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Abstract
We investigated teleconnections of rainfall time series in the central Nile Basin (Sudan and South Sudan) with localities in the 
global sea surface temperature (SST) field, using monthly rainfall data from 11 gauging stations from 1960 to 1999. Annual 
rainfall ranged from 100 mm in the north to more than 700 mm in the south, and all stations had a strong contrast between 
rainy and dry seasons with rainless dry periods of several months. Rainfall time series at the stations were categorized as 
strongly seasonal, with precipitation concentration index exceeding 16 and seasonality index exceeding 0.9. The rainfall 
stations were classified into four zones on the basis of annual rainfall, seasonality, and cross-correlations among the stations. 
We calculated cross-correlations of interannual rainfall time series in summer (July and August) with the global SST field. 
For short lag times (0 or 1 month), summer rainfall in Zones I and II (northern arid regions) had significant correlations 
with SST over the eastern Mediterranean Sea and southern Indian Ocean, summer rainfall in Zone III (semiarid region) had 
significant negative correlations with SST over the Indian Ocean, and summer rainfall in Zone IV (southern wet region) had 
significant correlations with SST over tropical areas and the southwestern Pacific Ocean. For long lag times (3–6 months), 
Nile Basin summer rainfall time series had significant correlations with SST in various regions of the Atlantic and Indian 
Oceans but not the Pacific Ocean. Rainfall in Zones I and II had positive correlations (significance level < 0.01) with SST 
south of Greenland and around the Azores Islands and negative correlations with SST south of Madagascar; rainfall in 
Zone III had negative correlations with SST in parts of the Indian Ocean; and rainfall in Zone IV had significant positive 
correlations with SST southwest of South Africa and negative correlations with SST in the southwestern Indian Ocean. In 
sum, rainfall in three of the zones (I, II, and IV) had significant positive and negative correlations with SST in parts of the 
Indian and Atlantic Oceans. For each of these zones, one positive correlation and one negative correlation were selected and 
correlations with the time series of the difference between the two SST records were calculated. Correlations of Nile Basin 
rainfall with the SST differences were stronger than the original positive and negative correlations. The resulting time series 
of SST difference were applied to an artificial neural network to predict summer rainfall, yielding satisfactory correlation 
coefficients between the observed and predicted summer rainfall (r > 0.70).
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Introduction

The middle reach of the Nile River (Sudan and South 
Sudan) extends from northern arid regions to southern 
wet regions. The northern region is a part of the Sahara 
Desert with annual rainfall of less than 100 mm, whereas 
annual rainfall in the southern region is nearly 1000 mm. 
In Sudan, drought is an annual occurrence (Elagib and 
Elhag 2011). The capital of Sudan, Khartoum, is located 
at the junction of the Blue Nile and White Nile, whose 
catchment areas lie in Ethiopia and mainly in Uganda and 
Kenya, respectively. Rain-fed agriculture is practiced in 
these areas, and therefore, uncertainty associated with 
rainfall variability strongly affects their agricultural pro-
ductivity and natural habitats (Willcocks and Twomlow 
1992; Larsson 1996). In Sudan, sharp fluctuations in rain-
fall hamper its evaluation, and climate change has com-
monly resulted in delayed onset and reduced duration of 
the rainy season (Elagib 2011).

Researchers have investigated teleconnections of rain-
fall time series with sea surface temperature (SST) and 
atmospheric pressure gradients to evaluate rainfall fluc-
tuations in arid lands. Teleconnections with climate phe-
nomena measured by indices such as the Southern Oscil-
lation Index (SOI), Northern Atlantic Oscillation (NAO), 
and Indian Ocean Dipole (IOD) have strong influences on 
regional climate around the world (Uvo et al. 1998; Smith 
et al. 2000; Behera and Yamagata 2001; Osman and Sham-
seldin 2002; Saji and Yamagata 2003; Rodríguez-Fonseca 
et al. 2006; Yasuda et al. 2009; Diro et al. 2011; Chen and 
Georgakakos 2015; Yuan et al. 2015). Diro et al. (2011) 
detected teleconnections for summer rainfall in north-
eastern Ethiopia involving negative correlations with the 
eastern equatorial Pacific Ocean and with the southwest-
ern Pacific Ocean (northeast of Australia to north of New 
Zealand).

El Niño and La Niña are occurrences of anomalously 
warm and cool SST, respectively, in the eastern Pacific 
Ocean. They correspond to an atmospheric index, the SOI, 
that expresses an oscillation in sea surface air pressure 
between the tropical eastern and western Pacific Ocean. 
The SOI is defined by the air pressure difference between 
Tahiti and Darwin, Australia. The NAO, defined as the 
difference in atmospheric pressure at sea level between 
the Icelandic low and the Azores high, is an indicator 
of atmospheric circulation over the northern Atlantic 
Ocean that explains meteorological fluctuations mainly 

in Europe and Africa. The IOD is based on the SST dif-
ference between the western and eastern Indian Ocean. 
Its positive phase represents higher-than-average SST and 
greater precipitation in the western Indian Ocean, with 
corresponding cooler and drier conditions in the eastern 
Indian Ocean. The opposite conditions are indicated by the 
negative phase of the IOD. The Subtropical Indian Ocean 
Dipole (SIOD) is a similar index emphasizing the southern 
hemisphere, reflecting the oscillation of SST between the 
waters south of Madagascar and off western Australia. Its 
positive phase represents warmer water south of Madagas-
car and cooler water off western Australia.

It is well established that the world climate is under the 
strong influence of SST. The influence of SST in the east-
ern equatorial Pacific Ocean on the climate of Africa was 
reported by the World Meteorology Organization (2004). 
Osman and Shamseldin (2002) reported that 34 and 21% 
of the annual rainfall variability in the central and south-
ern regions of Sudan, respectively, are under the influence 
of El Niño–Southern Oscillation (ENSO) and the Indian 
Ocean SST. The interannual time series of June–Septem-
ber rainfall in Ethiopia and Sudan are governed by the 
Indian summer monsoon (Camberlin 1997). Hameed and 
Riemer (2012) reported that about 50% of the variance 
of July–September rainfall in the Sahel (the region from 
10°–20°N and 20°W–35°E) is explained by changes in the 
Azores high and the South Asia low.

Time series of the difference in SSTs between two 
regions may have highly significant correlations with 
rainfall time series. Behera and Yamagata (2001) showed 
that rainfall over many regions in south–central Africa 
is correlated with cold SST anomalies off Australia and 
warm SST anomalies south of Madagascar (positive 
SIOD). Thermal contrasts (SST differences) between the 
Mediterranean Sea and Indian Ocean are synchronous with 
rainfall anomalies over the whole Sudan-Sahel belt (Fon-
taine et al. 2011). Shankar et al. (2007) reported that SST 
difference between two regions over the Bay of Bengal 
associates convection and causes rainfall event. Zheng 
et al. (2014) found that summer monsoon in East Asia is 
subject to the North Pacific Ocean dipole that is defined as 
the difference between SST anomaly of the North Pacific 
(120°–160°E, 36°–44°N) and the Indo-Pacific warm pool 
(80°–130°E, 4°–24°N). Yasuda et al. (2009) found that 
the summer rainfall time series from the Chinese Loess 
Plateau have positive and negative correlations with SST 
in two Pacific Ocean regions, and the correlation of the 
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difference between these two SST time series with rain-
fall is stronger than the correlations of rainfall with the 
individual regions.

Although the central Nile Basin has possibilities for more 
productive agriculture, its potential remains latent because 
of unsuitable water resources. Better knowledge of rain-
fall fluctuations should contribute to more efficient water 
management in this region. Summer irrigation is crucial to 
agriculture here. If a teleconnection between Sudan sum-
mer rainfall and SST could be established and rainfall could 
be predicted, water management in the agricultural sector 
would be greatly enhanced. However, research on this sub-
ject is sparse.

In this study, we investigated the seasonality of rainfall 
time series in the central Nile Basin and evaluated telecon-
nections between the rainfall and global SST. We evaluated 
correlations between rainfall and the SST difference between 
two sea regions. Finally, we attempted predictions of sum-
mer rainfall using an artificial neural network (ANN), a non-
linear model that has been applied extensively in hydrology, 
climatology, and water resources (Uvo et al. 2000; Olsson 
et al. 2001; Nilsson et al. 2006; Srivastava et al. 2006; Yas-
uda et al. 2009; Dash et al. 2010; Goyal and Ojha 2012; 
Singh and Borah 2013).

Study area and data

This study used monthly rainfall data from 11 gauging sta-
tions for 40 years (1960–1999) due to the availability of 
meteorological data (Fig. 1). The common period when 
data were fully completed at all stations, 1960–1999, was 
selected. These stations (with their average annual rainfall) 
are located at Atbara (59.8 mm), Khartoum (138.1 mm), 
Kassala (253.9  mm), Medani (311.1  mm), Gadaref 
(346.0 mm), Sennar (359.6 mm), Kosti (394.2 mm), El 
Nahud (430.5 mm), Nyala (565.5 mm), Kadugli (699.0 mm), 
and Malakal (750.4 mm). There is a wide range in rain-
fall from 59.8 mm at the northernmost station, Atbara, to 
750.4 mm at the southernmost, Malakal. Annual rainfall 
increases to the south toward the source of the White Nile, 
and to the east toward the Ethiopian highlands, which is the 
source of the Blue Nile. 

For SSTs, this study used monthly SST data of the Hadley 
Centre Global Sea Ice and Sea Surface Temperature (Had-
ISST) dataset (Rayner et al. 2003, 2006). The HadISST is 
provided by the Met Office, UK. The HadISST is monthly 

globally complete fields of SST on a 1° latitude–longitude 
grid from 1870 to date. Observed data are quality-controlled 
and interpolated onto a 1° area grid. Individual ships’ obser-
vations from the Met Office Marine Data Bank (MDB) 
were quality-controlled and interpolated onto a 1° area grid 
(Rayner et al. 2003).

Methodology

Seasonality of rainfall

As indices to quantify rainfall seasonality, Elagib (2011) 
applied the precipitation concentration index (PCI) and the 

Fig. 1   Location map showing rainfall stations in the central Nile 
Basin (dots) and isohyetal lines of mean annual rainfall (in mm)
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seasonality index (SI) to rainfall time series of arid areas in 
northern Sudan. In this study, these two indices were used to 
evaluate seasonality of rainfall at the 11 stations.

The PCI was advocated by Oliver (1980) and has been 
widely used as an index to evaluate fluctuation of rainfall 
(Michiels et al. 1992; Apaydin et al. 2006; de Luis et al. 
2010, 2011; Kumbuyo et al. 2014). The PCI is calculated as:

where n is the observation month (1–12), SR is the annual 
rainfall, and Rn is the rainfall of month number n.The index 
is classified as uniform (PCI = 8.3–10), moderately seasonal 
(PCI = 10–15), seasonal (PCI = 15–20), highly seasonal 
(PCI = 20–50), and irregular (PCI = 50–100).

The SI was advocated by Ayoade (1970) and has been 
widely used as an index to evaluate rainfall fluctuation (Bello 
1998; Sumner et al. 2001; Livada and Asimakopoulos 2005; 
Pryor and Schoof 2008). The SI is given as:

The index is classified as very equable (SI < 0.19); equa-
ble with a definite wetter season (0.20 < SI < 0.39); rather 
seasonal with a short drier season (0.40 < SI < 0.59); sea-
sonal (0.60 < SI < 0.79); markedly seasonal with a long 
drier season (0.80 < SI < 0.99); most rain in 3 months or less 
(1.00 < SI < 1.19); and extremely seasonal (almost all rain in 
1–2 months) where SI ≥ 1.20.

Table 1 lists PCI and SI values for the rainfall time series 
of our 11 stations. For all stations, PCI is greater than 15 
and SI is greater than 0.9. In this study, two classifications of 
PCI and SI are unified. On the SI value, SI < 1.0: ‘seasonal,’ 
1.0 < SI < 1.2: ‘highly seasonal,’ and 1.2 < SI: ‘extreme sea-
sonal.’ Division between ‘seasonal’ and ‘highly seasonal’ 
accords with the PCI value 20 and annual rainfall 600 mm. 
Another division between ‘extreme seasonal’ and ‘highly 
seasonal’ accords with the annual rainfall 200 mm. This 
range classifies the two northern stations (Atbara and Khar-
toum) as extreme seasonal; the seven central stations (Kas-
sala, Medani, Kosti, El Nahud, Nyala, Sennar, and Gadaref) 
as highly seasonal; and the two southern stations (Kadugli 
and Malakal) as seasonal.

Artificial neural network

We used an artificial neural network (ANN) to predict sum-
mer rainfall over Sudan from SST. The ANN has been used 
for hydrological prediction by plethora of researchers (Uvo 
et al. 2000; Yasuda et al. 2009; Goyal and Ojha 2012; Singh 
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and Borah 2013). Since the ANN is a non-dynamic model, 
it combines two different items like SST and rainfall.

The structure of the ANN consists of input, hidden, and 
output layers (Fig. 2). There are two neurons in the output 
layer (corresponding to summer rainfall for 2 years: time 
step i and i + 1) and four neurons in the input layer (corre-
sponding to the SST difference for 4 years; time step: i − 2, 
i − 1, i, and i + 1). Seven neurons are used in the hidden layer. 
Neurons in different layers are connected by weight func-
tions that were optimized by a back-propagation process. 
The neurons in the hidden layer transfer the input data (SST 
difference) to the output layer (summer rainfall).

Data analysis

Rainfall

Figure 3 presents the mean monthly rainfall and coefficient 
of variance (CV) of the 11 stations. There is a clear contrast 
between the rainy and dry seasons. Rainfall occurs only dur-
ing the rainy season. The total annual rainfall at Kadugli and 
Malakal is highest among the 11 stations, but the monthly 
contribution from November to March is very limited. The 
CV is larger during rainy season months at Atbara and Khar-
toum, in the north, and during dry season months at Kadugli 

and Malakal, in the south. At the other nine stations, rainfall 
is concentrated in July and August.

The two northernmost stations (Atbara and Khartoum) 
and southernmost stations (Kadugli and Malakal) in the 
study area have monthly rainfall distributions that differ 
from those of the other seven stations. The rainy season is 
July–August at Atbara and July–September at Khartoum. At 
Kadugli and Malakal, monthly rainfall is more than 10 mm 
from April to October. In the central region (Kassala, Med-
ani, Kosti, El Nahud, Nyala, Sennar, and Gadaref), rainfall 
only occurs from May to October.

Figure 4 presents the annual rainfall, mean annual rain-
fall, and CV at all 11 stations. All stations display large fluc-
tuations. The early 1980s were dry at all stations, and the 
drought was especially serious in 1984. Bärring and Hulme 
(1991) reported that the climate of Sudan was dry in 1984 
and wet in 1988, even in the northern arid area, including 
Atbara and Khartoum, where drought conditions prevailed 
from 1980 to early 1990. The maximum rainfall occurred in 
1988. Figure 4 (below right side) shows an inversely pro-
portional relationship between mean annual rainfall and CV 
(Yasuda et al. 2009; Nicholson 2011). In the northern sta-
tions Atbara and Khartoum, the CV is greater than 0.6 and 
greater than at other stations.

Divisions of the study area

Zonal division on the basis of mean annual rainfall is a com-
mon way in the field of meteorology and hydrology (Rish-
mawi et  al. 2016; Middleton and Thomas 1997; Traore 
et al. 2012). The mean annual rainfall has a deterministic 
role on vegetation distribution, farming plan, and evalua-
tion of desertification. Traore et al. (2012) studied Acacia 
woodlands in the Sudano-Sahelian zone and divided the cli-
matic conditions with mean annual precipitation. Rishmawi 
et al. (2016) reported a relationship between vegetation and 
annual rainfall in sub-Sahara and found an evident signifi-
cant relationship around the 700 mm annual rainfall isohyet.

Researchers have taken various approaches to analyzing 
Sudan by subregion. Osman and Shamseldin (2002) divided 
Sudan into four geographic zones strictly by latitude: the 
desert zone north of latitude 17°N, the semi-desert zone 
between 15°N and 17°N, the savannah zone between 9°N 
and 15°N, and the equatorial zone south of 9°N. Elagib and 
Mansell (2000) and Elagib and Elhag (2011) used rainfall 
seasonality to divide Sudan into a southern region (south of 
10°N), central region (10°–16°N), northern region (north of 

Fig. 2   Schematic diagram of the structure of the ANN; 4, 7, and 2 
neurons at the input, hidden and output layer, respectively. SST dif-
ference for 4  years is applied to neurons at the input layer, and the 
neurons at the hidden layer transfer the input data to the output layer. 
Two neurons at the output layer are corresponding to summer rainfall 
for 2 years
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16°N), and coastal region (Red Sea coast). Latitudes 9°–10° 
and 16°–17° approximately match annual rainfall isohyets of 
600–800 and 200 mm, respectively. Latitude 9°–10° is the 
southern limit of the semiarid region, and latitude 16°–17° 
is the southern limit of the arid region.

We divided the study area into four zones on the basis 
of annual rainfall and cross-correlations among the rainfall 
time series of stations in each zone (Tables 2 and 3): Zone I 

(annual rainfall less than 200 mm), Zone II (200–400 mm), 
Zone III (400–600 mm), and Zone IV (more than 600 mm). 
Table 3 presents the cross-correlations of rainfall time series 
between stations in each of these zones that exceeded 0.69. 
Our zoning scheme can be regarded as a subdivision of the 
desert, semi-desert, and savanna zones of Osman and Sham-
seldin (2002). Elagib (2010) assigned Kosti and Gadaref 
stations to the arid and semiarid zones, respectively. In the 

Fig. 3   Histograms showing mean monthly rainfall and its coefficient of variation (CV)



811Paddy and Water Environment (2018) 16:805–821	

1 3

present study, Kosti and Gadaref are in Zone II and Zone 
III, respectively.

Zonal rainfall (Fig. 5) was obtained by averaging the rain-
fall of stations in that zone. All four zones had wet condi-
tions in the early 1960s. In most of the 1980s, all zones had 
dry conditions, especially in 1984, while in 1988, extremely 
wet conditions occurred in Zone I (Bärring and Hulme 1991; 
Elagib and Elhag 2011).

Teleconnection with SST

Correlation between summer rainfall and the global SST 
field

Monthly rainfall in July and August (the peak of the rainy 
season) is shown in Fig. 3. We calculated cross-correlations 

Fig. 4   Standardized annual rainfall for the 11 stations. The graph at the lower right plots mean annual rainfall against its coefficient of variation 
(CV) for 1960–1999

Table 2   Classification of mean annual rainfall of 11 rainfall stations

Zone Zone I Zone II Zone III Zone IV

Station Atbara Khartoum Kassala Medani Kosti El Nahud Nyala Sennar Gadaref Kadugli Malakal
Mean annual rainfall (mm) 59.8 138.1 253.9 311.1 346.0 359.6 394.2 430.5 565.5 699.0 750.4
Rainfall range (mm) 0–200 200–400 400–600 More than 600–
CV 0.83 0.60 0.32 0.27 0.24 0.23 0.28 0.25 0.25 0.21 0.16
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of the interannual time series of average combined 
July–August rainfall with the two-month average SST 
around the world ocean during various two-month periods 
with different time lags relative to July–August. For exam-
ple, an average June–July value of SST was compared with 
average central Nile Basin rainfall in July and August, with 
a lag of 1 month.

Cross‑correlation for short lags (0 and 1 month)

Cross-correlations of summer rainfall in our four zones with 
SST in the Atlantic Ocean and Indian Ocean are shown in 
Fig. 6 for lag times of 0 month (left) and 1 month (right). 
Correlation values of 0.31, 0.40, and 0.50 correspond to 
significance levels of 0.05, 0.01, and 0.001, respectively. 

Significant positive cross-correlations with Zone I summer 
rainfall were found east of Newfoundland and in the eastern 
Mediterranean Sea, and negative ones were found south-
east of Madagascar and east of Uruguay. Significant posi-
tive cross-correlations with Zone II summer rainfall were 
found south of Greenland, northeast of South America, and 
in the eastern Mediterranean Sea, and the negative ones were 
found east of Brazil, east of Uruguay, and in a broad area 
southeast of Madagascar. Zone III summer rainfall had nega-
tive correlations with SST around the Faeroe Islands, east of 
St. Helena, and in the Bay of Bengal. Zone IV summer rain-
fall had positive correlations with SST east of Newfoundland 
and southeast of Madagascar.

Figure 7 shows cross-correlations of summer rainfall in 
our four zones with SST in the Pacific Ocean for lag times 

Table 3   Cross-correlations of rainfall time series at gauging stations in four zones

Zone I Atbara

Khartoum 0.691

Zone II Kassala Medani Kosti El Nahud

Medani 0.739 – – –
Kosti 0.719 0.775 – –
El Nahud 0.755 0.777 0.764 –
Nyala 0.759 0.739 0.756 0.760

Zone III Gadaref

Sennar 0.836

Zone IV Kadugli

Malakal 0.735

Fig. 5   Standardized annual 
rainfall of the four zones in the 
central Nile Basin
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Fig. 6   Map showing cross-correlations of central Nile Basin summer rainfall with SST in the Atlantic and Indian Ocean with a lag time of 0 or 
1 month
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Fig. 7   Map showing cross-correlations of central Nile Basin summer rainfall with SST in the Pacific Ocean with a lag time of 0 or 1 month
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of 0 month (left) and 1 month (right). Summer rainfall in 
Zone I had significant negative correlations with SST in 
the eastern equatorial Pacific Ocean and south of New Zea-
land. Zone II summer rainfall had significant positive and 
negative correlations with SST southeast and northeast of 
Japan, respectively. Zone III summer rainfall had signifi-
cant positive and negative correlations west of South Africa 
and in the central Midway Islands, respectively. Zone IV 
summer rainfall had significant cross-correlations with SST 
over broad areas: negative ones in the central and eastern 
equatorial Pacific Ocean and positive ones from the north 
of Australia to east of New Zealand.

The SST changes over the eastern equatorial Pacific 
Ocean are well known as El Niño (higher temperature) 
and La Niña (lower temperature) events. The summer 
rainfall of Zone I (north) and IV (south) had negative 
correlations with SST in this region. It appears that La 

Niña events are associated with higher rainfall in Zones 
I and IV.

Cross‑correlations at longer lags (3–6 months)

Possible teleconnections between rainfall and SST at longer 
lag times are most interesting from the standpoint of predict-
ing. If a teleconnection can be established for some months, 
predictions of summer rainfall during that month could be 
possible. Cross-correlations of summer rain in the central 
Nile Basin with SST in the Atlantic and Indian Oceans are 
shown in Fig. 8 for lag times of 3 through 6 months. Correla-
tions with Pacific Ocean SST are not significant, except that 
Zone IV has positive correlations with SST in Micronesia.

Zone I has significant positive correlations at 3- and 
4-month lags with areas south of the Azores Islands and 
negative ones with the area south of Madagascar (Fig. 8). 

Fig. 8   Cross-correlations of central Nile Basin summer rainfall in Zone I with SST in the Atlantic and Indian Ocean with a lag time of 
3–6 months
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Negative correlations are also found west and southwest of 
South Africa and south of Madagascar at other lag times.

Zone II has significant positive correlations at 3- and 
4-month lags south of the Azores and east of Newfoundland 
(Fig. 9). It has significant negative correlations east of Brazil 
and south of Madagascar.

Unlike Zones I and II, Zone III does not have positive 
correlations with SST. Instead, it has significant negative 
correlations with SST of various regions in the Indian Ocean 
(Fig. 10). Zone IV has significant positive correlations with 
SST southwest of South Africa and Angola and significant 
negative correlations with SST in the southwestern Indian 
Ocean at 3–5-month lag (Fig. 11).

We extracted a set of ‘common SST regions’ that have 
significant correlations with summer rainfall in the central 
Nile Basin at a 2- or 3-month lag (Fig. 12). For Zone I at a 

3- or 4-month lag, they are south of the Azores Islands (AZ), 
west of South Africa (AS), southwest of the South African 
coast (SASW), and south of Madagascar (MS). For Zone II 
at a 4–6-month lag, they are south of the Azores (AZ), east 
of Newfoundland (AN), east of Brazil (BE), and south of 
Madagascar (MS). For Zone III at a 3–6-month lag, it is the 
western Indian Ocean (INW). For Zone IV at a 3–5-month 
lag, they are southwest of South Africa (ASW) and Angola 
(ANG) and two regions (north and south) in the southwest-
ern Indian Ocean (ISWN, ISWS).

Cross‑correlation of SST differences with rainfall

In addition to the correlations between summer rainfall 
time series of the four zones SST in parts of the Atlantic 
and Indian Oceans, in three cases we derived correlations 

Fig. 9   Cross-correlations of central Nile Basin summer rainfall in Zone II with SST over the Atlantic and Indian Ocean with a lag time of 
3–6 months
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between rainfall and the difference in SST between common 
SST regions (Fig. 12) that had opposite senses of correla-
tion, positive and negative (Table 4).

Zone I had correlations of 0.492 and − 0.368 with SST 
in regions AZ and MS, respectively, with lag times of 3 or 
4 months (Table 4). The correlation of Zone I rainfall with 
the SST difference between these two regions (AZ—MS) 
was 0.627. The correlation with the SST difference was 
at least 10% stronger than the correlation with either SST 
record alone.

Zone II had correlations of 0.535 and − 0.505 with 
SST in regions AZ and BE, respectively, with lag times of 
4–6 months (Fig. 13). The correlation with the SST differ-
ence, 0.687, was at least 15% stronger than the correlation 
with either SST record alone.

Zone IV had correlations of 0.553 and − 0.402 with SST 
in regions ASW and ISWN, respectively, with lag times of 
3–5 months (Table 4). The correlation with the SST differ-
ence was 0.583, at least 5% stronger than the correlation 
with either SST record alone.

Prediction of summer rainfall

The SST difference time series had especially strong cor-
relations (Table 4), and the lag times involved suggest the 
possibility of predicting the summer rainfall in the central 
Nile Basin several months in advance. We tested this pos-
sibility using an ANN.

In our ANN, the historical record of SST differences was 
applied as the input layer and the central Nile Basin summer 

Fig. 10   Cross-correlations of central Nile Basin summer rainfall in Zone III with SST over the Atlantic and Indian Ocean with a lag time of 
3–6 months
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rainfall was the output layer. To match observed rainfall with 
the predicted rainfall from the output layer, a back-propaga-
tion algorithm was applied to optimize the weight functions 
(Yasuda et al., 2009). Out of 40 years (1960–1999) of avail-
able data on rainfall and SST, data from the first 28 years 
(1960–1979) were used for calibration and the data from 
the second 12 years were used for validation (e.g., Singh 
and Borah, 2013). On the calculation process of the ANN, 
interannual time series of the SST difference for 4–5 years 
were applied to the input layer and interannual time series 
of the summer rainfall for 1–2 years was fitted to the output 
layer. For the calibration process (first 20 years), the weights 
among the layers were optimized by the back-propagation 
and the optimized weights were applied to the validation 
process to fit the predicted summer rainfall to observed ones. 

The observed and predicted summer rainfall for Zones I, II, 
and IV, presented in Fig. 14, had a correlation coefficient 
greater than 0.70. 

Conclusion

Eleven rainfall stations in the central Nile Basin in Sudan, 
extending from the northern arid area to the southern wet area, 
were classified into four zones on the basis of mean annual 
rainfall and cross-correlations among the stations within each 
zone. At all of the stations, dry and rainy seasons are very 
distinct, as indicated clearly by the PCI and SI indices, with 
the rainy season being limited to July and August. Cross-cor-
relations of summer rainfall in these four zones with the global 

Fig. 11   Cross-correlations of central Nile Basin summer rainfall in Zone IV with SST over the Atlantic and Indian Ocean with a lag time of 
3–6 months
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Fig. 12   Extraction of SST zones having significant correlation (|r| > 0.31; red is positive and blue is negative) with central Nile Basin summer 
rainfall at the specified lag time. (Color figure online)

Table 4   Correlations of SST 
and SST difference zones Zone I

Lag 3–4 months
AZ
0.492

MS
− 0.368

SASW
− 0.397

AS
− 0.368

Difference (AZ-MS)
0.627

Zone II
Lag 4–6 months

AZ
0.535

AN
0.502

BE 
−0.505

MS
−0.480

Difference (AZ-BE)
0.687

Zone III
Lag 4–6 months

INW
− 0.371

–

Zone IV
Lag 3–5 months

ASW
0.553

Ang
0.406

ISWN
− 0.402

ISWS
− 0.426

Difference (ASW-ISWN)
0.583
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SST field were calculated. Correlations were significant with 
SST in the Pacific Ocean at short lag times (0 and 1 month), 
but not at longer lag times (3–6 months); instead, correlations 
were significant with SST in parts of the Atlantic and Indian 
Oceans. For three pairs of these SST regions with positive 
and negative correlations, the difference in SST within the 
pair was more strongly correlated with the Nile Basin rain-
fall than either region alone. In a test of an ANN to predict 
summer rainfall from these SST differences several months in 
advance, the SST differences were applied at the input layer 
and the summer rainfall was predicted at the output layer. The 
observed and predicted summer rainfall values from the ANN 
model had correlation coefficients greater than 0.70.
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