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In the Lake Victoria basin hydrology, trend analysis has mainly been limited to the mean of the hydrolog- 
ical variable without explicit consideration of extremes, which are very crucial in understanding the 
behaviou r of disastrous hydrometeo rological event s. Since the effects of climate change are unleashed, 
more through the occur rence of extremes, analysis of both monotonic and cyclic trends in hydrological 
extremes is very crucial. The presence of a significant linear trend, in a long-term hydrometeo rological 
record of extremes, may provide evidence of a shift from the natural trend to that which is enhanced 
by, for example, anthropog enic forcing. In addition, cyclic trends analysis of hydrological extremes pro- 
vides information on the cyclic beh aviour of the extreme anomalies that have occurred over and above 
the natural climate variability and may link them to past consequences and their drivers. Analysis of long 
term records of extremes for rainfall, temperature and streamflows for selected stations in the Lake Vic- 
toria basin, were carried out based on a linear trend test, to detect significant monot onic trends, and 
quantile perturbation analysis, to detect significant temporal extreme anomalies. In addition, correlations 
between change in rainfall extremes and that for the other extremes, as well as sunspot maxima, were 
investigated. The findings indicated that extremes in the Lake Victoria basin are, generally, experiencing 
positive linear trends. Albeit positive trend was generally demonstrated, the presence of significant linear 
trend was manifested in the extremes of the data obtained from the stations located in the northern and 
eastern parts of the Lake Victoria basin. This may suggest that the monotony in the positive trend is a
result of an ever increasing and consistent external enhancement of the natural climate agitation. The lat- 
ter has implications for flood risks if the trend persists in the near future. The cyclic analysis of the behav- 
iour of extremes indicated that the 1940s and the 1970s experienced significantly low extremes. 
Furthermo re, the higher significant anomalies for the 1990s, comp ared to that for the 1960s, may suggest 
a more intense enhancement of the change in the natural variability in the recent climate. Correlation 
between change in the extremes for rainfall and that of the minimum daily temperature was demon- 
strated to be stronger (c.f. maximum temperature and sunspot maxima) implying that if suc h correlation 
persists in the future then change in the extremes of daily minimum temperature can be used as an indi- 
cator for the change in rainfall extremes. The investigation of the correlations between climate indices/ 
solar activity and hydrometeorological extremes suggests that oceanic and solar influences are part of the 
explanation of the variability observ ed in rainfall and temperat ures extremes in the Lake Victoria basin. 

� 2013 Elsevier B.V. All rights reserved. 
1. Introduction 

Lake Victoria (locally known as Lake Nalubale) basin has expe- 
rienced, in the past few decades, recurrent hydrometeo rological 
extreme conditions such as floods and droughts. For example, the 
impacts of the 1961 extreme event on East African lake levels are 
well documented: extensive flooding occurred in the region, loss 
of homes and lives, damage to crops, and emergency food had to 
be flown into marooned villages (Conway, 2004 ). During the last 
few months of 1997, widespread heavy rainfall caused flooding
across the East and the Horn of Africa and the levels of many lakes 
in East Africa rose significantly in response to the heavy rainfall 
event (Conway, 2004 ). There was a devastating drought in the 
early 1980s in most parts of the basin that consequently affected 
the River Nile flow at the outlet of the basin although the Lake level 
remained well above that before 1961. Recent extreme events in 
the basin occurred in the period 2005–2006 in which the Lake level 
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dropped significantly and caused shortages in hydro-electricity 
production (Riebeek, 2006 ). The trends and the drivers of these 
hydrometeo rological extremes is debated in many studies (Becker
et al., 2010; Kizza et al., 2009; Awange et al., 2008a; Conway, 2004 )
but the debate on the relationship s between extreme anomalie s is 
largely lacking. Climate variability triggered by large scale atmo- 
spheric circulations and/or by anthropogenic activities could be a
major influencing factor in the recurrence of extreme conditions 
in the Lake Victoria basin. The issue on climate variabilit y and cli- 
mate change relies heavily on the detection of trends in instrumen- 
tal records of hydroclimatic variables such as air temperature ,
precipitatio n and streamflow.

Looking at the past climate provides insight into how climate 
responds to both internal and external forcings. The current and 
recent warming pattern is of particular significance because most 
of it is very likely human-indu ced and proceeding at a rate that 
is unprecedented in the past decades (e.g. Santer et al., 1996, 
2003; Hegerl et al., 2006; Ramaswamy et al., 2006 ). Recent con- 
ditions of climate can be unearthed by investigatin g changes that 
have occurred over the past. Records of hydrometeo rological 
variables are very crucial in understanding and detecting changes 
that have occurred over the past. Changes in the observed hydro- 
meteorologi cal variables can be done through investigatio n to 
establish the important features of the recent and past climate. 
Such investigatio n is the process of demonstrating that the 
changes have occurred in some defined statistical sense, and 
may also lead to provision of the reason for the observed 
changes. In most cases detecting changes in observed hydrome- 
teorological data is done through statistical analysis of the rele- 
vant time series. A change in the times series may occur 
abruptly (step change) or gradually (trend) or may take a cyclic 
form (cycle) or a combination of trend and cycle with intermit- 
tent step jump (Shahin et al., 1993 ). Such change may affect 
the overall statistical propertie s of the time series such as the 
mean, median, variance or any other aspects of the time series. 
Understandi ng changes in time series is very crucial for general 
water resource s planning and other practical applications such 
as adaptive engineering designs and may, also, situate the aspect 
of the near future climate into context. Trend exists in a time 
series data set if there is a significant correlation between the 
observations and time. Through statistical analysis, quantitat ive 
assessments of the time series can identify different patterns of 
change. For instance, several studies (e.g. Alexander et al., 
2006; Chen et al., 2007; Pugacheva et al., 2003; Hipel and McLe- 
od, 1994; López-Moreno et al., 2007; Machiwal and Jha, 2008; 
Pujol et al., 2007; Sneyers, 1990; Yazdani et al., 2011 ) have ap- 
plied trend tests to detect significant changes in precipitatio n
and streamflows.

In addition to linear trend, one other crucial form of change in a
time series is the periodicity or cycle. A number of studies (e.g.
Blanckaert and Willems, 2006; de Jongh et al., 2006; Machiwal 
and Jha, 2008; de Jong et al., 2011 ) have applied either spectral 
or harmonic analysis to detect periodicity in time series. Mean- 
while, Ntegeka and Willems (2008) applied empirica l quantile 
analysis to detect periodicity in long-term rainfall data for Uccle 
station, Belgium. The main conclusion by Ntegeka and Willems 
(2008) was that the periodic high extremes temporal clustering 
highlights the difficulty of attributin g ‘‘change’’ in climate series 
to anthropoge nically induced global warming. The study also high- 
lights advantages of quantile perturbation analysis in unearthing 
very important features of significant change that occur overtime 
in the hydrological time series. 

Previous studies show that trend analysis for rainfall and 
streamflows extremes in the Lake Victoria basin have not been 
examined extensive ly. In addition, attempts to analyse cyclic 
patterns of hydrological extremes in the Lake Victoria basin by 
King’uyu et al. (1999) and Awange et al. (2008b) were based on 
temperat ure and monthly mean variable (rainfall, water level 
and discharge), respectively. Most studies aimed mainly at trends 
in the mean of the variable temporal variability (e.g. Becker
et al., 2010; Kizza et al., 2009; Nyenzi, 1990; Ogallo, 1989 ). Kizza
et al. (2009) examined trends in mean annual and seasonal rainfall 
using MK for several stations in the Lake Victoria basin. They de- 
rived most of the precipitation data from monthly values. The re- 
sults showed that positive trend in the annual rainfall 
predomin ate. The study further concludes that the 1960s represent 
a significant upward jump in the basin rainfall and that, on the sea- 
sonal rainfall, the short rains tend to have more trends than the 
long rains. A study by Ogallo (1979) showed that most of the an- 
nual rainfall series in the region were, mainly, of an oscillator y
characteri stic with no significant trend. Ogallo (1989) used
monthly records from over 90 stations in East Africa to study the 
dominan t spatial and temporal modes of seasonal variation using 
rotated principal component analysis for the period 1922–1983.
In particular, he showed that the Lake Victoria region has a distinc- 
tive rainfall regime in East Africa as a whole. Such kinds of study, 
though, have long not been updated. Most studies of trends on 
the hydrometeo rological time series for the Lake Victoria basin 
had focused mainly on the mean annual or seasonal rainfall 
amount only and not much attention was paid to extremes, which 
are antecedents of disastrous events (floods, droughts , etc.).
Change in climate is mainly manifested in extreme meteorological 
events.

Attempt by Conway (2004) to explain climate variability over 
the East African region showed strong positive correlations be- 
tween the Southern Oscillation Index (SOI) and annual rainfall to- 
tals estimated as basin-wid e rainfall. The study however could not 
explain whether SOI has some influence on the occurrence of rain- 
fall extremes in the basin. Taye and Willems (2012) assessed the 
influence of climate indices on hydroclimat ic extremes over River 
Blue Nile basin and showed that changes in the Pacific and Atlantic 
oceans are identified as the major natural causes for the observed 
(multi)decadal oscillations on the extremes which was a good step 
towards linking extremes with changes in the oceans. This study 
made use of a combination of monotonic (linear) and cyclic trends 
analysis to try to understand the long term trends and variability of 
hydrometeo rological extremes in the Lake Victoria basin. The 
methods of Mann Kendall (MK) test for linear trend, and quantile 
perturba tion, for cyclic trend analysis, are here employed to inves- 
tigate linear and cyclic trends in the extremes for daily rainfall, 
streamflows, maximum temperat ure (Tmax), minimum tempera- 
ture (Tmin) for selected monitoring stations in the Lake Victoria ba- 
sin. Assessing trends in precipitatio n and temperat ure 
concurrently allows statements to be made about the drivers of 
some of these trends, given the fact that the occurrence of rainfall 
resonate well with changes in temperat ure across much of the re- 
gion. Investigations were also made to establish the correlation be- 
tween hydroclimatic extremes in the Lake Victoria basin and solar 
activities as well as climate indices. 
2. Study area 

The Lake Victoria basin is the largest fresh water body in Afri- 
ca and the second largest in the world. The lake water-body is 
transboundar y in nature characterized by Kenya, Uganda and 
Tanzania , with Rwanda and Burundi as key sources of the famous 
River Kagera, as the major contributor to the lake and the remote 
source of the River Nile. Lake Victoria is, on average, 68,800 km 2,
and is geopolitically shared as follows: Kenya (6%), Uganda (43%)
and Tanzania (51%) (Awange and Ong’ang’ a, 2006 ). The basin area 
in Uganda is 59,858 km 2 out of about 197,000 km 2. Lake Victoria 
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stretches, approximat ely, 415 km from north to south; between 
latitudes 0�300N and 3�120S, and, approximat ely, 355 km from 
west to east between longitudes 31 �370 and 34 �530E (Awange
and Ong’ang’a, 2006; Nyeko-Ogiram oi et al., 2010 ). It is situated 
at an altitude of about 1130 m a.s.l., and has an estimated volume 
of about 2750 km 2, and an average and maximum depth of 40 m
and 80 m, respectively . The climate of the Lake Victoria basin is 
generally tropical humid, with temperatures ranging from 15 �C,
in the highlands, to 28 �C, in the semi-arid areas (Awange and On- 
g’ang’a, 2006 ). The mean annual rainfall varies from a minimum 
of about 886 mm to 2600 mm; the mean evaporative rate over 
the Lake is in the range 1100–2040 mm, which decrease s with 
increasing altitude, but in some months exceeds rainfall (Nye-
ko-Ogiramo i et al., 2010 ). The major rivers draining into, and 
forming up part of, the Lake Victoria basin, based on geopolitical 
sources, are Mara, Kagera, Grumeti, Issanga, Mirongo, Mbalageti 
and Simiyu (Tanzania). The major rivers from the Kenya side 
are Nzoia, Yala, Nyando, Kibos, Sondu, Mawa, Migori, Kuja, Riaria 
and Miriu. From Uganda side the rivers are Katonga, Bukora and 
Ruizi. Kagera, being the single largest river flowing into the lake 
and shared by Uganda, Rwanda, Burundi and Tanzania, contrib- 
utes about 33% inflows into the Lake Victoria. Rivers entering 
the Lake Victoria from Kenya side, which contains smallest por- 
tion of the Lake, contribute over 37% of its surface water inflows.
About 86% of the total water input, however, is a contribution 
from precipitation, with evaporative losses accounting for, 
approximat ely, 80% of water leaving the lake. The Victoria Nile 
is the only surface outlet draining the Lake Victoria, with an aver- 
age outflow of about 23.4 km 3 year�1.
3. Data and methods 

3.1. The data 

Despite the fact that the Lake Victoria basin contributes the 
largest volume to the upper River Nile, it has limited hydroclimatic 
data that hinders detailed hydrometeoro logical study of the basin. 
The Lake Victoria basin however has several rainfall stations but 
few are, currently being operated and maintained (Nyeko-O gira- 
moi et al., 2008 ). River flow and other hydrometeo rological data 
are limited due to the remoteness of many of the catchmen ts, 
the lack of economic resources and infrastructure to build and 
maintain monitoring and meteorol ogical sites (Nyeko-Ogiramoi
et al., 2010 ). Station-based data were obtained mainly from the 
Discharge
Temperature
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0 200Km

Fig. 1. Hydrometeorological stations for streamflow, rainfall and temperatures in 
the Lake Victoria basin selected for the study. The data stations shown are those 
with at least 30 years of records. 
River Nile basin Flow Regimes from International, Experimental 
and Network Data (FRIEND/Nile) project. FRIEND/N ile is a research 
project of the Nile basin riparian countries. Data with longer re- 
cords from representat ive stations in the Lake Victoria basin 
(Fig. 1) were, carefully selected based on quality and the objective 
of the study. Of the available data, ten (10), nine (9) and seven (7)
stations for rainfall, temperature and streamflows, respectively, 
spatially distribut ed over the study area (Fig. 1), were considered 
for the this study. The selection of the stations was, mainly based 
on quality criteria, which included, but are not limited to, availabil- 
ity, record length, percentage of missing records, spatial represen- 
tation and homogeneity of the data. Quality checks were carried 
out on the data using graphical and statistical methods to ensure 
that only data with the required quality were employed . The corre- 
lation, double mass curve, hydrographs and visual inspections 
were the methods used to check the quality. The details of data 
quality assessment are comprehensive ly given in World Meteoro- 
logical Organisation (WMO) guide to hydrological practices 
(1994). Several categories of extreme indices can be extracted from 
climatic variables. Details of such categories of indices can be 
found in Alexander et al. (2006). This study considered absolute 
indices for daily rainfall, streamflows, Tmax and Tmin values. In the 
case of rainfall, which varies so much over the Lake Victoria basin 
compare d to temperat ure, the Areal Reduction Factor (ARF) for the 
basin (Fiddes et al., 1974 ) was applied to each of the selected point 
rainfall series in order to make meaningful comparison which spa- 
tial data such as climate indices. The ARF converts the point rainfall 
data to spatial values. For trend test, using MK methods, annual 
maximum (AM) daily rainfall, annual Max daily Tmax, annual Min 
daily Tmin and AM daily streamflow values were extracted . For 
the analysis of trend using empirical quantile method, flexibility
exists in the use of the number of extreme events required per 
year. That is, optional selection of extreme absolute indices above 
a given threshold (Ntegeka and Willems, 2008 ) is possible if the 
available data is of a resolution of daily or higher. The optional 
selection of the extreme absolute indices is related to the Peak- 
Over-Thres hold (POT) approach (Willems et al., 2007 ) which as- 
sumed total statistical independen cy and allows for more absolute 
values of the extremes in a year to be used in the cyclic trend anal- 
ysis. Three values of absolute indices per year or POT were used for 
the analysis of cyclic trend. 

Among the climate indices that have been used to explain 
anomalous rainfall over the East African region, four indices were 
selected for this study and the data analyzed covered the period 
1930–2008. These indices represent influences from three oceans: 
Pacific, Indian, and Atlantic. The indices are as follow: (1) the Pa- 
cific Decadal Oscillation (PDO), the index is calculated by spatially 
averaging the monthly sea surface temperature (SST) of the Paci- 
fic Ocean north of 20_N (Mantua, 2001 ). The data were obtained 
from the database of the Joint Institute for the Study of the Atmo- 
sphere and Ocean (http://jisao.wa shington.edu/p do/PDO.latest ).
(2) The Southern Oscillation Index (SOI); the data were obtained 
from the Climate Research Unit database (http://www.cr u.uea.a- 
c.uk/cru/ data/soi/ ). This data set is calculated on the basis of the 
method given by Ropelewski and Jones (1987). The SOI is defined
as the normalized atmosph eric pressure difference between Tahiti 
and Darwin. (3) The Indian Ocean Dipole (IOD) is defined as the 
differenc e between the sea surface temperatures (SST) in the 
western (50 E–70 E and 10 S–10 N) and eastern (90 E–110 E and 
10 S–0 S) equatorial Indian Ocean. IOD data were obtained from 
the Japan Agency for Marine-Eart h Science and Technology 
(ht tp :// ww w. ja ms tec .g o.j p/ frs gc /re se ar ch/ d1 /io d/ ). (4) Th e At la nti c
Multidec adal Oscillation (AMO); the index is defined as the 
SST averaged over 0–60 N, 0–80 W minus SST averaged over 
60 S–60 N (van Oldenborgh et al., 2009 ). The data were obtained 
from http://clime xp.knmi.nl/dat a/iamo_hadsst 2.dat .

http://jisao.washington.edu/pdo/PDO.latest
http://www.cru.uea.ac.uk/cru/data/soi/
http://www.cru.uea.ac.uk/cru/data/soi/
http://www.jamstec.go.jp/frsgc/research/d1/iod/
http://climexp.knmi.nl/data/iamo_hadsst2.dat
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3.2. Linear trend 

In hydrological time series, linear trend, for example, is, nor- 
mally, introduce d through natural or artificial changes. The focal 
tenet of linear trend analysis is to detect shifts (in decreasing or 
increasing direction) in hydrometeo rological time series and to de- 
scribe possible generating processes underlying a given sequence 
of observations . The most sustained, non-parametric traditional 
methods, among others, for detecting linear trends in time series 
are the Man-Ken dal (MK) (Mann, 1945; Kendall, 1975 ) and Spear- 
man’s rho (SR) (Maritz, 1981 ) test methods. These methods have, 
long, been applied to many hydrological and climatological situa- 
tions (e.g. Kundzewicz , 2004; Yue and Wang, 2004a,b ; Alexander
et al., 2006; Yue et al., 2002a ) where readers can find more details. 
The MK method for trend testing is a non-parametric (distribution
free) approach. That is, the method does not require any assump- 
tion about the form of distribution the data is derives from. How- 
ever, the prerequisite of the test is that the data are drawn from 
independen t identically distribut ed (iid) random variable. The 
main benefit of the non-parame tric statistical tests, compared to 
parametric statistical tests, is that the data need not conform to 
any particular distribution and are thought to be more suitable 
for non-normal ly distributed data and censored data, which are 
frequently encountered in extremes of hydrometeoro logical time 
series. Yue et al. (2002a) have rigorously, examined the powers 
of the MK and the SR tests for detecting linear trends in time series. 
The study demonst rated that the power of the tests is an increasing 
function of the slope of trend, sample size, and pre-assigne d signif- 
icance level. They further stated that there is little basis for choos- 
ing either MK in preference to SR test or vice versa because both 
tests provide identical results in the absence of autocorrelation. 
The details of the procedure for trends test using the MK are de- 
scribed in a number of literatures (e.g. Alexander et al., 2006; 
Yue et al., 2002a ). The null hypothesis, H0, is that there is no trend 
in the data and the trend test statistic, S, is evaluated for signifi-
cance based on bootstrapping resampling techniqu e. The boot- 
strapping helps to circumve nt the need for stern adherence of 
the data to the test assumpti ons and example can be found in 
Kundzewicz (2004). For the extreme time series which violate 
the assumption of a no serial correlation, the method proposed 
by Yue and Wang (2004a,b) was applied. Yue et al. (2002b) demon-
strated that the existence of serial correlation alters the variance of 
the estimate of the MK statistic, S. Yue and Wang (2004a,b) pro-
posed a method in which the variance of S is modified by the use 
of an effective sample size, n�, which is also a function of the actual 
sample size, n. An effective sample size is the ‘effective’ number of 
independen t observations in an autocorrelated time series. Zhang
and Zwiers (2004) however attempted to invalidate the method 
proposed by Yue and Wang (2004a) to eliminate the effect of serial 
correlation in a time series, but the reply by Yue and Wang (2004b)
to Zhang and Zwiers (2004) indicated that the critism by Zhang and 
Zwiers (2004) were actually groundless and was were misconce p- 
tions. More details on how to deal with autocorrelated time series 
using the ‘effective’ sample size based method can be found in Yue
and Wang (2004a,b).

3.3. Cyclic trend 

Periodicities (cyclic trends) in natural time series are, usually, 
due to the astronomica l cycles such as the earth’s rotation around 
the sun or any other cyclic climatic phenomeno n such as the ENSO 
(El Niño/La Niña-Southern Oscillation). The most obvious example 
of a cyclic trend is the seasonality. The most recent and robust 
method for analysing cyclic trend (QPMtc) in hydrometeo rological 
data is the quantile perturba tion and has been used to investiga te 
the historic changes in ranked extremes (Ntegeka and Willems, 
2008). This approach is very robust because it amalgamates as- 
pects of frequenc y, practiced in extreme value analysis, and pertur- 
bation; used in climate change impact studies. The techniqu e is 
analogou s to the frequenc y-perturbation approach applied as one 
of the methods for deriving climate change scenarios from histor- 
ical series using information from climate models runs (Willems
and Vrac, 2011; Mpelasoka and Chiew, 2009 ). For climate change 
impacts analysis, instead of applying one factor to the whole range 
of values and all the time scales, different factors can be derived 
based on the ranked values. The change factors (perturbations)
are ratios or differences of two similarly ranked values obtained 
from the future (climate model scenarios) and the observed time 
series. The quintessence of QPMtc, however , is solely based on his- 
torical time series and given the fact that perturbation is a relative 
change, it necessitates two series. For the climate-m odel based ap- 
proach, one of the series is taken as the reference or baseline series 
while the other is a future scenario series. In the QPMtc, one of the 
series is the long-term historical time series (baseline series/refer- 
ence series) while the other series is taken from a particular block 
(subseries) of interest or where the change is being investigated .
Given a particular block of series of BL-years, one of the series con- 
tains the actual extremes within the block while the other series is 
derived from the distribution of the original long-term historical 
time series to obtain a reference series. The extreme values within 
each block are ranked in order to relate them to return periods of 
BL/i, where i is the rank of each extreme value. The ranking ensures 
that the extreme values correspond to the quantiles q(BL), q(BL/
2), . . . ,q(BL/i), where q(BL/i) is the quantile corresponding to return 
period of BL/i years. If NL is the total record length of the extreme 
time series under consideration, similarly, Q(NL), Q(NL/2), . . . ,
Q(NL/i) are the quantiles correspond ing to NL, NL/2, . . . ,NL/i years re- 
turn periods, respectively . It can be noticed that the return periods 
BL, BL/2, . . . , do not, obligatorily, coincide with the empirical return 
periods of NL, QNL/2, . . . , years and in such cases, the Q(NL/i) values 
are obtained by linearly interpolati ng from the boundary values in 
the extreme series before q(BL/i) is compared with the interpolated 
value, Q(NL/i). The details of this method has been fully discussed 
in Ntegeka and Willems (2008) and further applications of the 
method can be found in Taye and Willems (2012) and Mora and 
Willems (2011).

3.3.1. Application to quantitative time series 
Changes that occur in quantitative hydrometeo rological vari- 

ables such as rainfall, evapotranspirati on and streamflows can be 
compare d in terms of ratios. For example, changes in the extremes 
in the quantitat ive time series can be derived as ratios of the quan- 
tiles with similar return periods in the sub-serie s (the block series)
and the reference/ba seline series (full series). Using the same nota- 
tion provided in Section 3.3 the ratios can be represented as q(BL)/
Q(NL), q(BL/2)/Q(NL/2), . . . ,q(BL/i)/Q(NL/i). Fig. 2a illustrates the esti- 
mation of the first three values in the reference series for an exam- 
ple rainfall dataset of the daily rainfall extremes intensities of 
station (7) for BL = 10 years. The curve contains all the selected ex- 
tremes in the dataset for a full period of 87 years. Using linear 
interpolation, estimates of the quantiles from the reference series 
with similar return periods as those in the block series or a partic- 
ular given block series can be obtained. Based on a sliding window 
of one step, a similar procedure is followed for all the other sets of 
blocks of series when estimating the reference series. In each 
‘window slide’, the number of perturbation s is equivalent to the 
block length (size) and cannot exhibit the temporal nature of the 
changes in the extremes. In order to reveal the temporal variability 
of the perturbations, an average perturba tion value for each 
block of years is estimated from all the block perturba tions cen- 
tered in the block. Similarly, it is also possible to obtain the average 
of the reference series, which if multiplied by the average 
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Fig. 2. Rainfall quantiles in reference calculation for an example dataset of rainfall intensities (a), evolution of the estimated changes in the extreme time series: (b)
perturbations, (c) percentage change and (d) reference series. 
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perturbation gives the value of the average of all the extremes for 
the given block. 

These average perturbation factors represent anomalies in 
quantiles and are derived in this paper for moving block periods 
or subseries of 10 years length, moved with 1-year step from the 
beginning, toward the end of the full available series. 

Fig. 2b illustrate s the temporal evolution of perturba tion over 
time; and the equivalent in percentage change is shown in 
Fig. 2c. Fig. 2d illustrates the temporal evolution of the mean of 
the reference and that of the actual extremes series. Given the va- 
lue of the percentage change, %P, perturbation (P) can be obtain as 
1 + (%P)/100. The procedure described above was repeated for all 
the selected rainfall stations in order to analyze changes in rainfall 
extremes over the study area. Similarly, the same methodology 
was applied to streamflows extremes for all the selected stream- 
flows stations. 

The anomalies of extreme time series can be seen as a series of 
quantile perturbation above a certain return period. The average 
quantile perturba tion calculatio n assumes that above a certain 
exceedance probabili ty, the perturbation s are constant . This can 
be proved by explicitly calculating the slope of the block perturba- 
tions and then comparing it with, say bootstrappe d 95% confidence 
interval (Ntegeka, 2011 ). In the work of Ntegeka and Willems 
(2008), QPMtc was only applied to quantitative variables such as 
rainfall, evapotransp iration and streamflow. However , the tech- 
nique can also be applied to qualitative variable such as tempera- 
ture in the same way; but requires that temperature are in 
absolute units. 
3.3.2. Significance testing 
The temporal evolution of perturbation can reveal whether the 

most recent changes in climate can be considered statistically sig- 
nificant in contrast with the natural temporal variability. Identifi-
cation of statistical ly significant cyclic trends enables an 
assessment of the likelihood of climate change effects during the 
previous decades. Confidence intervals are calculated on the 
perturba tion factors, under the null hypothesis of no trend or serial 
depende nce in the occurrence of the extremes in time. This is done 
to test whether the trends and anomalies identified in the histori- 
cal series are significant. The confidence intervals are calculated by 
a nonparam etric bootstrap ping techniqu e (e.g. Kundzewicz, 2004 ).
The values in the full series are randomly resampled a large num- 
ber of times (1000 bootstrap runs; each run containing the same 
number of values as in the full series) without replacemen t. For 
each run, perturbation factors are recompu ted, where after confi-
dence intervals are calculated for each time step based on the 
ranked 1000 perturba tion factors per time step. Since these confi-
dence intervals define regions of expected variability under the 
null hypothesis, any anomaly value outside the confidence bounds 
is considered to be statistically significant (hypothesis of no trend 
or serial depende nce is rejected), while the region inside the confi-
dence bounds is considered insignificant (hypothesis accepted).
Based on visual exploration, it is also possible to spot out periods 
that depict significant deviations under the null hypothesis of no 
change with respect to the reference series (Fig. 2d).
3.3.3. Sensitivity of block length 
The QPMtc is, however, sensitive to block length considered and 

to capture a meaningful change varying a block length between 5
and 15 years is sufficient to check the persistence of perturbation 
and hence identification of clustering or systematic changes of 
the extremes in a given period (Ntegeka, 2011 ). The choice of the 
block length may also depend on the objective of the study. In this 
study, a block length of 10 years was found consistent and used. 
For more details on the choice and sensitivity of block length, read- 
ers are referred to Ntegeka (2011) and Ntegeka and Willems 
(2008).
3.3.4. Application to temperat ure data 
Application of QPMtc to qualitative climatic variable such as 

temperat ure requires a new definition of perturbation. Since per- 
turbation is a relative change, perturbation for temperature can 



-3.0

-1.5

0.0

1.5

3.0

4.5

6.0

19
70

19
75

19
80

19
85

19
90

19
95

20
00

20
05

20
10

Year 

T
m

ax
 p

er
tu

rb
at

io
n 

[°
C

]

27

30

32

35

37

40

19
70

19
75

19
80

19
85

19
90

19
95

20
00

20
05

20
10

Year 

T
m

ax
  [

°C
]

Reference
Reference + perturbation

(b)(a)

Fig. 3. (a) Temperature changes in reference calculation for an example dataset of maximum temperature and (b) evolution of the estimated maximum temperature 
perturbation in extreme time series. 

P. Nyeko-Ogiramoi et al. / Journal of Hydrology 489 (2013) 56–73 61
be defined as the differenc e of two temperature values with similar 
return period obtained from the ranked series of the block series 
under consideration and the reference series (Fig. 3a) is obtained 
from the original series. Note that the temperature values need 
to be in absolute units, Kelvin (K). However , the results can be dis- 
played in degree centigrade (�C). Fig. 3a illustrates the temporal 
evolution of the mean of the reference and that of the actual tem- 
perature extremes series; meanwhile, Fig. 3b illustrates the tempo- 
ral evolution of temperature perturbation over time. 

3.3.5. Comparis on of trends in rainfall and temperat ure extremes 
In order to unearth the links between change in rainfall ex- 

tremes and temperature extremes, perturbations of rainfall and 
that of temperat ure (Tmax and Tmin) were compared. Given that 
each of the selected temperature stations does not necessarily 
come from the respective same locations as that for the selected 
rainfall stations, the average perturba tions were compared. To ob- 
tain the average perturba tion for rainfall, for example, for a given 
year, the values of rainfall perturbations for all the selected rainfall 
stations were considered . The average perturba tions, for all the 
other years, were obtained in a similar way and were done for 
the periods where most of the stations have data. The topography 
of the Lake Victoria basin is fairly homogeneous and making 
the use of average value provides a fairly consolidated result 
(Nyeko-Ogiram oi, 2011 ). The average perturbation s for Tmax and
Tmin (temperature) were also calculation in the same way as that 
of the rainfall. Comparison of the average perturba tions was made 
in two ways. In the first case, the values of the normalized average 
perturbation s for rainfall and temperature were compared in the 
same chart. Normalization of the average perturbation s was done 
by their respective mean value. In the second case, the correlations 
between the average perturba tions of rainfall and that of corre- 
sponding temperature were calculated. To this extent, it was pos- 
sible to compare the perturba tions of rainfall and temperature. 
The influence of temperature change on rainfall extremes can be 
determined by considering the average perturbation of rainfall 
per unit average temperature perturbation . That is, change in rain- 
fall per unit change in temperature . This was done for each year 
and only for the period where both data are available. 

3.3.6. The influence of solar activity on trend of rainfall extremes 
Historical record showed that the Lake Victoria levels rose dur- 

ing every peak of about 11-year sunspot (hereafter defined) cycle 
since the late 19th century (Stager et al., 2005 ). Sunspots are seen 
as ‘‘small’’ dark spots on the surface of the sun. They are easy to ob- 
serve and count if the sunlight is strongly filtered. The collection of 
sunspot numbers is mainly done by the Internationa l Sunspot 
Count, Brussels. The data are available freely in public domains. 
While in Stager et al. (2007), it is reported that ‘‘peaks in the 
�11-year sunspot cycle were accompanied by Victoria level max- 
ima throughout the 20th century, due to the occurrence of positive 
rainfall anomalie s �1 year before solar maxima’’. They further ar- 
gued that if the Sun-rainfall relationship persists in the future, sun- 
spot cycles can be used for long-term prediction of precipita tion 
anomalie s and associated outbreaks of insect-born e disease in 
much of East Africa. This information may need to be corrobor ated 
from the rainfall extremes perspective. 

An attempt to establish how the changes in sunspot maxima 
influence the changes in rainfall extremes is, herein, made. Appli- 
cation of QPMtc was applied to sunspot maxima series and the cor- 
relation between the perturbation of sunspot maxima and that of 
the rainfall extremes was established. That is, the average pertur- 
bations of rainfall were compare d to that of sunspot in a similar 
way as to that of temperature. 

3.3.7. Hydroclimatic correlation with climate indices 
The temporal variability in the hydrometeo rological extremes 

and the related impacts has strong implication s for water and agri- 
cultural managemen t. The questions about the driver(s) that influ-
ence such variability and whether predictions can be made on the 
extremes variability/o scillation based on such drivers remain a big 
concern. In order to partly address this concern and try to unveil 
the causes of the variability in the extremes, the QPMtc analysis 
was performed on the selected climate indices and the correlation 
coefficients between the rainfall and maximum and minimum 
temperat ure anomaly factors and those of the climate indices were 
obtained. The statistical significance of the correlation was as- 
sessed using the t-test for 1% and 5% significance levels. The 
assumpti on made on this is each nonoverlapp ing block of series 
delivers one independent anomaly value, in order to account for 
the dependency introduced while using the moving average meth- 
od in the QPMtc analysis. The sample size equals the total number 
of independen t anomaly values of the nonoverlappin g blocks. The 
anomalie s were compared by use of graphs while the correlations 
values and their significance were presented in table. 
4. Results and discussion 

4.1. Monotoni c trend 

4.1.1. Rainfall extremes 
Table 1 contains results for the MK trend test on the AM daily 

rainfall (rainfall extremes). Column (1) of Table 1 provides the sta- 
tion identifier, ID, of each of the selected rainfall stations and the 
numbers embraced after each of the IDs using parentheses , ( ),
are the numbers indicated in Fig. 4, which, also, shows the spatial 



Table 1
Basic properties and P-values of rainfall extremes for 10 selected rainfall stations in the Lake Victor ia basin. 

Station (ID) n
(years)

n/n� Mean 
(mm/d)

CV CS CK Correlation Slope, b P-value P-value (R)

r1 Limits (mm/(per
year)d/year)

P P� Pa=0.05 Pa=0.1

Upper Lower (11)/(4)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

9333005 (1) 79 1.271 65.3 0.303 1.029 1.936 0.121 0.201 �0.226 0.0198 0.000302 0.572 0.564 0.973 0.954 
10149 (2) 64 1.395 69.7 0.558 2.813 10.028 0.168 0.232 �0.267 0.2756 0.003956 0.976 0.952 0.975 0.956 
9031026 (3) 57 1.311 67.1 0.331 0.984 0.813 0.137 0.235 �0.276 0.4167 0.006212 0.985 0.972 0.975 0.948 
9134008 (4) 79 1.497 61.6 0.298 0.985 1.172 0.201 0.205 �0.230 0.2536 0.004113 0.999 0.996 0.975 0.952 
9035127 (5) 45 1.352 61.1 0.444 3.593 16.521 0.153 0.225 �0.270 0.3762 0.006161 0.995 0.988 0.976 0.953 
8935076 (6) 45 1.651 57.0 0.267 �0.133 �1.013 0.251 0.275 �0.320 0.5000 0.008769 1.000 0.995 0.980 0.957 
9030003 (7) 87 3.365 56.7 0.298 1.452 2.905 0.548 0.191 �0.214 0.1095 0.001932 0.976 0.860 0.978 0.949 
9235000 (8) 63 1.394 61.6 0.360 2.005 6.998 0.167 0.215 �0.247 0.2042 0.003313 0.957 0.919 0.973 0.956 
9233008 (9) 58 2.505 82.0 0.342 1.193 1.904 0.437 0.234 �0.269 0.0611 0.000745 0.639 0.589 0.978 0.954 
9131028 (10) 47 1.386 61.5 0.286 0.608 �0.164 0.165 0.260 �0.302 0.0092 0.000149 0.551 0.543 0.976 0.952 

ID: Station identifier; n: actual sample size; n�: effective sample size; CV: coefficient of variation; CS: coefficient of skewness; CK: coefficient of kurtosis; r1: lag-1 autocor- 
relation coefficient and its upper and lower limits of the confidence interval at the significant level of 0.05; b: slope of linear trend; P and P�: the probability values, P-values, of 
the MK S, estimated from the original data, before correcting for lag-1 autocorrelation (P) and after correcting for lag-1 autocorrelation (P�); P-values of the upper quartiles of 
the replicates of the data corresponding to 95% confident interval, Pa=0.05, and 90% confident interval, Pa=0.05.

(9)

(1)
(2)

(10) (4)

(5)

(8)

(3)
(7)

(6)

0

50

100

150

200

250

300

19
18

19
29

19
40

19
51

19
62

19
73

19
84

19
95

20
06

R
ai

nf
al

l [
m

m
 d

 -1
]

Rainfall 
Mean
Trend

0
20
40
60
80

100
120
140

Rainfall Mean
Trend

0

20

40

60

80

100

Rainfall 
Mean
Trend

0

20

40

60

80

100

120

140

R
ai

nf
al

l [
m

m
 d

 -
1
]

Rainfall Mean
Trend

0
20
40
60
80

100
120
140

R
ai

nf
al

l [
m

m
 d

 -1
]

Rainfall Mean
Trend

0

50

100

150

200

19
18

19
29

19
40

19
51

19
62

19
73

19
84

19
95

20
06

   

Rainfall Mean
Trend

0
20
40
60
80

100
120
140

19
18

19
29

19
40

19
51

19
62

19
73

19
84

19
95

20
06

Rainfall Mean
Trend

0

50

100

150

200

19
18

19
29

19
40

19
51

19
62

19
73

19
84

19
95

20
06

R
ai

nf
al

l [
m

m
 d

 -1
]

Rainfall 
Mean
Trend

0

20

40

60

80

100

120

R
ai

nf
al

l [
m

m
 d

 -1
]

Rainfall 
Mean
Trend

0

50

100

150

200

250

Rainfall 
Mean
Trend0 200 kmN

Fig. 4. Time series plots of daily AM rainfall for selected rainfall stations in the Lake Victoria basin. 
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loci of the selected stations in the study area. The actual record 
length, n, the ratio between n and effective record length, n�, n/
n�, the mean, coefficient of variation, CV, coefficient of skewnes s, 
CS, and coefficient of kurtosis, CK, of the rainfall extremes, are pre- 
sented in columns (2)–(7). For normally distributed random time 
series, its CS and CK should be equal to 0 and 3, respectively. It is 
evident from Table 1 that the rainfall extremes of 9 out of the 10 
rainfall stations are positively skewed and in all likelihoo d poorly 
described by a normal distribution . The lag-1 serial correlation 
coefficient, r1, and its upper and lower limits of the confidence
interval at the significant level of 0.05 of the two-taile d test for 
autocorrel ation on the rainfall extremes are presented in columns 
(8)–(10), respectively . It can be seen that 8 out of the 10 extreme 
rainfall series are not significantly serially correlated at the 
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significant level of 0.05. Hence, the application of MK trend test to 
these stations, without consideri ng serial correlation, is valid. 

The magnitude of the gradient (slope) of the trend was esti- 
mated using the method proposed by Theil (1950) and Sen
(1968). The value of the slope is provided in column (11), and is, 
hereafter, referred to as Sen’s slope. Sen’s slope is a robust method 
for estimating slope of linear trend (Yue et al., 2002a ). The Sen’s 
slope, b, divided by the mean of the extremes is presented in col- 
umn (12), and is termed a unit slope. Sen’s slopes of all the time 
series are positive, which, is an indication of the likelihood of an 
increasing trend of the rainfall extremes for the study area. Visual 
exploration of Fig. 4 also shows that the magnitud e of the Sen’s 
slopes, indicated in Table 1, reflects the gradual tendency of the lin- 
ear trends. The mean cross-cor relation of the cross-correlati on 
coefficients (also see Yue and Wang, 2002 ) among the 10 rainfall 
stations is 0.0235. This mean cross-correlati on value, compared 
to the mean values of the upper (0.0576) and the lower (0.0001)
limits of the 95% confident limits, implies that the cross-correlati on 
among the sites could be ignored. Thus, there is some evidence that 
the upward trends may not be due to chance alone. In other words, 
given the available data, the rainfall extremes in the Lake Victoria 
region, for the past 5–8 decades, have been experienci ng an up- 
ward trend, irrespective of the significance of the linear trend. 

The probability values, P-values, of the MK S, estimated from 
the original data, before correcting for lag-1 autocorrelati on, P,
and after correctin g for lag-1 autocorrelati on, P�, are indicated in 
columns (13)–(14) of Table 1. The P-values of the upper quartiles 
of the replicates of the data correspondi ng to 95% confident inter- 
val, Pa=0.05, and 90% confident interval, Pa=0.05, are indicated in col- 
umns (15)–(16) of Table 1. As already stated, the presence of 
statistically significant autocorrel ation can have an impact on the 
significance of the linear trend tests (Yue and Wang, 2002; Villarini 
and Smith, 2010 ). As reported by Cox and Stuart (1955), ‘‘positive 
serial correlation among the observations would increase the 
chance of significant answer even in the absence of a trend.’’ 

The modification of the MK variance by a correction factor, n/n�,
before evaluating for the significance of trend was, thus, to account 
for the effect the significant serial correlation on the trend test re- 
sults, especially for stations (7) and (9). This is because of the high 
values of r1 for stations (7) and (9). Comparison of the values of P
and P�, in columns (13)–(14), shows that the effect of significant
positive autocorrelation can influence the rejection of H0 and in- 
deed vindicate s the need for autocorrelation correction. It can, also, 
be seen from Table 1 that the rainfall extremes series showed exis- 
tence of linear trends which are statistically significant at a = 0.1, 
S(0.1), for station (8) and S(0.05) for stations (2), (3), (4), (5) and 
Table 2
Basic propert ies and P-values of Tmax extremes for nine selected temperature stations in t

Station (ID) n (years) n/n� Mean (�C) CV CS CK Correlation 

r1 Limi
Upp

(1) (2) (3) (4) (5) (6) (7) (8) (9)

9231011 {1} 33 2.3 31.5 0.077 1.503 1.671 0.405 0.28
9032010 {2} 36 19.0 32.3 0.067 0.669 3.041 0.937 0.26
8934140 {3} 31 5.0 34.4 0.050 0.898 1.453 0.692 0.27
9232027 {4} 32 3.9 29.5 0.053 0.086 0.635 0.613 0.31
60462 {5} 34 1.2 33.7 0.063 1.174 1.274 0.096 0.30
9030000 {6} 30 1.9 30.2 0.055 1.009 1.175 0.333 0.29
6070 {7} 39 27.8 32.9 0.056 2.553 8.142 0.972 0.24
9132002 {8} 39 28.8 33.4 0.074 0.797 0.236 0.975 0.27
9233044 {9} 37 28.3 35.0 0.044 1.514 3.061 0.977 0.27

ID: Station identifier; n: actual sample size; n�: effective sample size; CV: coefficient of 
relation coefficient and its upper and lower limits of the confidence interval at the signific
the MK S, estimated from the original data, before correcting for lag-1 autocorrelation (P)
the replicates of the data corresponding to 95% confident interval, Pa=0.05, and 90% confi
(6). Although the Sen’s slopes for all the extreme rainfall series 
considered are positive, the existence of monotonic trends for sta- 
tions (1), (7), (9) and (10) is not statistically significant at any of the 
indicated significant levels, NS(0.1, 0.05). Thus, 60% of the extreme 
rainfall series showed significant positive (increasing) trends. The 
visual satisfaction of the magnitude of the inclination between 
the mean-line (continuous line) and the approximate linear 
trend-lin e (dash line), indicated in Fig. 4, is an important comple- 
ment to the test results. Given that there is an apparent nexus be- 
tween the magnitude of the Sen’s unit slope and the significant
answer, the Sen’s unit slope may provide evidence for significant
answer if other influences are negligible. 

4.1.2. Extremes of Tmax

Table 2 provides results for the MK trend test on the AM daily 
Tmax (Tmax extremes). The definitions of the notations indicated in 
each of the columns of Table 2 are similar to the ones provided 
in Section 4.1.1 for Table 1. The IDs, embraced by parenthes es, 
{ }, are the numbers indicated in Fig. 5, which also indicate the spa- 
tial loci of the selected temperature stations in the study area. It is 
evident from Table 2 that all the Tmax extremes series are positively 
skewed and in all likelihood poorly described by a normal distribu- 
tion. Table 2 shows that 8 out of the 9 Tmax extreme series sets are 
S(0.05). Irrespective of the level of the significance of the autocor- 
relation, useful trend test results, however, were obtained after 
correctin g for the possible effect of autocorrelation. Column (11)–
(12) of Table 2 provides the values of the Sen’s slope, and the unit 
slope. The magnitude of the slope for station {7} is naught, which is 
an indication that there is no linear trend at all in the available data 
for station {7} and this may be attributed to stationary climate in 
that period of records. Stations {3}, {5} and {6} have negative 
slopes and stations {1}, {2}, {4}, {8} and {9} showed evidence of po- 
sitive slopes. Visual analysis of Fig. 5 also reflects the gradual ten- 
dency revealed by the Sen’s slopes. 

The mean cross-correlation of the cross-correlation coefficients
among the 9 Tmax stations is 0.0251. The correspond ing mean val- 
ues of the upper and the lower limits of the 95% confident limits 
are 0.1160 and 0.00013, respectively . This evidence implies that 
the cross-correlation among the sites could be neglected. Thus, 
the evidence of increasing and decreasing linear trend may not 
be due to chance alone for that station but also because of the fact 
that the climate might have been changing . Visual analysis of Fig. 5
also shows that the Tmax extreme series for stations {5} and {6} 
have tendencies of decreasing trends. A more critical visual inspec- 
tion of chart for stations {1}, {4}, {6} and {9} in Fig. 5 reveals that, 
albeit the approximat e linear trend-line indicates an increasing 
he Lake Victoria basin. 

Slope, b P-value P-value (R)

ts (�C/(per year)year) P P� Pa=0.05 Pa=0.1

er Lower (11)/(4)
(10) (11) (12) (13) (14) (15) (16)

6 �0.347 0.1000 0.0032 0.999 0.979 0.975 0.948 
9 �0.325 0.0706 0.0022 0.997 0.736 0.973 0.946 
8 �0.343 �0.1000 �0.0029 0.000 0.047 0.973 0.947 
3 �0.375 0.0526 0.0018 0.968 0.825 0.971 0.946 
1 �0.360 �0.0160 �0.0005 0.334 0.348 0.978 0.956 
3 �0.359 �0.0414 �0.0014 0.255 0.318 0.969 0.946 
4 �0.295 0.0000 0.0000 0.558 0.511 0.971 0.945 
8 �0.329 0.0913 0.0027 0.996 0.690 0.971 0.944 
6 �0.330 0.0625 0.0018 1.000 0.747 0.977 0.949 

variation; CS: coefficient of skewness; CK: coefficient of kurtosis; r1: lag-1 autocor- 
ant level of 0.05; b: slope of linear trend; P and P�: the probability values, P-values, of 
and after correcting for lag-1 autocorrelation (P�); P-values of the upper quartiles of 
dent interval, Pa=0.05.
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Fig. 5. Time series plots of the AM of Tmax for selected temperature stations in the Lake Victoria basin. 

Table 3
Basic properties and P-values of Tmin extremes for nine selected temperat ure stations in the Lake Victoria basin. 

Station (ID) n
(years)

n/n� Mean 
(�C)

CV CS CK Correlation Slope, b P-value P-value (R)

r1 Limits (�C/(per
year)year)

P P� Pa=0.05 Pa=0.1

Upper Lower (11)/(4)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

9231011 {1} 31 2.3 13.0 0.105 �0.254 0.054 0.405 0.306 �0.371 0.05240 0.00403 0.947 0.857 0.970 0.947 
9032010 {2} 23 1.7 12.7 0.109 0.367 0.470 0.272 0.337 �0.424 0.00000 0.00000 0.604 0.580 0.962 0.940 
8934140 {3} 30 4.9 12.0 0.143 0.191 2.871 0.683 0.291 �0.357 0.11436 0.00954 1.000 0.964 0.976 0.950 
9232027 {4} 31 2.8 12.4 0.092 �0.012 0.511 0.488 0.305 �0.369 0.04473 0.00361 0.992 0.924 0.970 0.937 
60462 {5} 37 27.7 12.8 0.119 0.416 �0.041 0.975 0.299 �0.353 0.00769 0.00060 0.672 0.534 0.977 0.950 
9030000 {6} 31 2.7 12.4 0.089 �0.853 �0.150 0.482 0.322 �0.386 0.00000 0.00000 0.373 0.423 0.974 0.949 
6070 {7} 35 14.5 10.1 0.177 �0.716 �0.461 0.905 0.287 �0.344 0.13280 0.01321 1.000 0.902 0.974 0.947 
9132002 {8} 32 2.1 14.0 0.113 �0.693 1.226 0.376 0.290 �0.352 0.06667 0.00476 0.996 0.967 0.974 0.948 
9233044 {9} 35 21.9 12.5 0.098 0.148 �0.193 0.955 0.295 �0.352 0.06594 0.00529 0.995 0.711 0.971 0.937 

ID: Station identifier; n: actual sample size; n�: effective sample size; CV: coefficient of variation; CS: coefficient of skewness; CK: coefficient of kurtosis; r1: lag-1 autocor- 
relation coefficient and its upper and lower limits of the confidence interval at the significant level of 0.05; b: slope of linear trend; P and P�: the probability values, P-values, of 
the MK S, estimated from the original data, before correcting for lag-1 autocorrelation (P) and after correcting for lag-1 autocorrelation (P�); P-values of the upper quartiles of 
the replicates of the data corresponding to 95% confident interval, Pa=0.05, and 90% confident interval, Pa=0.05.
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trend, the path of a decreasing trend appears to have been abruptly 
altered by the Tmax extremes experienced in the recent decade 
(1990s).

It can be seen from Fig. 5 that the Tmax extremes series showed 
existence of linear trends, which are, S(0.1), for station {1} only. 
The linear trends identified in Tmax extremes series for all other sta- 
tions are not statistically significant at any of the indicated signif- 
icant levels. Although the Sen’s slopes for 5 out 9 Tmax, and 3 out of 
9 extremes series are positive and negative, respectivel y, the exis- 
tence of monotonic trend for only one station, {1}, is S(0.05). Thus, 
only about 10% of the extreme Tmax series selected showed signif- 
icant increasing linear trends. 

4.1.3. Extremes of Tmin

Table 3 provides results for the MK trend test on the annual 
minimum daily Tmin (Tmin extremes). The notations indicated in 
each of the columns were defined in Section 4.1.1. The IDs for 
the Tmin stations are similar to that of Tmax. It can be seen that 
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the values of CV for Tmin extremes are much higher than the corre- 
sponding values for Tmax extremes. This is an indication that the 
amplitude of the variation of Tmin extremes are higher than those 
of Tmax extremes. It is also evident from Table 3 that Tmin extreme
series of 4 and 5 stations are positively and negatively skewed, 
respectively . All of the Tmin extremes series are also poorly de- 
scribed by a normal distribution . The magnitudes of the slope for 
stations {2} and {6} are naught, which is an indication that there 
is no linear trend in the available data. All other stations showed 
evidence of positive slopes. Visual inspection of Fig. 6 also reflects
the gradual tendency revealed by the Sen’s slopes indicated in Ta-
ble 3. The mean cross-correlati on of the cross-correlati on coeffi-
cients among the 9 Tmin stations is 0.0253. The correspondi ng 
mean values of the upper and the lower limits of the 95% confident
limits are 0.1255 and 0.00014, respectivel y. The low values of the 
correlation among the stations show that the cross-cor relation 
among the sites could be neglected. Thus, the evidence of increas- 
ing linear trend, demonstrated by all the Tmin extremes, may not be 
due to chance alone. Visual inspection of Fig. 6 shows that the 
strong increase in the Tmin extremes in the 1990s is demonst rated 
by all the Tmin stations, except for station {6}. It can, further, be 
seen from Table 3 that the existence of linear trend in the Tmin ex-
tremes for stations {3} and {8} are S(0.1). However, visual inspec- 
tion of Fig. 6 gives the impressi on that station {7} has steeper 
linear trend than that for station {3} and {8}. Indeed, the Sen’s slope 
for {7} is greater than that of {3} and {8}. Thus, insignificant trend 
in Tmin extremes for station {7} can only be explained by the value 
of its r1, which is much higher than that of {3} and {8}. Consideri ng 
the results as they are, only about 20% of the selected nine sets of 
Tmin extremes demonst rated significant increasing trends. 
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Fig. 6. Time series plots of the annual minima of Tmin for se
Neverthel ess, positive trend is evident in 7 of all the Tmin extreme
series studied. A significant increasing trend in Tmin extremes for 
station {3} and that of rainfall extremes (Table 1), and a positive 
decreasing trend in Tmax extremes for station {3} apparent ly dem- 
onstrates the physical nexus among the variables. 

4.1.4. Extremes of streamflow
Table 4 provides results for the MK trend test on the AM 

streamflows (streamflow extremes) for seven selected streamflow
stations. The definitions of the notations in columns (1)–(16) ware 
provided in Section 4.1.1. Table 4 shows that the streamflow ex- 
tremes of 5 out of the 7 selected stations are positively skewed 
and are more variable than rainfall and temperat ure (Tmax and
Tmin) extremes. The streamflow extremes can also not be assumed 
to follow a normal distribution . The streamflow extremes of the se- 
lected series are, all, significantly, serially correlated at the signifi-
cant level of 0.05. Hence, the correction for the effect of serial 
correlation is vindicated for the MK test. Table 4 shows that all 
the extreme streamflow series have positive slope indicating that 
all the data have tendencies of increasing trends. The magnitud es 
of the values of the Sen’s unit slope of all the selected stations 
are comparable to the magnitudes of the unit slope values for ex- 
treme series of rainfall and temperature with significant trends. 

However , the P� values indicate that no significant linear trend 
exist in the extreme streamflow series at the significant level of 
0.05 or 0.01. Failure of the MK test to detect significant trends in 
the streamflow extremes is probably due to the higher values of 
the coefficient of variation and the differences in the distributions 
(and skewness) of the extremes. Yue et al. (2002a) noted that the 
power of the MK almost decrease s exponential ly with increase in 
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lected temperature stations in the Lake Victoria basin. 



Table 4
Basic properties and P-values of streamflow extremes for seven selected streamflow stations in the Lake Victoria basin. 

Station (ID) n (years) n/n� Mean (m3 s�1) CV CS CK Correlation Slope, b P-value P-value (R)

r1 Limits (m3/s/(per year)year) P P� Pa=0.05 Pa=0.1

Upper Lower (11)/(4)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)

112022 [1] 28 1.8 202.9 0.283 �0.417 �0.566 0.289 0.316 �0.388 1.646 0.008 0.861 0.793 0.978 0.947 
81248 [2] 45 16.4 22.3 0.430 0.338 �0.555 0.910 0.263 �0.307 0.118 0.005 0.792 0.580 0.968 0.945 
81259 [3] 42 17.3 10.4 1.054 2.550 7.008 0.920 0.261 �0.309 0.013 0.001 0.577 0.519 0.976 0.951 
104172 [4] 39 8.0 177.4 0.421 0.835 0.022 0.800 0.264 �0.315 0.875 0.005 0.856 0.647 0.973 0.946 
1EF02 [5] 51 36.4 376.4 0.477 1.333 1.227 0.978 0.247 �0.286 2.032 0.005 0.967 0.620 0.980 0.956 
81224 [6] 31 14.4 25.5 0.567 0.653 �0.672 0.910 0.300 �0.365 0.120 0.005 0.718 0.561 0.976 0.950 
1AH01 [7] 43 12.6 56.1 0.176 �0.525 �0.495 0.878 0.251 �0.297 0.512 0.009 1.000 0.913 0.972 0.947 

ID: Station identifier; n: actual sample size; n�: effective sample size; CV: coefficient of variation; CS: coefficient of skewness; CK: coefficient of kurtosis; r1: lag-1 auto- 
correlation coefficient and its upper and lower limits of the confidence interval at the significant level of 0.05; b: slope of linear trend; P and P�: the probability values, P-
values, of the MK S, estimated from the original data, before correcting for lag-1 autocorrelation (P) and after correcting for lag-1 autocorrelation (P�); P-values of the upper 
quartiles of the replicates of the data corresponding to 95% confident interval, Pa=0.05, and 90% confident interval, Pa=0.05.

66 P. Nyeko-Ogiramoi et al. / Journal of Hydrology 489 (2013) 56–73
the value of coefficient of variation of the data. The depende nt of 
the MK power on a number of factors, especially on the site’s 
statistical properties such skewness, which vary depending on 
the variable being analyse could have impacted on the existence 
of significant trends in extreme flow series for stations [5] and 
[7]. Visual inspection of Fig. 7 shows that the linear trends in the 
streamflow extremes are quite less amplified except of stations 
[1], [4] and [7]. 

4.1.5. Practical significance versus statistica l significance
Yue et al. (2002a) discussed the relationshi p between statisti- 

cal significance and practical significance, and they noted that a
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Fig. 7. Time series plots of the AM of the mean daily streamflow
statistical ly significant trend may not be practicall y significant
and vice versa. Adequatel y, large samples will definitely reveal 
any change, irrespective of the magnitude of change, using a sta- 
tistical test, but the result may not render any help practically. 
Similarly , small samples of a given time series may not demon- 
strate a change statistical ly, but the amplitude of the change 
could be practically very significant. Consider, for example, the 
values of the unit slope for the streamflow and rainfall extremes 
presente d in column (12) of Table 4 and in column (12) of Table 1,
respectivel y. Although all rainfall extreme series have positive 
slope, only six stations out of the 10 stations have statistically 
significant upward trends. The slope of station (1) is not 
[1]

[5]
[7]

[4]

0

100

200

300

400

19
46

19
56

19
66

19
76

19
86

19
96

20
06

Discharge
Mean
Trend

0

200

400

600

800

1000
Discharge
Mean
Trend

19
96

20
06

0

100

200

300

400

19
46

19
56

19
66

19
76

19
86

19
96

20
06

Discharge
Mean
Trend

km

for selected streamflow stations in the Lake Victoria basin. 
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statistically significant and the visual inspection of chart repre- 
senting station (1) in Fig. 4 shows little evidence of trend in the 
data. Over a 50-year period, for example, the slope yields an 
increase in the mean AM rainfall of 65.3 mm/day by about 
1 mm/day or 1.5%. From a practical perspective, the estimated 
change is within the sampling error of the rainfall measureme nt 
and does appears, given the available data, not as being of 
practical importance . Similarly, the unit slope of trend for station 
(7) can yield 5.5 mm/day or 9.7% of the mean of 56.7 mm/day 
over a 50-year period. This is, also, within the sampling error. 
Furthermore, over a 50-year period, the unit slope of trend 
of magnitude 0.006212 per year for station (3) can yield 
20.9 mm/day or 31.1% in the mean of 67.1. This is both statisti- 
cally and practically significant and may not be ignored, assuming 
no possible reversal in the linear trend. 

Trends in extreme streamflow series of stations [1], [5] and [7] 
are not statistical ly significant. Fig. 7 clearly shows the increasing 
tendency in trends. Table 4 shows that the streamflow extremes 
for the stations [5] and [7] have unit slopes of 0.00540 and 
0.00912, respectively. Over a 30-year period, for example, the 
respective slope yields an increase of 60.9 m3 s�1 or 16.2% and 
15.4 m3 s�1 or 27.4% of their mean of 376.4 m3 s�1 and
56.1 m3 s�1, respectively. Similarly, over a 28-year period, the 
slope of station [1] yields an increase in the mean of the extreme 
streamflow of 202.9 m3 s�1 by 46.1 m3 s�1 or 22.7%. These changes 
in the mean values of the streamflow extremes could be practically 
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Fig. 8. Estimates of the average percentage change in the annual extreme quantiles of d
selected rainfall stations over the Lake Victoria basin. 
significant and need not be ignored despite the fact that significant
trends were not demonst rated in the stream extremes. 

It should be noted that beside detecting the existence of signif- 
icant change in the past or recent climate (hydrometeorological 
time series) it is important to take heed to provide informat ion 
to the engineer in charge of a water resources engineering project 
on the current attributes of, for example, the streamflow (e.g. AM 
and minimum, mean). However , even if the test shows a significant
trend with a slope of practical importance, the engineer will only 
be vindicated in changing his assumption regarding the magnitude 
of the flow characteristic only if the change is permanent for the 
life of the project. Permanent change in streamflow characteri stics 
is, mainly, attributed to change in climate and this can be reflected
in the trends in temperature and rainfall. Despite the fact that no 
significant trend was detected in the selected extreme stream- 
flows, in general, the identified trends appear to resonate fairly 
well with that of extreme series of rainfall and that of temperature. 
4.2. Cyclic trend 

4.2.1. Rainfall 
Fig. 8 shows plots of percentage change (perturbation) for rain- 

fall extremes together with the 95% confidence interval versus the 
year. Note that the reference perturbation represents the long- 
term expected rainfall extremes in the block periods following 
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the total length of observed record. In addition, the reference pro- 
vides the basis for testing the null hypothesis that the perturba- 
tions are not statistically significant from it. Fig. 8 also shows the 
locations of the rainfall stations for which the perturba tions charts 
are related. The numbers in parentheses, ( ), are the IDs for the 
rainfall stations, as defined already in previous discussions . Pertur- 
bations of rainfall extremes, for selected rainfall stations, show 
some outstanding features of the observed rainfall characteri stics 
in the Lake Victoria basin for the recent climate (Fig. 8). It can be 
seen from Fig. 8 that, all the selected stations indicate that, during 
the 1990s, the average perturbation s fall outside the 95% confi-
dence limits. This means that the null hypothes is is rejected at 
the significant level of 0.05. That is, 1990s experienced some dra- 
matic high rainfall extremes over and above the expected natural 
variability. Similarly, apart from station (6) and station (10) of 
Fig. 8, whose records begin just after the 1960s, all others stations 
show that the rainfall extremes for the 1960s were significantly
high. Further visual inspection of Fig. 8 also reveals that, given 
some of the selected stations, the 1940s and the 1970s received 
significant low rainfall extremes. However, it should be noted that 
the significant increase in the rainfall extremes observed in 1960s 
(up to 10–20%) is less than that observed in 1990s (up to 10–60%).
Similarly, the significant low rainfall extremes observed in the 
1940s (up to 20%) is much higher than that observed in the 
1970s (up to 10%). This implies that the tendency for the rainfall 
extremes to shift towards positive change (high extremes) is 
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Fig. 9. Estimates of the average percentage change in the annual maximum quantiles of 
for selected minimum temperature stations in the Lake Victoria basin. 
evident. It is important to note that, in the Lake Victoria basin, sig- 
nificant increase and decrease in the rainfall extremes appear to 
occur after every cycle of about 32 years, given the data. 

4.2.2. Streamflow
Fig. 9 shows estimates of the percentage change (perturbation)

for streamflow extremes, together with the 95% confidence inter- 
vals. Apart from other stations, stations [3], [4], and [7] show some 
significant change in the streamflow extremes for the 1990s and 
statistical ly significant decrease for the 1970s. This is consistent 
with the anomalies for rainfall extremes. The mean cross correla- 
tion of the cross-correlati on coefficients among the three stream- 
flow stations is 0.105 and the upper and low limits of the 95% 
confidence interval of the two-tail t-test for correlation are 
0.0943 and 0.0001. That is, the spatial correlations among the three 
stations are statistically significant and the pattern change in the 
observed streamflow extremes for the 1990s and 1970s could be 
by chance. Other factors, other than the primary factor of rainfall, 
also significantly influence the catchmen t response to hydrologi cal 
extremes (e.g. Elferta and Bormann, 2010; Githui et al., 2009; 
McDonne ll, 2009 ). This makes trend investiga tion on streamflow
time series, in most cases, inconclusive .

4.2.3. Change correlations 
Fig. 10 a–c shows plots of perturbation s for temperature (Tmax

and Tmin) and rainfall for all the selected stations. It can be seen 
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Fig. 10. Change in extremes for (a) Tmax, (b) Tmin, (c) rainfall, and (d) comparison of relative (normalized) change. 

Table 5
Correlations between change in rainfall extremes and change in temperature 
maxima; and between change in rainfall extreme s and change in sunspot maxima. 

Tmax Tmin Sunspot 

Period 1970–2006 1970–2006 1940–2006
Correlation (–) 0.38 0.68 0.31 

Tmax: maximum temperature: Tmin: minimum temperature. 
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from Fig. 10 a and b that the perturba tions for Tmax and Tmin also
show that the anomalies for the 1990s were indeed higher. How- 
ever, the perturbation s for Tmin for the different stations are more 
consistent for most of the years than that for Tmax. Fig. 10 c shows 
that perturbations for rainfall, for the different rainfall stations, 
are, generally, consistent for the 1940s, 1960s, 1970s and 1990s. 
The high and low cycles in temperature appear to be of shorter cy- 
cle length (in years) than that for rainfall. Fig. 10 d shows the rela- 
tive change in perturbations for rainfall, temperature (Tmax and
Tmin) and sunspot maxima. 

One very common feature in Fig. 10 d is the similarity in the 
magnitude of the relative perturbation . In addition, the periodicity 
of the perturba tion for sunspot and that of rainfall appear to 
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Fig. 11. Change in rainfall per unit change in: (a) temperature; and (b) sunspot max
resonate in some similar way from the 1950s to 1980s. It can also 
be seen that an apparent negative correlation between the temper- 
ature perturbations and that for the sunspot maxima is very prom- 
inent from 1980s to 2000s. These relationship s mean that an 
increase in the temperature extremes is a manifestation of a de- 
crease in the Sunspot maxima. A better indicator for the correla- 
tions in the perturbations between rainfall and temperature, and 
between rainfall and sunspot can be revealed by the respective cor- 
relation coefficients. Table 5 contains the values of the correlation 
coefficient between the perturbations for rainfall extremes and 
that of temperature and between the perturbations for rainfall ex- 
tremes and sunspot maxima for the indicated periods. It can be 
seen that the value of the correlation coefficient (0.68) for the cor- 
relation between perturba tion of rainfall and that for Tmin is higher 
than that between rainfall and Tmax, and that between rainfall and 
sunspot maxima. This means that there is a stronger correlation 
between daily rainfall extreme and the minimum of Tmin than that 
between daily rainfall extreme and Tmax. The relationship between 
change in rainfall extremes and sunspot maxima is weak. Fig. 11 a
shows the plots of change in rainfall extremes per unit change in 
temperat ure. In addition, Fig. 11 b shows plots of change in rainfall 
extreme per unit change in sunspot maxima. In Fig. 11 a, the 
0

2

4

6

U
ni

t p
er

tu
rb

at
io

n 
[-

]

Sunspot
(b)

1940 1950 1960 1970 1980 1990 2000 2010

Year

ima. The left ordinate in (a) is for Tmax and the right ordinate in (a) is for Tmin.



70 P. Nyeko-Ogiramoi et al. / Journal of Hydrology 489 (2013) 56–73
primary and the secondary ordinates are for Tmax and Tmin, respec- 
tively. It can be seen that a change in the Tmin extreme by 1 �C
causes the rainfall extreme to change by higher percentage (up
to 25%) than a change in the Tmax extreme for the observed periods 
1970s–2006. Fig. 11 b shows that, given the available data, change 
in the sunspot maxima cannot cause rainfall extremes to change by 
more than 3%. 

4.2.4. Hydroclimatic correlation with climate indices 
Investigating the causes of the variability in the hydroclimatic 

extremes with the use of statistical correlation analysis gave re- 
sults as presented in Figs. 12 and 13 and Table 6. Fig. 12 contains
plots of annual anomalies in the selected climate indices together 
with the 95% confidence interval for the period 1900–2010.
Fig. 12 shows that the PDO and AMO anomalie s were significant
in the 1930s (high), 1950s (low) and 1980s (high). If charts in 
Fig. 12 are compared with those in Fig. 8 we find that PDO and 
AMO resonate negatively with the extremes of rainfall. Fig. 12 also
shows that the SOI anomalies were significant in the 1940s (low),
1960s (high), 1980s (low) and 1990s (high). The trends o the 
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anomalie s in SOI are strongly similar to those of rainfall extremes 
(Fig. 8) which is an indication a strong correlation between rainfall 
extremes SOI. The trends of the IOD anomalies relatively follow 
those of the SOI (Figs. 12 and 13). The observed oscillatio ns in 
the climate indices showed that PDO and AMO resonate negatively 
with extremes of rainfall, while SOI and IOD resonate positivel y
with rainfall extremes. The frequenc y of occurrence of the oscilla- 
tions (high and low) for the PDO and SOI anomalie s are higher 
compare d to those of IOD and AMO (Fig. 13 ). Table 6 contains
the statistical significance of the correlation coefficients at 1% 
and 5% significance levels based on the t-test. Table 6 shows that 
there is no consistent correlations between the climate indices 
and the rainfall extremes observed different locations in the Lake 
Victoria basin. However, rainfall extremes from station (4), (5)
and (9) show some consistence positive correlations with SOI 
and IOD. Table 6 further shows that it is not possible to make 
strong conclusion on the linkages between rainfall extremes ob- 
served at different locations in the Lake Victoria basin and anoma- 
lies in the selected climate indices because of the inconsistent 
correlation between them. Thus, rainfall extremes observed in Lake 
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Table 6
Annual correlation coefficients between rainfall and temperature extremes and climate indices. a

Station Temperature Rainfall Tmax Tmin

Rainfall PDO SOI IOD AMO PDO SOI IOD AMO PDO SOI IOD AMO 

(1) {1} 0.240 �0.159 0.001 �0.018 �0.149 0.205 0.494 b 0.783b 0.394 �0.625b 0.128 0.743 b

(2) {2} 0.416 b �0.559b �0.260 �0.181 0.634 b �0.667b �0.179 0.396 0.631 b 0.648b 0.399 �0.633b

(3) {3} �0.484b 0.273 �0.249 0.583 b �0.512b 0.439c 0.186 �0.515b 0.532b �0.613b �0.062 0.655 b

(4) {4} �0.054 0.175 0.091 �0.577b �0.003 0.075 0.498 b 0.759b 0.723b �0.179 0.364 0.630 b

(5) {5} �0.222 0.322 0.590 b 0.159 �0.509b 0.123 0.487 b 0.387c 0.134 �0.142 0.008 �0.254 
(6) {6} 0.948 b �0.851b �0.587b �0.249 �0.614 0.745 b 0.845b 0.413c �0.582b �0.553b �0.307 0.015 
(7) {7} �0.249 �0.023 �0.222 �0.127 0.275 �0.336c 0.076 0.025 0.603 b �0.430c 0.084 0.629 b

(8) {8} 0.151 0.263 �0.114 �0.543b 0.637b �0.515b �0.319 0.155 0.474 c 0.000 0.621 b 0.836b

(9) {9} �0.391b 0.353c 0.660b �0.101 �0.316 0.229 0.666 b 0.701b 0.359 �0.355 0.193 0.669 b

(10) 0.266 �0.433b �0.529b �0.184

a PDO, Pacific Decadal Oscillation; SOI, Southern Oscillation Index; IOD, Indian Ocean Dipole; AMO, Atlantic Multidecadal Oscillation. 
b Statistically significant at 1% significance level. 
c Statistically significant at 5% significance level. 
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Victoria basin, cannot only be explained by these climate indices 
but also by other influences that could be playing a major role on 
the occurrence of extreme rainfall in the basin. Nevertheles s, the 
QPMtc method provided some better and consistent results than 
the t-test method. Table 6 shows that the relationships between 
IOD and AMO and the observed temperature extremes are more 
consistent compared to those of observed rainfall extremes. The 
correlations between IOD and AMO and temperature extremes 
are positively stronger and statistically significant at 1% signifi-
cance level. This means that for a long-term predictio n of temper- 
ature extremes, the climate indices (IOD and AMO) may be used. 

AMO shows less strong but significant correlation with the long 
rainy season rainfall and flow variability. Conversely, AMO shows 
strong and significant correlation during the dry season. 

IOD has a weak correlation with the extremes in all the seasons 
and at annual scale. From this analysis it is concluded that the ex- 
treme rainfall and flow of the upper Blue Nile basin is influenced by 
changes that occur on both the Pacific and Atlantic Oceans. 
5. Conclusions 

The MK test was applied to detect the existence of statistical 
significance linear trends in the extreme time series for daily rain- 
fall, streamflow and maximum and minimum temperature s for se- 
lected stations in the Lake Victoria basin. The record lengths of the 
selected stations vary from 47 to 87, 28 to 51, 31 to 39, and 23 to 
37 years for rainfall, streamflow, maximum temperature s and min- 
imum temperature s, respectively . The data records of most of the 
stations date up to 2006. The magnitude of the gradient of the lin- 
ear trend was estimated using Sen’s slope estimation technique. In 
general, the presence of positive linear trends dominates the ex- 
treme series of all the variables. 

For rainfall extremes, all the selected stations demonstrated 
increasing trend of positive slopes, indicating that increase in the 
observed rainfall extremes in the study area is prominent. Of the 
10 selected rainfall stations, six demonstrated the presence of sig- 
nificant positive trend. Thus, given the available data, the rainfall 
extremes in the Lake Victoria basin, for the past 3–8 decades, 
had a general upward trend. Given the fact that the study used rel- 
atively longer records of rainfall series, the presence of significant
upward trend in the extremes fairly demonst rates the trend in the 
climates of the recent decades in the Lake Victoria basin. Of the 
nine selected stations, for maximum daily temperat ure, seven 
demonstrat ed the present of increasing trend while two demon- 
strated decreasing trends. The existence of statistically significant
increasing trend was exhibited by only one station. Meanwhile, 
all the three stations, with negative slope, were not statistically 
significant. For daily minimum temperat ure, the presence of 
increasing trends was demonstrated in 7 out of 9 stations. Two sta- 
tions had stationary slope. Significant positive trend was demon- 
strated only in two stations. Irrespective of the significance of the 
trend, an upward trend is thus more demonstrat ed in the annual 
extremes for minimum daily temperature than that for maximum 
daily temperat ure. 

The evidence of the presence of increasing trend in the stream- 
flow extremes of all the seven selected streamflow stations was 
demonst rated by positive slope. No significant trend however 
was detected in all the seven streamflow extreme series. Given that 
statistical ly significant trend does not necessarily imply trend of 
practical significance and vice versa, in overall, 6 of the 7 stream- 
flow stations, with statistical ly insignificant upward trend, demon- 
strated slopes of practical importance . With these statements, we 
can conclude that there is reasonable evidence of positive change 
in the extreme climate of the Lake Victoria basin as demonstrated 
by the presence of linear trends in the hydrometeoro logical 
extremes.

Analysis of cyclic trends in hydrometeo rological variables pro- 
vides an opportunity for situating the characterist ics of the ob- 
served changes into climate change perspecti ve. The robust 
nature of the methodology used in the analysis, the quantile per- 
turbation, provides the possibilit y of the identifying of significant
temporal changes. The cyclic flaunts of the results is a very good 
way of providing informat ion on the amplitud es of the temporal 
changes in the observed hydrometeoro logical extremes and prob- 
able evidence on the direction of change. In addition, it was possi- 
ble to compare relative change in rainfall extremes with the 
relative changes in the daily maximum temperat ure as well as that 
of sunspot maxima. The statistically significant anomalies in the 
rainfall extremes for the recent decades are evidences of a more 
intensification of rainfall in the recent past, observed in the 
1990s compared to 1960s. The block occurrence of rainfall ex- 
tremes, in time, is an evidence of the fact that wet decades tend 
to be followed by dry decades leading to some kind of clustering 
of extremes. From the available data, the emergence of high and 
low extremes, in time, as evidenced in rainfall extremes, is an 
approximat e cycle of about 32 years for the Lake Victoria basin. Gi- 
ven the available data, changes in maximum and minimum tem- 
perature extremes tend to resonate fairly well with the changes 
in the rainfall extremes. This change resonance was also evidence 
in sunspot maxima but with weaker signals. A unit change in min- 
imum daily temperature causes a much higher change in rainfall 
extreme than a unit change in maximum temperat ure. A unit 
change in sunspot maxima does not cause any significant change 
in rainfall extremes. In addition, there is a stronger correlation be- 
tween change in rainfall extremes and that of the minimum tem- 
perature , compare d to that maximum temperature and sunspot 
maxima. This suggests that the change in the minimum of the daily 
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minimum temperature is a better indicator for change in rainfall 
extremes for the Lake Victoria basin. 

The investiga tion of the correlations between climate indices 
and hydrometeo rological extremes suggests that oceanic influ-
ences are part of the explanation of the variability observed in rain- 
fall and temperature extremes in the Lake Victoria basin. The 
changes in the Indian and Atlantic oceans have some influences
on the observed decadal cyclic trends on the hydrometeo rological 
extremes in the Lake Victoria basin. Understand ing the relation- 
ships between the trends in the climate oscillatio ns and those of 
the hydrometeo rological extremes is very important for planning 
for water and agricultural management as well as predictin g risks 
associated with the extremes. The relationship s between climatic 
indices and hydrometeoro logical extremes might likewise be 
important in extrapolating temporal anomalies in rainfall extremes 
for stations with shorter record lengths given that the large scale 
climate drivers such as the SOI have long historical records. The 
QPMtc method used in this study demonstrated its capacity to 
study hydrometeoro logical extremes, as the results found were 
very transparent and consistent. It is apparent that such informa- 
tion would be very important for water and agricultu ral manager 
involved in predictin g and managing risks associate d with hydro- 
meteorologi cal extremes such as floods and droughts . The natural 
variability at decadal time scales can also be filtered out from the 
long-term trends due to global influences and to predict upcomin g
periods with high or low climatic anomalies. 
Acknowled gements 

This research was conducte d at Hydraulics Laboratory of Kath- 
olieke Universiteit Leuven, Belgium, in collabora tion with the 
Department of Civil Engineering, Makerere University Kampala, 
Uganda. The Flemish Interunivers ity Council (VLIR) of Belgium 
financially supported the research. The research work is linked to 
the research activities of the FRIEND/Nile Project funded by the 
Flemish Government of Belgium through the Flanders-UNESCO 
Science Trust Fund cooperation and executed by UNESCO Cairo 
Office.
References

Alexander, L.V., Zhang, X., Peterson, T.C., Ceasar, J., Gleason, B., Klein Tank, A.M.G., 
Haylock, M., Collins, D., Trewin, B., Rahimzadeh, F., Tagipour, A., Rupa Kumar, K., 
Revadekar, J., Griffiths, G., Vincent, L., Stepenson, D.B., Burn, J., Aguilar, E., 
Brunet, M., Taylor, M., New, M., Zhai, P., Rusticucci, M., Vasquez-Aguirre, J.L., 
2006. Global observed changes in daily climate extremes of temperature and 
precipitation. J. Geophys. Res. 111 (DO5109). http://dx.doi.org/10.1029/
2005JD006290.

Awange, J.L., Ong’ang’a, O., 2006. Lake Victoria: Ecology, Resources, Environment. 
Springer. ISBN: 3540325743 

Awange, J.L., Sharifi, A., Ogonda, G., Wickert, J., Grafarend, E.W., Omulo, M.A., 2008a. 
The Falling Lake Victoria water level: GRACE, TRIMM and CHAMP satellite 
analysis of the Lake Basin. Water Res. Manage. 22, 775–796.

Awange, J.L., Ogalo, L., Bae, K.-H., Were, Paul, Omondi, P., Omute, P., Omullo, M., 
2008b. Falling Lake Victoria water levels: is climate a contributing factor? Clim. 
Change 89, 281–297. http://dx.doi.org/10.1007/s10584-008-9409-x.

Becker, M., LLovel, W., Cazenave, A., Guntner, A., Cre ´ taux, J.-F., 2010. Recent 
hydrological behavior of the East African great lakes region inferred from 
GRACE, satellite altimetry and rainfall observations. C. R. Geosci. 342, 223–233.

Blanckaert, J., Willems, P., 2006. Statistical analysis of trends and cycles in long- 
term historical rainfall series at Uccle. In: The 7th International Workshop on 
Precipitation in Urban Areas, St. Moritz, Switzerland. 

Chen, H., Guo, S., Xu, C., Singh, V.P., 2007. Historical temporal trends of hydro- 
climatic variables and runoff response to climate variability and their relevance 
in water resource management in the Hanjiang basin. J. Hydrol. 344, 171–184.

Conway, D., 2004. Extreme rainfall events and lake level changes in East Africa: 
recent events and historical precedents. The East African Great Lakes: Limnol. 
Palaeolimnol. Biodiver. Adv. Glob. Change Res. 12 (2), 63–92. http://dx.doi.org/
10.1007/0-306-48201-0_2.

Cox, D.R., Stuart, A., 1955. Some quick sign tests for trend in location and dispersion. 
Biometrika 42, 80–95.
de Jong, R., de Bruin, S., de Wit, A., Schaepman, M.E., Dent, D.L., 2011. Analysis of 
monotonic greening and browning trends from global NDVI time-series. 
Remote Sens. Environ. 115, 692–702.

de Jongh, L.M., Verhoest, N.E.C., de Troch, F.C.P., 2006. Analysis of a 105-year time 
series of precipitation observed at Uccle, Belgium. Int. J. Climatol. 26, 2023–
2039.

Elferta, S., Bormann, H., 2010. Simulated impact of past and possible future land use 
changes on the hydrological response of the Northern German lowland ‘Hunte’ 
catchment. J. Hydrol. 383 (3–4), 245–255.

Fiddes, D., Forsgate, J.A., Grigg, A.O., 1974. The Prediction of Storm Rainfall in East 
Africa. Transport and Road Research Laboratory Report 623, Environment 
Division Transport Systems Department, Transport and Road Research 
Laboratory, Crowthorne, Berkshire. 

Githui, F., Gitau, W., Mutua, F., Bauwens, W., 2009. Climate change impact on 
SWAT simulated streamflow in western Kenya. Int. J. Climatol. 29, 1823–
1834.

Hegerl, G.C., Karl, T.R., Allen, M., Bindoff, N.L., Gillett, N., Karoly, D., Zhang, X.B., 
Zwiers, F., 2006. Climate change detection and attribution: Beyond mean 
temperature signals. J. Clim. 19 (20), 5058–5077.

Hipel, K.W., MCLeod, A.I., 1994. Time Series Modeling of Water Resources and 
Environmental Systems. Development of Water Science, Amsterdam, The 
Nederlands, pp. 203–234.

Kendall, M.G., 1975. Rank Correlation Methods. Griffin, London. 
King’uyu, S.M., Ogallo, L.A., Anyamba, E.K., 1999. Recent trends of minimum and 

maximum surface temperatures over Eastern Africa. J. Clim. 13, 2876–2886.
Kizza, M., Rodhe, A., Xu, C.-Y., Ntale, H.K., Halldin, S., 2009. Temporal rainfall 

variability in the Lake Victoria Basin in East Africa during the twentieth century. 
Theor. Appl. Climatol. 98, 119–135.

Kundzewicz, Z.W., 2004. Change detection in hydrological records a review of the 
methodology. Hydrol. Sci. J. 49 (1), 7–19.

López-Moreno, J.I., Beguería, S., García-Ruiz, J.M., 2007. Trends in high flows in the 
central Spanish Pyrenees: response to climatic factors or to land-use change. 
Hydrol. Sci. J. 51 (6), 1039–1050.

Machiwal, D., Jha, M.K., 2008. Comparative evaluation of statistical tests for time 
series analysis: application to hydrological time series. Hydrol. Sci. J. 53 (2),
353–365.

Mann, H.B., 1945. Nonparametric tests against trend. Econometrica 13, 245–259.
Mantua, N.J., 2001. The Pacific decadal oscillation. In: McCracken, M.C., Perry, J.S. 

(Eds.), The Encyclopedia of Global Environmental Change, The Earth System: 
Physical and Chemical Dimension of Global Environmental Change, vol. 1. 
JohnWiley, Chichester, UK, pp. 592–594.

Maritz, J.S., 1981. Distribution-Free Statistical Methods, Chapman & Hall, p. 217. 
ISBN: 0-412-15940-6. 

McDonnell J.J., 2009. Classics in physical geography revisited. Hewlett, J.D., Hibbert, 
A.R., 1967. Factors affecting the response of small watersheds to precipitation in 
humid areas. Prog. Phys. Geogr. 33(2), 288–293.

Mora, D.E., Willems, P., 2011. Decadal oscillations in rainfall and air temperature in 
the Paute River Basin-Southern Andes of Ecuador. Theor. Appl. Climatol.. http://
dx.doi.org/10.1007/s00704-011-0527-4.

Mpelasoka, F.S., Chiew, F.H.S., 2009. Influence of rainfall scenario construction 
methods on runoff projections. J. Hydrometeorol. 10, 1168–1183. http://
dx.doi.org/10.1175/2009JHM1045.1.

Ntegeka, V., 2011. Assessment of the Observed and Future Climate Variability and 
Change in the Hydroclimatic and Hydrological Extremes. PhD Dissertation, 
Katholieke Universiteit Leuven, Belgium. 

Ntegeka, V., Willems, P., 2008. Trends and multidecadal oscillations in rainfall 
extremes, based on a more than 100-year time series of 10 min rainfall 
intensities at Uccle, Belgium. Water Resour. Res. 44 (W07402). http://
dx.doi.org/10.1029/2007WR006471.

Nyeko-Ogiramoi, P., 2011. Climate Change Impacts on Hydrological Extremes and 
Water Resources in Lake Victoria Catchments, Upper Nile Basin. PhD 
Dissertation, Katholieke Universiteit Leuven, Belgium. 

Nyeko-Ogiramoi, P., Willems, P., Ntegeka V., 2008. Climate change scenarios for the 
River Nile basin. In: Proc. Nile Basin Develop. Forum, 654–666, 17–19
November, 2008, Khartoum – Sudan. 

Nyeko-Ogiramoi, P., Ngirane-Katashaya, G., Willems, P., Ntegeka, V., 2010. 
Evaluation and inter-comparison of Global Climate Models’ performance over 
Katonga and Ruizi catchments in Lake Victoria basin. Phys. Chem. Earth 35, 
618–633.

Nyenzi, B.S., 1990. An analysis of the interannual variability of rainfall over East 
Africa. In: Proc. 2nd Technical Conf. on Weather Forecasting, September 1990, 
E&S Africa, Nairobi, Kenya, pp. 36–41.

Ogallo, L.A., 1979. Rainfall variability in Africa. Mon. Weather. Rev. 107, 1133–
1139.

Ogallo, L.A., 1989. The spatial and temporal patterns of the East African seasonal 
rainfall derived from principal component analysis. Int. J. Clim 9, 145–167.

Pugacheva, G., Gusev, A., Martin, I., Schuch, N., Pankov, V., 2003. 22-Year periodicity 
in rainfalls in littoral Brazil. Geophys. Res. (Abstracts 5(06797)).

Pujol, N., Neppel, L., Sabatier, R., 2007. Regional tests for trend detection in 
maximum precipitation series in the French Mediterranean region. Hydrol. Sci. 
J. 52 (5), 956–973.

Ramaswamy, V., Schwarzkopf, M.D., Randel, W.J., Santer, B.D., Soden, B.J., 
Stenchikov, G.L., 2006. Anthropogenic and natural influences in the evolution 
of lower stratospheric cooling. Science 311 (5764), 1138–1141. http://
dx.doi.org/10.1126/science.1122587.

Riebeek, H., 2006. Lake Victoria’s Falling Waters. NASA Earth Observatory. 

http://dx.doi.org/10.1029/2005JD006290
http://dx.doi.org/10.1029/2005JD006290
http://dx.doi.org/10.1007/s10584-008-9409-x
http://dx.doi.org/10.1007/0-306-48201-0_2
http://dx.doi.org/10.1007/s00704-011-0527-4
http://dx.doi.org/10.1175/2009JHM1045.1
http://dx.doi.org/10.1029/2007WR006471
http://dx.doi.org/10.1126/science.1122587


P. Nyeko-Ogiramoi et al. / Journal of Hydrology 489 (2013) 56–73 73
Ropelewski, C.F., Jones, P.D., 1987. An extension of the Tahiti-Darwin Southern 
oscillation index. Mon. Weather Rev. 115, 2161–2165.

Santer, B.D., Taylor, K.E., Wigley, T.M.L., Johns, T.C., Jones, P.D., Karoly, D.J., Mitchell, 
J.F.B., Oort, A.H., Penner, J.E., Ramaswamy, V., Schwarzkopf, M.D., Stouffer, R.J., 
Tett, S., 1996. A search for human influences on the thermal structure of the 
atmosphere. Nature 382 (6586), 39–46.

Santer, B.D., Wehner, M.F., Wigley, T.M.L., Sausen, R., Meehl, G.A., Taylor, E.K., 
Ammann, C., Arblaster, J., Washington, W.M., Boyle, J.S., Bruggemann, W., 2003. 
Contributions of anthropogenic and natural forcing to recent tropopause height 
changes. Sci. Mag. 301 (5632), 479–483.

Sen, P.K., 1968. Estimates of the regression coefficient based on Kendall’s tau. J. Am. 
Stat. Assoc. 63, 1379–1389.

Shahin, M., Van Oorschot, H.J.L., De Lange, S.J., 1993. Statistical Analysis in Water 
Resources Engineering. A.A. Balkema, Rotterdam, The Netherlands. 

Sneyers, R., 1990. On the Statistical Analysis of Series of Observations. World 
Meteorological Organization, Technical Note no. 143, WMO no. 415. 

Stager, J.C., Ryves, D., Cumming, B.F., Meeker, L.D., Beer, J., 2005. Solar activity and 
the levels of Lake Victoria, East Africa, during the last millennium. J. 
Paleolimnol. 33, 243–251.

Stager, J.C., Ruzmaikin, A., Conway, D., Verburg, P., Mason, P.J., 2007. Sunspots, El 
Niño, and the levels of Lake Victoria, East Africa. J. Geophys. Res. 112 (D15106),
13. http://dx.doi.org/10.1029/2006JD008362.

Taye, M.T., Willems, P., 2012. Temporal variability of hydroclimatic extremes in the 
Blue Nile basin. Water Resour. Res. 48. http://dx.doi.org/10.1029/
2011WR011466.

Theil, H., 1950. A rank-invariant method of Linear and polynomial regression 
analysis, I, II, III. In: Nederl Akad Wetensch Proc. 53, pp. 386–392, 512–525,
1397–1412.

van Oldenborgh, G.J., te Raa, L.A., Dijkstra, H.A. and Philip, S.Y., 2009. Frequency- or 
amplitude-dependent effects of the Atlantic meridional overturning on the 
tropical Pacific Ocean, Ocean Sci., 5, 293–301. http://dx.doi.org/10.5194/os-5-
293-2009.
Villarini, G., Smith, J.A., 2010. Flood peak distributions for the eastern United States. 
Water Resour. Res. 46 (W06504). http://dx.doi.org/10.1029/2009WR008395.

Willems, P., Vrac, M., 2011. Statistical precipitation downscaling for small-scale 
hydrological impact investigations of climate change. J. Hydrol. 402, 193–205.

Willems, P., Guillou, A., Beirlant, J., 2007. Bias correction in hydrologic GPD based 
extreme value analysis by means of a slowly varying function. J. Hydrol. 338, 
221–236.

WMO, 1994. Guide to Hydrological Practices. WMO No. 168, Geneva. 
Yazdani, M.R., Khoshhal, D.J., Mahdavi, M., Sharma, A., 2011. Trend detection of the 

rainfall and air temperature data in the Zayandehrud basin. J. Appl. Sci. 11 (12),
1225–2134.

Yue, S., Wang, C.Y., 2002. Applicability of prewhitening to eliminate the influence of 
serial correlation on the Mann–Kendall test. Water Resour. Res. 38 (6), 1068. 
http://dx.doi.org/10.1029/2001WR000861.

Yue, S., Wang, C.Y., 2004a. The Mann–Kendall test modified by effective sample size 
to detect trend in serially correlated hydrological series. Water Resour. Manage. 
18, 201–218.

Yue, S., Wang, C., 2004b. Reply to comment by Xuebin Zhang and Francis W. Zwiers 
on ‘‘Applicability of prewhitening to eliminate the influence of serial correlation 
on the Mann–Kendall test’’. Water Resour. Res. 40(3). doi: http://dx.doi.org/
10.1029/2003WR002547.

Yue, S., Pilon, P., Cavadias, G., 2002a. Power of the Mann–Kendall and Spearman’s 
rho tests for detecting monotonic trends in hydrological series. J. Hydrol. 259, 
254–271.

Yue, S., Pilon, P., Phinney, B., Cavadias, G., 2002b. The influence of autocorrelation on 
the ability to detect trend in hydrological series. Hydrol. Process. 16, 1807–
1829.

Zhang, X., Zwiers, F. W. 2004. Comment on ‘‘Applicability of prewhitening to 
eliminate the influence of serial correlation on the Mann-Kendall test’’ by Sheng 
Yue and Chun Yuan Wang. Water Resour. Res. 40(3). doi: http://dx.doi.org/
10.1029/2003WR002073.

http://dx.doi.org/10.1029/2006JD008362
http://dx.doi.org/10.1029/2011WR011466
http://dx.doi.org/10.1029/2011WR011466
http://dx.doi.org/10.5194/os-5-293-2009
http://dx.doi.org/10.5194/os-5-293-2009
http://dx.doi.org/10.1029/2009WR008395
http://dx.doi.org/10.1029/2001WR000861
http://dx.doi.org/10.1029/2003WR002547
http://dx.doi.org/10.1029/2003WR002547
http://dx.doi.org/10.1029/2003WR002073
http://dx.doi.org/10.1029/2003WR002073

	Trend and variability in observed hydrometeorological extremes in the  Lake Victoria basin
	1 Introduction
	2 Study area
	3 Data and methods
	3.1 The data
	3.2 Linear trend
	3.3 Cyclic trend
	3.3.1 Application to quantitative time series
	3.3.2 Significance testing
	3.3.3 Sensitivity of block length
	3.3.4 Application to temperature data
	3.3.5 Comparison of trends in rainfall and temperature extremes
	3.3.6 The influence of solar activity on trend of rainfall extremes
	3.3.7 Hydroclimatic correlation with climate indices


	4 Results and discussion
	4.1 Monotonic trend
	4.1.1 Rainfall extremes
	4.1.2 Extremes of Tmax
	4.1.3 Extremes of Tmin
	4.1.4 Extremes of streamflow
	4.1.5 Practical significance versus statistical significance

	4.2 Cyclic trend
	4.2.1 Rainfall
	4.2.2 Streamflow
	4.2.3 Change correlations
	4.2.4 Hydroclimatic correlation with climate indices


	5 Conclusions
	Acknowledgements
	References


