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Abstract In hydro-meteorological trend analysis, an al-

teration in the given variable is detected by considering the

long-term series as a whole. Whereas the long-term trend

may be absent, the significance of hidden (short-durational)

sub-trends in the series may be important for environ-

mental management practices. In this paper, a graphical

approach of identifying trend or sub-trends using non-

parametric cumulative rank difference (CRD) was pro-

posed. To confirm the significance of the visualized trend,

the CRD was translated from the graphical to a statistical

metric. To assess its capability, the performance of the

CRD method was compared with that of the well-known

Mann–Kendall (MK) test. The graphical and statistical

CRD techniques were applied to detect trends and sub-

trends in the annual rainfall of 10 River Nile riparian

countries (RNRCs). The co-occurrence of the trend evo-

lutions in the rainfall with those of the large-scale ocean–

atmosphere interactions was analyzed. The power of the

CRD method was shown to closely agree with that of the

MK test under the various circumstances of sample sizes,

variations, linear trend slopes, and serial correlations. At

the level of significance a = 5 %, the long-term trends

were found present in 30 % of the RNRCs. However at

a = 5 %, the main downward (upward) sub-trends were

found significant in 30 (60 %) of the RNRCs. Generally at

a = 1 %, linkages of the trend evolutions in the rainfall of

the RNRCs were found to those of the influences from the

Atlantic and Indian Oceans. At a = 5 %, influences from

the Pacific Ocean on the rainfall trends of some countries

were also evident.

Keywords Trend analysis � Trend evolution � Sub-trend
identification � Nonparametric cumulative rank deviation

(CRD) method � Hydro-meteorology � River Nile riparian

countries

1 Introduction

Albeit other pressing challenges such as over population,

poverty, transboundary water resources management

problems and so on in different parts of the world, the issue

of global warming due to the increase in greenhouse is

undeniably becoming the cynosure of the international

endeavour. A high-jacked portion of the said attention is

seen in an overwhelming concern sparked off to investigate

whether or not there are changes in the hydro-meteoro-

logical variables. For only the years 2013–2014, examples

of studies related to the said changes include Lavender and

Abbs (2013), Nyeko-Ogiramoi et al. (2013), Paruolo et al.

(2014), Şen (2014), Tao et al. (2014). The common prac-

tice of trend analysis in hydro-meteorology is to consider a

long-term series as a whole. Also crucial to consider is the

possibility of severe events occurring in the form of clus-

ters over certain periods of the data record length. The

occurrence of such clusters above or below the long-term

average of the hydro-meteorological variable affects the

overall trend by shifting it up or downwards, respectively.

Eventually, the trend obtained considering the full time

series is typical of the net effect of such shifts. Although

the overall trend in a given data may be insignificant, if

analyses are separately done over short periods, the sub-

trends may be significant. Moreover, the sub-period for the
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possible significant sub-trend might be of length quite

important to consider for environmental management

practices. The identification of the sub-trends and assess-

ment of their significance altogether make it possible to

ascertain the likelihood of any intervention on the hydro-

meteorological variable by, say, the short-durational cli-

mate fluctuations. Such influences can exist in various

forms; for instance they may bring about inconsistencies in

rainfall data including, among others, observational errors

in monitoring and change of recording methodology and

equipment (Kampata et al. 2008). Statistical inferences of

the insights into the possible interventions on the hydro-

meteorology can be useful for practitioners to make ap-

propriate decisions on environmental planning and man-

agement. Separating the sub-trends over short-durations

(e.g. of decadal time scales) from that of the long-term

period (for instance due to global warming) also makes it

possible to determine the possible drivers of change in the

hydro-meteorological variable under consideration. Ana-

lysis of the co-occurrences of the trend evolutions in, say,

rainfall and those of the associated possible driving forces

which might be from e.g. the large scale ocean–atmosphere

interactions can be valuable especially in predicting the

upcoming periods of decrease or increase in the variable.

To detect trends, nonparametric tests are more often

used than the parametric ones due to their suitability for

non-normally distributed data in hydro-meteorology.

However, the commonly used methods provide rather sta-

tistical than visual exploratory aspects of the trend detec-

tion. According to Kundzewicz and Robson (2000),

without a proper exploratory data analysis as a very pow-

erful graphical technique, trend test results can be mean-

ingless in some cases. Graphical exploration of changes in

a dataset can make it possible to identify significant hidden

(short-durational) sub-trends in a series. It can also reveal

fascinating facts about the data as well as maximizing

understanding which in turn can invite further

investigations.

Thus, this paper is aimed at: (1) introducing a graphical

approach of identifying linear sub-trends and/or trend, (2)

determining the validity of the introduced method, (3)

applying the method to analyze trends/sub-trends in the

rainfall of the River Nile riparian countries (RNRCs) in

Africa, and (4) attempting to explain the drivers of the

trends.

2 Trend detection methods

Although the reviews and details of the different trend

detection methods can be found in Khaliq et al. (2009), and

Sonali and Kumar (2013), the statistical and graphical

approaches are briefly mentioned.

2.1 Statistical approaches

Some of the nonparametric trend detection methods in-

clude the Mann–Kendall (MK) (Mann 1945; Kendall 1975)

and the Spearman’s rho tests. The slope m, of a monotonic

trend can be given by the method of Theil (1950) and Sen

(1968). Because the ability to detect trend is influenced by

the autocorrelation in the data, Yue et al. (2002a) proposed

a trend-free prewhitening (TFPW) for the case when both

trend and lag-1 autoregressive process AR(1) exist in a

time series.

2.2 Graphical techniques

To observe changes over time of any trend, the sequential

MK test (Modarres and Sarhadi 2009; Sneyers 1990) can

be used. In this method, each sample point is considered

sequentially in both the progressive and retrograde ana-

lyses. On top of the mentioned consideration, in this study,

a method of also using moving window of fixed block

length (instead of only considering the sample points

singly) is proposed to understand the evolution of sub-

trends. This is important especially when the cycle length

for the oscillatory increase or decrease in the hydro-me-

teorological variable is known.

Recently, Şen (2012) introduced an innovative trend

detection technique in which the first half of the time series

is plotted against the second one. If there is no trend in the

series, the data points fall on the 1:1 (45�) line. Because the
data points are used directly, the presence of possible

outliers may affect the trend result from this method. Since

the data points in each half of the time series are sorted

before plotting, the sequential order of the time period of a

possible sub-trend (which may be of the durational length

less or greater than half the data record period) cannot also

be directly judged from the plot on the Cartesian coordi-

nates. In this study, the methodology proposed considers:

(1) ranks of data to reduce the influence of possible out-

liers, (2) the time series as a whole such that the sub-trend

periods are exhibited without the loss of the sequential

order of the time periods of data points.

3 Sub-trend identification

3.1 Cumulative rank difference

In assessment of homogeneity, trend or variability in hy-

dro-meteorological series, rescaling of the data is impor-

tant. One way to do this is through parametric rescaling of

the time series as seen from e.g. Buishand (1982) (to

analyze homogeneity), Kundzewicz and Robson (2000)

(for the cumulative deviation test), Kampata et al. (2008)
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(for the distribution free cumulative summation (CUSUM)

procedure). The above parametric rescaling entails divi-

sion of adjusted partial sums by the standard deviation

(SD). This is closely related to the Hurst rescaling (Hurst

1951) where the deviation of each sample point from the

mean is accumulated to form an adjusted range which is

divided by the SD. The rescaled range (ratio of the ad-

justed range to the SD) is expected to increase asymp-

totically with the square root of the sample size n. In

hydrology, the exponent (also called the Hurst exponent)

often deviates from the expected value of 0.5 thereby

bringing about the effect termed as the Hurst phe-

nomenon. Interpretations of the Hurst phenomenon tend

to be given in terms of persistence, non-stationarity, shift

in the record mean etc. In this paper, a method herein

referred to as the cumulative rank difference (CRD) is

proposed such that concept related the Hurst rescaling is

used analogously to rescale time series in a nonparametric

way in terms of the difference (D) between the ex-

ceedance and non-exceedance counts of data points. The

difference is accumulated to obtain the cumulative sum

(Sm) which is used to separate sub-trends over unknown

periods of increase or decrease in the given variable. The

rescaled series is obtained using Eq. (1).

DðiÞ ¼ RaðiÞ � RbðiÞ ¼ 2RaðiÞ � n� wið Þ for 1� i� n

ð1Þ

where Ra is the number of times a data point is exceeded,

Rb the number of times a data point exceeds others, wi the

number of times a data point appears within the given

sample.

The accumulated difference in the ranks is obtained

using Eq. (2).

SmðiÞ ¼
Xj¼i

j¼1

DðjÞ for 1� i� nð Þ ð2Þ

because
P

{D(j)} = 0, it can be checked that Sm (n) = 0.

3.1.1 Graphical CRD approach

Graphically, to identify sub-trends, the Sm (Eq. 2) is plotted

against i or the time unit of the series such that

(i) The Sm = 0 line represents the reference i.e. an

ideal case with completely no trend in the data.

The data points below and above the reference is

expected to characterize the trend/sub-trends.

(ii) The data points for a monotonically decreasing

(increasing) trend take the form of a curve, most

part of which, if not entirely, will fall below

(above) the reference (see case (c) and (3), (e) and

(5), respectively of Fig. 10). The absolute max-

imum value of Sm (SABS) in such a case will be

clearly far from the reference. For the possible

maximum increasing (decreasing) monotonic

trend, the curve is expected to take the form of

a quadratic function (Pi2 ? Qi ? R) with con-

stant P = -1(1) and Q = 1(-1). For a large n,

the constant R is approximately equal to zero.

Thus for a monotonically decreasing or increas-

ing trend, the curve is described by Sm(i) =

{i2 - ni} or Sm(i) = {ni - i2}, respec-

tively. It is also possible that for the same

(given) data, there can be a number of distinctive

curves above or below the reference. In such

cases, each complete curve above (below) the

reference can be taken as a separate upward

(downward) sub-trend.

(iii) If a time series has an increasing sub-trend in its

first half and a decreasing one in the second, there

will be two curves. The first (second) curve will be

above (below) the reference; the two curves can

be described by a polynomial which crosses the

Sm = 0 line at i = 0.5n (see case (a) and (1) of

Fig. 10).

(iv) When there is no trend in the data, the CRD

pattern fluctuate while crossing the Sm = 0 line a

number of times (see case (b) and (2) of Fig. 10).

In such series, the SABS is small in magnitude, and

periods for the sub-trends can vary so much in

length.

(v) In the case of step upward jump in the series

(assuming no linear trend in the part of the series

before and after the jump), the data points take the

form of two lines with their vertex above the

reference; the first (second) line will have positive

(negative) slope (see case (d) and (4) of Fig. 10).

However, if there is a step downward jump in the

series, the two lines and their vertex will be below

the Sm = 0 line with the first (second) part having

negative (positive) slope.

(vi) If a dataset has two linearly positive sub-trends

separated by a downward step jump, the data

points will form two curves above the reference

(see case (f) and (6) of Fig. 10). For negative sub-

trends the curves will be below the reference.

3.1.2 Statistical CRD test

In some cases the significance of the sub-trends identified

graphically may be subjective. Eventually, support is re-

quired from the statistical CRD test for the conclusiveness

of the trend or sub-trend significance. This requires the

statistical CRD trend statistic which is derived next in a

simplified way.
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Consider the plot of Sm(i) versus i in Fig. 1 obtained

using a synthetic series XSY of n = 111, and let A1 (A2)

occupying the period from i = 1 to 91 (92 to 111) denote

the area enclosed by the data points falling above (below)

the Sm(i) = 0 line, and A3 the area under curve for the

corresponding possible maximum monotonic trend in a

dataset of size equal to that of the XSY. It can be noted that

A1 (A2) indicates positive (negative) sub-trend. Since

|A1|[ |A2|, m is positive; otherwise it would be negative.

The SABS is 862 and occurs at i = 59.

Statistically, the trend in the given series can be esti-

mated using the net area taken by the data points. From

Fig. 1b, the net area which is given by (A1 - A2) directly

depends on the SABS. The pattern of the data points may be

irregular due to randomness in the series. However, for the

possible maximum monotonic trend, the pattern is regular.

The net areas for the irregular (Atot,1) and regular (Atot,2)

patterns of data points can be obtained by approximation

such that:

Atot;1 ¼
Xn�1

i¼1

SmðiÞ ð3Þ

Atot;2 ¼
Xn

i¼1

ni� i2
� �

¼ n
Xn

i¼1

i�
Xn

i¼1

i2 ð4Þ

According to Hall and Knight (1891) following

Carl Friedrich Gauss,
P

i = n(n ? 1)/2 and using the

concept of telescoping or collapsing sum,
P

i2 =

n(n ? 1)(2n ? 1)/6. Making substitutions into Eq. (4),

Atot;2 ¼
n2ðnþ 1Þ

2
� nðnþ 1Þð2nþ 1Þ

6
¼ ðn3 � nÞ

6
ð5Þ

To scale and/or standardize the order of magnitude of

the net area, Atot,1 can be divided by Atot,2 and eventually

the CRD trend statistic (TCRD) is obtained as in Eq. (6).

TCRD ¼ 6

ðn3 � nÞ
Xn�1

i¼1

SmðiÞ ð6Þ

A monotonically increasing (decreasing) trend in the

data is shown by TCRD[ 0 (TCRD\ 0). The maximum

(minimum) possible value of TCRD is 1(-1).

3.1.3 Testing the significance of the trend

from the statistical CRD test

To test the significance of the trend using the computed

TCRD (Eq. 6), the null hypothesis (H0) that ‘‘there is no

trend in the series’’ can be considered. Without any com-

mitment to the possible non-trivial mathematics/statistics,

the H0 can be verified at a given level of significance a %

by constructing the hypothesis rejection/acceptance

boundary in the form of (100 - a) % confidence interval

(CI) using nonparametric Monte Carlo bootstrapping

(Davidson and Hinkley 1997). The trend is significant if the

computed TCRD up or down-crosses the constructed

(100 - a) % CI. To reduce the computational demand of

the bootstrapping procedure, critical values for verifying

the H0 is derived next. This is however, for brevity only

carried out for series with untied ranks of data points.

Consider NMC (the number of Monte Carlo simulations) set

to a value of 1000 due to the computational load; the

thresholds for verifying the H0 were generated using the

flow chart below:

(1) Set a = 10, 5 or 1 %;

(2) Make n = 10(10)110;

(3) For the selected n, generate NMC synthetic series;

(4) For each series, perform TFPW where necessary

and compute TCRD using Eq. (6); this will yield

NMC values of TCRD;

(5) Rank the values of the computed TCRD from the

highest to the lowest;

(6) Pick the [0.005 9 a % 9 NMC]th value of the

TCRD;

(7) Repeat steps (3) to (6) till 100 values are obtained

from step (6);

(8) Calculate and take the average of the 100 TCRD
values of step (7) as the threshold to accept/reject

H0;

(9) Go to the next n and repeat steps (2) to (8), and

(10) Go to the next a % and repeat steps (1) to (9).

XSY = 0.002i + 0.881

0.0
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Fig. 1 Graphical visualization of a XSY series, b CRD results for the

XSY series and a possible maximum trend in a dataset of n = 111
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Due to the randomness in the values of the TCRD re-

sulting from the above flow chart, the need to fit a theo-

retical distribution that can best describe the variation of

the threshold with n was inevitable. To do this, Eq. (7) was

used since the decrease of the threshold with n was ex-

pected to follow a power function.

f nð Þ ¼ a

nb
ð7Þ

where f(n) represents the critical value of the TCRD; a and

b are constants.

Consider Te,i as the values of the TCRD obtained from the

flow chart above, Tg,i the theoretical critical values com-

puted using Eq. (7), and Tr,i the residual in terms of the

difference between Te,i and Tg,i; to determine the constants

a and b of Eq. (7), power trendlines were fitted to the plot

of Te,i versus n and the corresponding equations are shown

in Fig. 2a. The ‘goodness-of-fit’ between the Te,i and Tg,i
(Fig. 2a) were assessed both graphically and statistically.

Graphically, the values of the residuals Tr,i were plotted

against: (1) the standard normal variate (z) i.e. normal

probability plot (Fig. 2b), (2) their relative frequency

(Fig. 2c), and (3) cumulative probability distribution

(Fig. 2d). It can be noted that plots in Fig. 2b, c and d show

a straight line, bell-shape and sigmoid curve, respectively.

These altogether show that the residuals follow the Gaus-

sian distribution as expected. It can be seen from Fig. 2a

that, as n gets larger, the threshold becomes smaller. This is

because the statistical uncertainty due to the limitation of

sample points is higher when n is smaller. It is also known

that a trend test becomes more powerful with higher than

lower values of n (Yue et al. 2002b). It can be noted that

the optimal value of b of Eq. (7) is 0.5. This has a physical

meaning i.e. it is because a sum is considered, that is why

the variation of the TCRD with n has a connection with the

square root of n.

Statistically, the Kolmogorov–Smirnov (K–S) (Kol-

mogorov 1933; Smirnov 1936) test (Eq. 8) at a = 5 % was

conducted on the H0 that the variation of the threshold with

n followed a power function. Comparison was made be-

tween the K–S statistic (Kstat) and the critical values (KCV)

of the said test. The H0 was accepted if Kstat was found to

be less than KCV; otherwise it was rejected. The Kstat was

computed as:

Kstat ¼ Max
n

i¼1
F Te;i
� �

� F Tg;i
� �� �

ð8Þ

where F(Tg,i) and F(Te,i) are the cumulative distributions of

Tg,i and Te,i, respectively.

The K–S was supported by the Anderson–Darling

(Anderson and Darling 1952) test (Eq. 9-10), the root mean

squared error RMSE [–] (Eq. 11), the bias [%] (Eq. 12),

and the probability plot correlation coefficient PPCC [–]

(Vogel 1986) (Eq. 13). The Anderson–Darling statistic

(AD) was computed after sorting the values of Tr,i in as-

cending order. The H0 that the values of Tr,i followed a

Gaussian distribution was used.
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AD ¼ �n� 1

n

Xn

i¼1

2i� 1ð Þ lnF Tr;i
� ��

þ ln 1� F Tr;ðn�iþ1Þ
� �� ��

ð9Þ

where F (Tr,i) is the cumulative distribution of Tr,i. To

account for the effect of a small n, an adjusted AD (AD*)

Eq. (10) was required to compute the p value following

Stephens (1986).

AD* ¼ AD 1þ 3

4n
þ 9

4n2

� 	
ð10Þ

At a = 5 %, if the p value for the AD* was greater than

0.05, the H0 was accepted; otherwise rejected.

RMSE ½�� ¼ 1

n

Xn

i¼1

Te;i � Tg;i
� �2

 !0:5

ð11Þ

Bias ½%� ¼ 1

n

Xn

i¼1

Te;i � Tg;i

Tg;i
� 100

� 	
ð12Þ

PPCC ½�� ¼

Pn

i¼1

Te;i � �Te;i
� �

Tg;i � �Tg;i
� �

Pn

i¼1

Te;i � �Te;i
� �2Pn

i¼1

Tg;i � �Tg;i
� �2

� 	0:5

ð13Þ

where �Tg;i and �Te;i are the mean values of Tg,i and Te,i,

respectively.

The statistical ‘goodness-of-fits’ results are shown in

Table 1. It can be noted that the H0 was accepted in both the

K–S and AD tests, the values of RMSE and bias [%] were

very low, and those of the PPCC were all very close to unity

(the best value). These statistics confirm the acceptability of

the match between Te,i and Tg,i (Fig. 2a). Although

a = 0.5 % is rarely used in hypothesis testing, its value of

a (b) (though not shown in Table 1) was 2.879 (0.5).

To apply the statistical CRD test, if the absolute value of

the TCRD computed using Eq. (6) is less than the critical

value f(n) from Eq. (7), H0 (no trend) is accepted; other-

wise rejected. Illustratively, for the synthetic XSY series

shown in Fig. 1, the absolute TCRD = 0.192 which was

greater than the f(n) = 0.191, indicating a significant up-

ward trend at a = 5 %.

Importantly, for the uniformity of the TCRD irrespective

of n, an adjusted TCRD (TADJ) can be computed using

Eq. (14). Because the maximum trend in a series has TCRD
as one, the adjusted absolute critical value for a given a %

becomes approximately equal to one as well. Therefore, it

means that trend in the given series is significant if the

TADJ[ 1; otherwise insignificant. This adjustment of the

TCRD is important for assessing trend evolution as will be

applied later on.

TADJ ¼
n

a

b

� TCRD ð14Þ

where the constants a and b are similar to those of

Eq. (7).

3.2 Power of trend tests

Before applying the statistical CRD test, its performance in

comparison with that of the MK test was assessed under

various circumstances of sample sizes, variations, linear

trend slopes, and AR (1). This was, for brevity, done while

considering the full time series with untied ranks of data

points. The idea was that, if the statistical CRD test could

be valid to detect trend in the long-term time series, it

would acceptably be applied to statistically support the

visualized results of sub-trends from the graphical ap-

proach. It is known that two types of errors exist in sta-

tistical hypothesis testing. Type I error (also denoted as

a %) is the probability of rejecting the H0 i.e. ‘‘there is no

trend in the data’’, when it is true; and type II error is the

probability of accepting H0 while it is false. Eventually, the

power of a test is the probability of correctly rejecting the

H0, when it is false. The rejection rates of the trend tests

were investigated using large statistical simulations by the

Monte Carlo approach based on first-order (Markov) AR

stochastic process:

Xi ¼ EðXÞ þ r1 Xi�1 � EðXÞð Þ þ ei þ Li ð15Þ

where E(X) is the mean of the Xi process, ei is the white-

noise process with mean le = 0 and standard deviation

re = SD(1 – r21)
0.5. The linear trend component Li = mi.

Following Yue et al. (2002a), for the simulations, X0 is set

to E(X) and E(X) = 1; this makes the sample SD equal the

coefficient of variation CV(X) of Xi. Considering ni as a

normally distributed random variable with mean ln = 0

and standard deviation rn = 1, Eq. (15) becomes:

Table 1 Statistics for the match between Tg,i and Te,i for variation of threshold with a %

a (%) a b Kstat (Kcv) AD* (p value) Bias (%) RMSE (–) PPCC (–)

10 1.688 0.5 0.054 (0.135) 0.439 (0.293) -0.707 0.007 0.9997

5 2.008 0.042 (0.135) 0.162 (0.945) -0.293 0.006 0.9999

1 2.639 0.051 (0.135) 0.349 (0.473) 0.545 0.008 0.9998
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Xi ¼ EðXÞ þ r1 Xi�1 � EðXÞð Þ þ CvðXÞ � ni 1� r21
� �0:5þmi

ð16Þ

The following flow chart was used for comparing the

test power:

(i) Set Cv(X) = 0.25(0.25)0.75;

(ii) Make n = 40(20)100;

(iii) Let r1 = 0.0(0.1)0.4;

(iv) Put m = -0.0002(0.0001)0.0002;

(v) Using Eq. (16), generate Xi series characterized

by values from steps (i) to (iv);

(vi) Re-compute r1; if it is significant, perform TFPW

on the series from step (v);

(vii) Repeat steps (v) to (vi) till the number of the Xi

series obtained reach NMC = 1000;

(viii) Test H0 (no trend) at a = 5 % by each method

and evaluate its power of test as ratio of the

number of rejections of H0 over NMC, and

(ix) Go to the next value of m, r1, n, and Cv(X) so as

to repeat the above steps accordingly.

The comparative rejection rates for the CRD and MK

tests under different variations in the samples are shown for
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Fig. 3 Comparison of the power of trend test for different values of m; the charts are labeled such that {0.25, 0.1, 40} denote {Cv(X) = 0.25,

r1 = 0.1, n = 40}

Stoch Environ Res Risk Assess

123



m (Fig. 3), n (Fig. 4) and r1 (Fig. 5). It is shown in Fig. 3

that as the absolute value of m becomes bigger, the rejec-

tion rate increases. It is seen in Fig. 4 that as n increases,

the tests become more powerful. The results shown in

Figs. 3 and 4 are consistent with those found by Yue et al.

(2002b) when comparing the powers of MK and Spear-

man’s rho tests. It can be noted from Fig. 5 that as the

value of r1 increases, the rejection rates increase as well. It

is generally shown that when the Cv(X) increases, the tests

become less powerful. This, again, is consistent with the

finding of Yue et al. (2002b). The details and explanations

for the obtained patterns can be taken similar to those from

Yue et al. (2002a, b). Importantly, the rejection rates of the

CRD and MK were shown to closely agree with each other

under the various circumstances of the tests. This con-

firmed the acceptability of the statistical CRD test to

support visualization result from its graphical approach for

trend detection and hence, identification of monotonic sub-

trends.

3.3 Trend evolution

To investigate the evolution of trend in the time series, use

can be made of a window or time slice with either fixed

and/or varying block length (BL). A BL is the sub-period

of the full time series covering the data points of interest.

3.3.1 Moving window of varying block length

A window with varying BL can be applied in both forward

(FOW) and backward (BCK) way. In the FOW, the beginning

part of the time slice is fixed and its BL constantly
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Fig. 4 Comparison of the

power of trend test for different

values of n; the charts are

labeled such that {0.75, 0.3,

0.0001} denote {Cv(X) = 0.75,

r1 = 0.3, m = 0.0001}
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increased by a unit. Consider the data years 1900,

1901…2000; if the BL of 10 years (as adopted for the

statistical CRD test) is moved each time by 1 year, the

resulting time slices would cover the periods 1900–1909,

1900–1910… and 1900–2000, respectively. To assess sub-

trends using the BCK, the end part of the time slice is fixed

on the last point of the time series and its BL constantly

increased by a unit. Again, using the same data years as

above, the resulting time slices would cover the periods

1991–2000, 1990–2000… and 1900–2000. Over each slice,

for the FOW (BCK) method, TADJ is computed and plotted

against the ending (starting) year of the time slices. The

lower (LL) and upper (UL) limits of the (100 - a %) CI

can be taken as -1 and 1, respectively.

3.3.2 Moving window of fixed block length

On the other hand, a moving window with a fixed BL (FBL)

can also be applied. Consider for instance the data years

1901, 1902…2011; if a BL of, say, 20 years is selected and

moved each time by 1 year, the resulting time slices would

cover the periods 1901–1920, 1902–1921… and

1992–2011, respectively. Over each time slice or sub-pe-

riod, trend analysis is separately carried out. To obtain a
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Fig. 5 Comparison of the

power of trend test for different

values of r1; the charts are

labeled such that {0.5, 40,

0.0002} denote {Cv(X) = 0.5,

n = 40, m = 0.0002}
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complete picture of the trend evolution, the values of the

TADJ are plotted against the ending year of the time slices.

4 Case study

4.1 Study area and data

To apply the various techniques of this study including the

identification of sub-trends, use of the statistical CRD trend

test, and the investigation of trend evolutions, the country-

wide long-term monthly rainfall data (Harris et al. 2014)

from the British Atmospheric Data Centre (BADC) over

the period 1901–2011 for the RNRCs (Fig. 6), and series

related to large-scale ocean–atmosphere interactions were

used. The monthly climate indices included the southern

oscillation index (SOI) based on Ropelewski and Jones

(1987), the Atlantic multidecadal oscillation (AMO) index

(van Oldenborgh et al. 2009), the Pacific decadal oscilla-

tion (PDO) index (Mantua et al. 1997), and the Indian

Ocean dipole (IOD). The climate indices were used to gain

an insight into the consequence on rainfall trend due the

pressure changes occurring in different oceans and the

anomaly in circulation due to the sea surface temperature.

Since these rainfall data and climate indices were similar to

those used by Onyutha (2014), the descriptive details of the

study area (Fig. 6), data sources and the quality assurance

checks for the time series used in this study can be found

from the cited reference. From the monthly series, annual

rainfall totals and the mean of the climate indices in each

year were obtained for the trend/sub-trend analyses.

4.2 Long-term trend and sub-trends

The long-term trend and sub-trends were identified using

the graphical CRD approach. Although it can possible to

have several local sub-trends within a given series, for

brevity of analysis, two main sub-trends (one positive and

the other negative) were considered. The significance of the

sub-trends/trend was assessed using the statistical CRD

test. The linear trend slope m was computed using the

method of Theil (1950) and Sen (1968).

4.3 Drivers of trend

The evolution of trends in the rainfall series and climate

indices were assessed using the FBL, FOW and BCK meth-

ods. Under the H0 that ‘there is no correlation between the

pattern of trend evolution in the rainfall and those of the

climate indices’, verification of the hypothesis was carried

out both at a = 5 and 1 %.

4.4 Results

4.4.1 Trends and sub-trends

Figure 7 shows trends and sub-trends in the annual rainfall

of the RNRCs. It is shown in Fig. 7d,e that most parts (the

Fig. 6 River Nile riparian

countries; DRC denotes

Democratic Republic of Congo
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peaks) of the curves formed by the data points clearly fall

on one side of (far from) the Sm = 0 line. This shows that

there was a significant upward trend in annual rainfall in

Rwanda and Burundi. In a similar way, from Fig. 7j, it can

be noted that there was a significant decreasing trend in the

rainfall of Egypt. For the rainfall of Democratic Republic

of Congo (DRC) (Fig. 7f), two main sub-trends existed;

one was positive and covered the period 1912–1960 and

the other from 1961 to 2000 was negative. It is also pos-

sible that the sub-trends can be in the same direction. In

this same line, for the downward trend in the Ethiopian

rainfall from 1902 to 2002, the linear trend slopes m (in

mm/year) for the periods before and after the 1960 were

different. In some cases, the overall trend in a given series

can be dominated by either positive or negative sub-trend;

for instance, see the upward (downward) sub-trend in the

rainfall of Tanzania (Sudan) in Fig. 7c (g). Considering the

full series, in Fig. 7a–f, it is shown that the annual rainfall

of the equatorial region was characterized by positive trend

though graphically not conclusive for Kenya and DRC.

Using station-based observed rainfall, Kizza et al. (2009)

and Nyeko-Ogiramoi et al. (2013) also found that trends in

rainfall of Lake Victoria basin in the equatorial region of

the RNRCs were mainly positive. However, from Sudan up
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Fig. 7 CRD plots for annual

rainfall of the different

countries; up (down) arrow

shows the main increasing

(decreasing) sub-trend

Stoch Environ Res Risk Assess

123



to Egypt (Fig. 7g–j) the annual rainfall trends were all

negative. For the conclusiveness of the sub-trend sig-

nificance, results from the statistical CRD test are compiled

in Table 2.

Table 2 shows statistics of rainfall trend and sub-trend

results. The bold values of TCRD and r1 are significant at

a = 5 %. The CRD critical value at a = 5 % for the trend

in the full series of each country is 0.187. Considering the

full time series, significant upward (downward) trend was

found in Rwanda and Burundi (Egypt); this is consistent

with results from Fig. 7. The main upward sub-trends in the

equatorial region (stations 1–6 from Table 2) were all

significant. Downward sub-trends were significant in the

rainfall of DRC, Sudan and Egypt. It can be noted that the

magnitudes of m in the sub-trends were higher than those in

the overall trends of the full series.

Figure 8 shows results of rainfall trend evolution

assessed using the various methods. It is shown in the

variation of sub-trends with time e.g. for the FOW method

that, there was the tendency of the trend in the rainfall over

the equatorial region to change from negative to positive

while for the countries in the upper half of the Nile Basin

i.e. Sudan, Ethiopia, Eritrea and Egypt, it was instead from

positive to negative. It means that as the rainfall was de-

creasing in the southern part of the Nile Basin, in the

northern half it was increasing. This difference could

suggest that the driving forces for the rainfall trends in

these regions are opposite in sign.

4.4.2 Possible drivers of the rainfall trends

Figure 9 shows, for the FOW method, the graphical com-

parison of the trend evolution patterns in the rainfall of

Ethiopia and those of the climate indices. The trend pattern

in the rainfall is best followed by that of the AMO, and

next by the SOI. This means that the trend in the rainfall

over Ethiopia can be partly explained by that in the influ-

ences from the Atlantic and Pacific Oceans. For all the

RNRCs and the different methods, correlations between

rainfall trends and those of climate indices/series as illus-

trated in Fig. 9 are summarized in Table 3.

In Table 3 the absolute critical value of the correlation

coefficients at a = 5 % (1 %) using both the FOW and BCK

methods is 0.20 (0.26). Correspondingly, using the FBL

method, the absolute critical value is 0.21 (0.27) for SOI

and 0.20 (0.26) for PDO, AMO and IOD. The difference,

among countries, in the magnitudes and sometimes signs of

the correlation coefficients could be related to the ran-

domness in the rainfall data or difference in micro-climate

(micro-scale features), and the influence of the regional

features (topography, water bodies, land cover etc.). Con-

sidering the two regions, the equatorial (Uganda, Kenya,

Tanzania, Rwanda, Burundi and DRC) and the countries in

the northern part of the Nile Basin i.e. Sudan, Ethiopia,

Eritrea and Egypt (SEEE), it can be noticed that the driving

influences (the correlations) for their rainfall trends seem to

be opposite in sign. This, for the FOW method, can be

confirmed using correlations between rainfall and IOD or

SOI. This, of course, follows from the differences in the

trend evolutions as already explained and seen from Fig. 8.

The correlations obtained for the FBL method were lower in

magnitude than those for the FOW and BCK. This could

suggest that the BL of 20 years used, was perhaps, not very

representative to describe the periods for the sub-trends. To

use the FBL method, it is recommended that a sensitivity

analysis be carried out. Although this wasn’t done in this

Table 2 Statistical results of trend analysis

S no. Country Full time series Main downward sub-trend Main upward sub-trend

TCRD m r1 Period TCRD m r1 Period TCRD m r1

1 Uganda 0.10 0.57 -0.01 1902–1926 -0.10 -2.36 -0.27 1927–2011 0.21 0.97 0.09

2 Kenya 0.01 0.11 0.10 1901–1940 -0.18 -1.50 0.05 1944–1967 0.46 9.74 0.02

3 Tanzania 0.11 0.48 0.05 1981–2011 -0.21 -1.42 -0.37 1919–1980 0.31 2.12 0.11

4 Rwanda 0.32 1.38 0.11 1902–1909 -0.74 -42.39 0.00 1910–2011 0.34 1.59 0.20

5 Burundi 0.27 1.19 0.17 *** *** *** *** 1901–2010 0.27 1.19 0.16

6 DRC 0.01 0.01 0.32 1961–2000 -0.50 -3.96 0.45 1912–2960 0.32 1.55 -0.01

7 Sudan -0.18 -0.29 0.27 1928–2005 -0.45 -0.90 0.36 1910–1923 0.34 2.54 0.12

8 Ethiopia -0.17 -0.56 0.15 1902–2002 -0.20 -0.69 0.15 2003–2011 0.28 5.14 -0.31

9 Eritrea -0.09 -0.23 -0.05 1931–2011 -0.18 -0.75 -0.04 1901–1925 0.28 3.30 -0.12

10 Egypt -0.21 -0.07 -0.02 1901–2011 -0.21 -0.07 -0.02 *** *** *** ***

*** Nil

Bold values of TCRD and r1 are significant at level a = 5 %
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study (for brevity), in a trial and error procedure, different

values of the BL can be selected and used to determine

which trend evolution pattern is representative of the sub-

trends in the study area.

It is shown that trends in the rainfall over the equatorial

region were significantly caused by those in the influences

from the Indian Oceans. A similar result was also found by

Camberlin (1997) Tierney et al. (2013) and Onyutha and

Willems (2014). Using the FOW method, it can be seen that

significant negative (positive) correlations were also found

with the SOI (IOD). For the SEEE, significant correlations

of the rainfall trends were mainly found with those of the

AMO, SOI and IOD. For rainfall variability in Ethiopia,

links to the influence from the Pacific and Atlantic Oceans

(in terms of SOI and AMO, respectively) have been found

by Jury (2010) for the northern and the southern zones,

Taye and Willems (2012) and Moges et al. (2014) for the

Blue Nile basin.

5 Applying the introduced methodology

The following three main steps are important after applying

the TFPW where necessary:
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Fig. 8 Trend evolution in the

annual rainfall of the different

countries obtained using

moving window with block

length fixed (FBL) or varying in

forward (FOW) or backward

(BCK) way together with the

lower (LL) and upper (UL)

limits of the 95 % confidence

intervals
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(1) Separation of the sub-trends using the graphical

CRD approach by:

(i) Rescaling of the given series using Eq. (1)

(ii) Calculating cumulative sum (Sm) of the

rank difference using Eq. (2)

(iii) Plotting the Sm against the time unit of the

series

(iv) Identifying the periods of increasing (de-

creasing) sub-trends in terms of the areas

above (below) the reference i.e. Sm = 0 line

(2) Analysis of the overall trend and graphically

separated sub-trends by:

(i) Applying the statistical CRD test to verify

the null hypothesis H0 that ‘there is no trend’

in the full time series, and the sub-trends. For

series with tied ranks, verify the H0 by

nonparametric percentile bootstrapping using

Monte Carlo simulations. Trend is significant

if the TCRD computed using Eq. (6) falls

within the (100 - a %) confidence interval;

otherwise, it is insignificant. For data with

untied ranks, compare the trend statistic

TCRD computed using Eq. (6) with the

critical value f(n) from Eq. (7). If the com-

puted TCRD\ f(n), the linear trend is

insignificant, otherwise significant.

(ii) Computing the slope of the linear trend using

the method of Theil (1950) and Sen (1968)

(3) Investigating the evolution of trend in the time series

using moving window of either varying or fixed

block length. Each time, the window is moved by a

unit, the statistical CRD test is applied and the

adjusted trend statistic TADJ (Eq. 14) is compared

with the H0 rejection/acceptance boundary limits of

1 and -1. The sub-trend for the period under

consideration is significant if TADJ[ 1 or TADJ\-1,

otherwise insignificant.
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Fig. 9 Trend evolution results

for the rainfall and climate

indices; the correlation

coefficient between the two

curves of each chart is put as

label in {}

Table 3 Correlation between trend evolution of the rainfall and those of climate indices

BCK FOW FBL

Country PDO SOI IOD AMO PDO SOI IOD AMO PDO SOI IOD AMO

Uganda -0.59 0.17 0.32 0.34 -0.53 -0.39 0.55 0.29 -0.37 0.08 0.53 -0.06

Kenya -0.25 -0.07 0.31 0.04 -0.13 -0.26 0.25 -0.04 0.10 0.01 -0.22 0.15

Tanzania -0.29 -0.33 0.50 0.21 -0.54 -0.59 0.66 0.75 0.52 -0.21 -0.40 0.18

Rwanda -0.62 -0.12 0.56 0.48 -0.67 -0.53 0.72 0.77 0.00 0.33 -0.23 0.19

Burundi -0.49 -0.21 0.58 0.27 -0.56 -0.59 0.71 0.61 0.04 -0.09 0.19 -0.10

DRC -0.70 0.61 -0.37 -0.01 -0.83 -0.15 0.25 0.50 0.01 -0.13 -0.23 0.29

Sudan -0.25 0.73 -0.76 -0.02 -0.01 0.66 -0.68 -0.29 -0.38 0.30 0.09 0.58

Ethiopia -0.38 0.76 -0.56 -0.54 0.35 0.65 -0.56 -0.67 -0.17 0.55 0.29 -0.19

Eritrea 0.42 0.24 -0.44 -0.02 0.46 0.58 -0.82 -0.58 0.25 0.15 -0.39 0.38

Egypt 0.29 -0.51 0.32 -0.43 0.43 0.14 -0.29 -0.75 -0.23 -0.15 -0.02 -0.50

Bold values are significant at level a = 5 %
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6 Conclusion

In hydro-meteorological trend analysis, a common practice

is to detect an alteration in the given variable by consid-

ering a long-term series as a whole. Whereas the long-term

trend may be absent, the possible presence and significance

of the hidden (short-duration) sub-trends in the series may

be worth taking note of, for environmental management

practices. Common trend detection methods provide rather

statistical than visual exploratory aspects of the analysis. In

this paper, a nonparametric CRD method was introduced to

test trend in the full series and sub-trends over unknown

periods of increase or decrease of the hydro-meteorological

variable.

To understand its capability, the performance of the

introduced method was compared with that of the well-

known MK test. The trend detection power of the CRD

method was shown to closely agree with that of the MK

test under the various circumstances of sample sizes, var-

iations, linear trend slopes, and serial correlation. Because

the methods are nonparametric, they cannot be affected by

non-normally distributed data which occur frequently in

hydro-meteorology.

The introduced methods were applied to detect trend and

sub-trends in the country-wide annual rainfall of the RNRCs.

The co-occurrence of the changes in the rainfall with those of

large-scale ocean–atmosphere interactions was analyzed in

terms of trend evolutions using four climate indices or series.

The long-term trends were found significant in 30 % of the

RNRCs. However, the main short-duration downward (up-

ward) sub-trends were found significant in 30 % (60 %) of

theRNRCs.Generally, linkages of the trend evolutions in the

rainfall of the RNRCs were found to those of the influences

from the North Atlantic and Indian Oceans. Influences from

the Pacific Ocean were also evident in the rainfall trend

evolutions of some RNRCs. These findings are vital for

planning and management of the water and agricultural

practices.

For the systematic statistical methodology of the CRD

considering the general case of data with or without tied

ranks, the reader is referred to Onyutha (2015).
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