganda (Davis, 2007b). This data set was
extended through present day using TOPEX/POSEIDON, Jasod Jascf 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 Igkevaiation

with respect tahe 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 adbedatellite anomalies.

The mean was adjusted until bias and error were reducdd tb0-4 and 0.0585

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

the resulting mean, creating a combined data set foadat949 through the present.
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34 Ressul t

3.4.1. Vali dati on of t he Water Bal ar

A primary step involved in using Tate et al. (2004) Water balance model to generate the time
series for Lake Victoria |levels i sinfab,RRe cal cu
as input to the water balance model as depict&igure 3-3. The validation of the water

balance model was based on 1AM 0 precipitation to address the consistency between

CRU & GPCC gridded datatse The modeled lake levels were then compared to the

observed lake levels starting in 1950, when the observed lake levels datasetHiggyias.

3-4 showsz-scoredor the change in lake level calculated for egehr by the water balance

model andhe mean rainfall from the six stations that are used as input to the waterebala

model on an interannual basis as well as the water balance modsirrgrsinoothed

rainfall. It is clear that on an interannual tistep, the chage in level is highly correlatdd

the rainfall for each yedrcu= 0.95 rgpec= 0.95. When the rainfall input to the water

balance model is smoothed to investigate decadal variability, the peak isodlcemoccurs
simultaneously wh peaks in dR-acoresT he @@L at the end of each vy
compute the new lake level at the end of the yeaiAL,+ ( «Jlhg lake levels

calculated using the water balance model starting in 1900avgtless starting level of 11m

areshownin Figure3-14. The correlation between the modeled levels and observed levels

from 19522010 is & = 0.78and gpec= 0.71 This is a remarkable respliecause the lake

level is not renitialized during the entire periodt confirms the reliability of the

hydrological model and accuracy of the precipitation data over the longer time period.
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Semazzi et al. (2012) have shown that while the Agreed Curve release is followed, the lake

will reach an equilibrium level after apptdmately 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 equilibriumrspective 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 12620, and both the modeled levels are

below observed lakee vel s unt il t he-2d0a&r0l6ys bHI hdé -d.at alsret
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 lackaf stati

rainfall data in recent years.
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Figure3-4: Comparison of scores for change in level calculated by a water balance model
(dL, black), with precipitation (dR, blue) for (&RU TS 3.22 interannliglb) GPCC v6
interannual,
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Figure3-5: Lake Victoria levels calculated using CRU (blue) and GPCC (red) from 1901 to

2010 compared to observed lake level dataset (black).

3.4.2. Rel ative Contal bRai mhalolf
the Annual Cycl e

As stated earliethe goal is to understand the relative contributions of the diffeeasbas
to the decline of Lake Victoria levels in the recent decablesannualarealaverage rainfall
over the Eastern Aita regionis shown inFigure3-6. The rainfall is similar between CRU
and GPCC for all seasohswever CRU is noticeably lower at some poirfgyure3-7
throughFigure3-10 show the variability of rainfall for the JF, MAM, JJAS and OND

seasonsAs noted inSection 2.4.1the decadal decline MAM rainfall is clearly apparent
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(Figure3-8) howeverit is hard to discern a trend in the other seasongratid annual
rainfall in the region. The datasets agree well durind_-tg RainsHowever 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 duddokaof stations in the region
however, a€RU has less than 1@@ations in the Eastern African regjam an average
month,during this time periodiuring all seasond-igure3-11). As mentioned in section
2.4.1.2, CRU precimtion uses gridded percentage anomalies and inputs zeros to areas
where there are no stations in a 2.5° by 2.5° grid. It is probadtle¢hos have been input in
the Eastern African region since 200l added zero anomalies wobldsthe rainfall
aromalies towards thelimatologyused in CRUwhich was duringvetter conditions.
Precipitation has increased during the dry season (#igkre3-7) and the short rains of

OND (Figure3-10) whichhascmpensat ed for the drier MAM
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Figure3-6: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to
six stations used in Tate et al. (2004) water baamadel for the total year.
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Figure3-7: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to
six stations used in Tate et al. (2004) water balamogel for JF..
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Figure3-8: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to
six stations used in Tate et al. (2004) water balamzgel for MAM.
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Figure3-9: Average rainfall from CRU TS 3.22 (black) and GPCC v6 (blue) interpolated to
six stations used in Tate et al. (2004) water balamogel for JJAS.
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Figure3-10: Average rainfall from CRU TS 32 (black) and GPCC v6 (blue) interpolated to
six stations used in Tate et al. (2004) water balamogel for OND.
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Figure3-11: average number of stations per month used in (a) CRU andP@L@ridded
station data sets over the East African domain. Note thatalesyare 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 tigaon the 1952010 levels for which the water
balance model has been successfully validated against the observed lak&lRG€ls.

rainfall is used for the comparison of the effect of seasonal rainfall on Lake Victoria levels,
since it has a greater nunmle stations in the Eastern Africa region and does not add zero
anomalies to the interpolation of stations to gritlle. conduct five sensitivity calculations
with the water balance model.

S1=WBMcum(0U OO0 00 VOO TWOD

S2=WBMmam(U Q000 VUVOWOD

S3= WBMnovam( OO0 00 DU O WO D

S4=WBMy{0 Q000 vU0UOWYUD

S5=WBMyad0 Q000 0VUVOWOD

S6=WBMonp(U QDO 0 0UVO WO D

where () is the 19512010 climatology for a given season andeason without an overbar
is the unfiltered precipitation for that season.

The results for S1 are shownHkigure3-12. The lake levels start atdl1950 observed level
and then increase slowly until the level associated with thetlerng average rainfall is
reached.When the levels for S1 are subtracted from the modeled levels using annual
precipitation for 19542010 using GPCC, the levels decef®m the earlytomid 9 6 0 6 s

however there is no noticeablEgud3®l®r ease fr on
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Using the MAM rainfall with the climatology for the other seasons in the water balance
model, the variability indke levels related to that mihircan be calculatefdr S2(Figure

3-14), subtracting the level calculated using only climatology (S6), the decrease is more clear
(Figure3-15). If MAM rainfall variability was the only contributing factor to lake levels, the
levels would have decreased with the decrease in rainfall fouMdlinams & Funk,

2011; Lyon, 2014;Yanget al., 2014; and others and verified in the previous chapter. If
the other sasons are used, and climatology is used for the MAM season, theJalse

would have been high¢Figure3-16 andFigure3-17). The remainingeasons have various
effects on lake level§ he dry seasanof JF(Figure3-18 andFigure3-19) and JJASFigure
3-20andFigure3-21) do not account fomuch variability in lake leveleowever the levels
increase in recent years when only the variability from each of these seasons is used in the
water balance model. @der through DecembeFifure3-22 andFigure3-23) does have a
significant effect on thenterannual 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
seasonsespecially JJASs responible 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@®6icrease in

Lake Victoria LevelsKite (1981) showed using published excesses and shortages of released
water on an annual basis for 195379, that dam usage has caused a cumaelate in lake

level of just under 3 cmTable3.2). From 19611979, 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 Otalls dam site and compared those to expected
releases from the extended Agreed CyRigure3-24). They found thatsince 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 lelvels 20022005,

using a water balance simulation for 2004 and 2005. He found that the severe drops in levels
from 20042005 were approximately 45% due to drought during those years and 55% due to
overreleases from Nalubaale and Kiira dams. Kull (2006f&i¢nded 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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Figure3-12: Lake Victoria levels calculated ing climatological mean for 1952010(S1).
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Figure3-13: Lake Victoria levels calculated using annual precipitation minus the levels

calculated using the climatological mean for 12800 (Modeled lakéevel - S1).
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Figure3-14: Lake Victoria levels calculated using annual precipitation from GPCC (black)
and GPCC data fétred to include variability $-2).
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Figure3-15: 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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Figure3-16: Lake Victoria levels calculated using annual precipitation from GPCC (black)
and GPCC data filtered to include variability from only the MAM sed S®).
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Figure3-17: Difference between Lk 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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Figure3-18: Lake Victoria levels calculateusing annual precipitation from GPCC (black)
and GPCC data filtered to include variability from only il&uding variability fromJF
seasor{S4)
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Figure3-19: Difference between Lake Victoria levedalculated GPCC data filtered to
include variability from only the JF season and the level from the annual climatological mean
(S4S1)
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Figure3-20: Lake Victoria levels calculated using annual precipitafrom GPCC (black)
and GPCC data filtered to include variability from only the JJAS se&®H)n
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Figure3-21. Difference between Lake Victoria levels calculated GPCC data filtered to
include variabity from only the JJAS season and the level from the annual climatological
mean(S5S1).
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Figure3-22: Lake Victoria levels calculated using annual precipitation from GPCC (black)
and GPCC data filtereth include variability from only the OND seas(®6).
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Figure3-23: Difference between Lake Victoria levels calculated GPCC data filtered to
include variability from only the OND season and the |érah the annual climatological

mean(S6-S1).

116



Table3.2: Possible effect of Owen Falls Dam on Lake Victoria levels adapted from (Kite
1981), his Table 2
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