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ABSTRACT OF THE DISSERTATION

LONG RANGE FORECASTING OF THE NILE RIVER
FLOW USING LARGE SCALE OCEANIC
ATMOSPHERIC FORCINGS

Forecasting the Nile River flow is of vital interest for African nations such as Sudan
and Egypt. These nations use the Nile’s water for agriculture and hydropower. An accurate
forecast of water availability would be beneficial for efficient management of water
resources facilities such as reservoirs and diversions. Any improvement in the forecast
accuracy or increase in prediction horizon will have a significant influence on improving
the water management in these nations.

This research makes intensive use of sea surface temperatures as predictors. Linear
correlation analysis was used to establish the connection between the Nile River flows and
the leading climatic indicators. Multiple linear regression, principal component regression,
canonical correlation analysis and artificial neural network were used to develop the
forecast models. The statistics for equations based on principal component analysis
showed improvement in the forecasting accuracy over the equations developed using
original variables. Multivariate models improved the performance measures over
univariate models.

A crucial step in developing empirical formulae for long-range forecasting requires

the selection of appropriate predictors. This dissertation has been guided by an objective
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search among a large number of predictors. The sea surface temperature gradient between
two locations (referred to as oscillation, dipole, or seesaw) emerged as stable and consistent
predictors.

In comparison with the Atlantic and Indian Oceans, the Pacific Ocean shows the
highest contribution to the variability of the Blue Nile River flows. Its contribution is as
high as the contribution from the three oceans combined. The Nile River flows at Aswan,
as expected, show similar patterns with lower adjusted R? magnitudes. The Atbara River
shows higher response the large-scale variables, followed by the Blue Nile River, the Nile
River at Aswan and the Sobat River.

The major contribution of this research is the development of further knowledge
in the field of hydroclimatology, and in doing so, the development of long-range
streamflow forecasting models. Future work includes the incorporation of the real time
operation and investigation of the stable predictors in relation with large-scale
phenomenon and other hydroclimatic variables. Further, tests should be on large rivers

flows, such as the Mississippi and the Amazon.

Ahmed Khlaid Eldaw
Department of Civil Engineering
Colorado State University

Fort Collins, CO 80523

Fall, 2001
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1. INTRODUCTION

1.1 General

Water availability is becoming a national and international concern. In many
parts of the world, rapid population growth, urbanization, deforestation, and
industrialization have increased the demand and competition for water even under normal
flow conditions. The increasing demand for water is necessitating a change in
approaches to water resources management. Human beings face the very real possibility
of a serious water deficit in the future. Therefore, it is becoming increasingly critical to
plan, design, and manage water resources systems carefully and intelligently. Water
resources managers are faced with the responsibility of developing policies that help in
the operation of these systems. Effective design of long-term policies will require an
understanding of the existing relationship of climate to water resources, the nature of
potential changes, the source of uncertainty, and the prospects for resolving the
uncertainties. It was pointed out by Guetter and Georgakakas (1996), that the association
of EL Niiio Southern Oscillation (ENSO) with extra-tropical hydrologic processes carries
considerable uncertainty due to continental and regional atmospheric-to-land surface
forcing and feedback mechanisms that are unrelated to ENSO. A question of

considerable importance for water resources management and environmental concerns is
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whether floods and droughts can be related to long-lived oceanic and atmospheric
anomalies occurring prior to these extreme hydrologic events.

Seasonal forecasting of river flows is important in water resources development
for public safety, environmental issues, water management, and other purposes. Long-
range forecasting of hydro-meteorological variables has recently become a popular and
economically necessary exercise, commonly tackled by large-scale variables between
predictands (the hydro-meteorological variables to predict) and predictors (the large-scale
indices).

Recent advances in the understanding of global teleconnections between weather
and climate make it feasible to extend the lead-time of streamflow forecasts further.
Teleconnections are represented as statistical associations among climatic variables
separated by large distances, (Zhang and Trimble, 1996). For decades the possibility of
predicting hydro-meteorological variables has intrigued hydrologists, who are now
beginning to understand the correlation between these various anomalies and changes in
large-scale atmospheric circulation patterns. Large-scale circulation patterns are affected
by ocean-atmospheric phenomena. A particularly a well-documented phenomenon is the
EL Nifio-Southern Oscillation (Piechota et al., 1998). Recently, there has been
considerable interest in describing climate variability over the Pacific on decadal and
longer time-scales. Many of these investigations have been motivated by the desire to
understand the role of natural variability in explaining recent significant changes in the
Pacific sea surface temperature (SST), for example, cooling in the North Pacific and
warming in the tropical regions. Most of these studies have shown a strong

teleconnection between a particular oceanic-atmospheric phenomenon in the tropical
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Pacific Ocean, known as EL Niifio-Southern Oscillation (ENSO) and the hydroclimatic
variations in many places of the Globe. In fact, SST distribution over the world’s oceans
is now accepted to be one of the decisive factors that govern the level of global
atmospheric activity. The monthly distributions of SST anomalies around the globe
appear to directly influence the monthly anomalies of the global atmosphere general
circulation (Pan and Oort, 1990). Therefore, it is important to study the spatial and
temporal relationship of the Nile River flows with SST anomalies.

Ropelewski and Halpert’s (1987) maps of harmonic analysis vectors suggest areas
of ENSO-related precipitation over tropical Africa and South Africa. The equatorial
eastern African region encompasses parts of Kenya, Uganda, Rwanda, Burundi and
Tanzania, while the southern Africa region includes portions of all African nations south
of latitude 15° S. This analysis does not suggest any large coherent areas of ENSO-
related precipitation in the Sahel region. They attribute this to interannual variations in
Sahelian rainfall which have been linked to Atlantic ocean SST anomaly patterns (e.g.
Gray et al., 1993, 1994), and thus ENSO-precipitation relationships, if they exist, would
be difficult to separate from the Atlantic SST relationships, (Ropelewski and Halpert,
1987). Further, they suggested ENSO-related African precipitation in these regions
might have some predictability. Latif et al. (1999) investigated by means of atmosphere
model experiments the role of Indian Ocean SST anomalies in driving eastern equatorial
African rainfall anomalies during December-January 1997/98. They found that SST is an
important factor in inforcing climate anomalies over eastern Africa. This link between
the Indian Ocean SST and climate over eastern Africa provides some hope for seasonal

climate forecasting in this region.
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Currently few large-scale circulation indices have been identified to operate as
predictors for the Nile River flows. Wang and Eltahir (1999) used the Bayesian theorem
to develop a discriminate forecasting algorithm, and conditional categorical probabilities
were used to describe the flood forecasting for the naturalized Nile River flow at Aswan.
A predicted ENSO index was used as one of the Nile discharge predictors besides rainfall
and persistence. However, the study presented here is looking for leading indices to
forecast the Nile hydrology rather than using predicted indices that may encounter
prediction errors. Eltahir (1996) determined that the ENSO cycle accounted for 25% of
the natural variability in the Nile River. When equatorial SSTs are warm (EL Niiio),
there is a low probability (8%) of the annual Nile River flow being above normal.
During periods of cold SSTs, there is a high probability (58%) of the annual Nile River
flow being above normal. Influence from oceans on the Nile River flow has been
documented by Eltahir (1996), Awadalla and Rousselle (2000), Amaraskera et al. (1997),
and Wang and Eltahir (1999) suggesting a teleconnection between SST anomalies and the
seasonal flows. Awadalla and Rousselle (2000) best model explains 63% of the
variability of the Nile flood with a maximum lead period of three months prior to the
flood peak (September).

The current research is divided into three general objectives. The first objective is
to look for signals from global scale ocean-atmosphere climatic variables that can be
related to the Nile River flow. Links between SST variability and seasonal Nile River
flow can be expected because of the strong spatial coherence of SST anomalies which
often persists for several months and can result in large anomalous heat fluxes from the

sea to the atmosphere. The second objective is to identify consistent, robust, and stable
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predictors for the Nile River flow and tributaries. The third objective is to set up a long
lead forecast model for the seasonal streamflow of the Nile River that could be used by
water resources planners. Predicting hydrological variables (e.g. streamflow) patterns on
seasonal time scales requires a methodology that is capable of finding multivariate
relationships given a set of predictors and predictand anomalies. In this study, linear and
nonlinear approaches will be followed to construct a forecast model for seasonal
streamflow. The Nile River was selected for this study because of its geographical extent
and the number of countries it serves.
1.2 Description of the Problem

Survival in the Nile basin hinges on irrigated and rain-fed agriculture. Poor crop
yields and water shortages in the last two decades (e.g. 1984, 1987) have brought
considerable hardship to the region. The impact of droughts could be partially alleviated
through better planning based on reliable long-range hydrological forecasts. To improve
forecast skill, additional available information including sea surface temperature (SST),
sea level pressure (SLP), oscillations (e.g. SOI, NAO, PDO), precipitation over the basin
and past river flows should be incorporated into the forecasting process. Evidence
suggests that global warming may lead to substantial changes in mean annual
streamflows, the seasonal distribution of flows, and increase the possibility of extreme
high or low flow conditions, (Miller, 1997).

Long range forecasts of the Nile River flow (July-October) have been crucial for
proper agricultural planning and power generation in Sudan. Over the last one hundred
years there have been considerable Nile River flow variations (Conway and Hulme,

1993). The variability of the flows in the Nile River is of vital interest to any of the ten
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nations in its basin, (Eritrea, Ethiopia, Kenya, Tanzania, Uganda, Rwanda, Burundi,
Zaire, Sudan, and Egypt). The variation in the Nile River flow can be illustrated by the
fact that 80% of its annual flow occurs from August to October and only about 20%
occurs during the remaining nine months.

The idea for this research stems from other studies that have identified the ENSO
phenomenon as being an important factor in long-range climate forecasting. The
mechanism by which the Pacific EL Nifio is transmitted to the Nile basin hydrology is
not fully understood, although its effects on the flow have been identified (e.g. Eltahir,
1996). It was shown that anomalously warm (cold) equatorial Pacific Ocean surface
temperatures coincide with anomalously low (high) Nile River flow. However, not every
low (high) flow in the Nile River is EL Niiio (La Niiia) induced. For example, the years
1913, 1915, 1940, 1979 and 1984 were low Nile River flow years and not EL Niiio years.
Likewise, the years 1917, 1929, 1946, and 1969 were high Nile River flow years and not
classified as La Niifia years (the referred classification for El Nifio and La Nifia was
according to Fraedrich and Muller 1992). This doesn’t mean that the ENSO doesn’t
influence the Nile Basin hydrology. It may be that it doesn’t always influence the Nile
hydrology in the same way. Other large-scale oceanic-atmospheric systems may exert a
significant influence on the climate of the Nile basin as well. Therefore, more useful
additional information may be discovered if ENSO conditions are taken into
consideration along with other large-scale climate systems that affect the basin
hydrology. This will help to find signals that may account for the remaining variability
of the Nile River flow which may improve the forecasting skill and increase the

forecasting lead time.
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In most of the previous studies i.e. Eltahir (1996) and Awadalla and Rousselle
(2000) only a single time series and a limited number of predictors were used. Awadalla
and Rousselle forecasted the Nile River flow for three months lead-time before the
occurrence of the flood peak (September) and Eltahir used concurrent SST values to
relate the Nile flow to SST. Wang and Eltahir (1999) adopted the forecasted ENSO
indicator to forecast the Nile River flow. More information, a longer forecasting horizon
and better forecasting skills will be beneficial for water resources planners and managers.

The aim of this study is to improve the accuracy of the flow forecast and to extend
the forecast lead time of the Nile River flows by incorporating new regions of SST in the
three oceans and other predictors such as the Guinea precipitation in Western Africa.
This study focuses on extending the forecast horizon beyond the previously used time
scales (i.e. beyond 3 months). The approach that was taken in this research uses
correlation analysis, linear and nonlinear methods and incorporates other potential
sources of information. Incorporating several sources of information seems to improve
the length of the forecast range and its reliability.

In the last decade, a nonlinear empirical modeling technique has emerged in the
field of artificial intelligence; neural network models are now widely applied to numerous
scientific fields. One of the objectives of the present work is to study the applicability of
artificial neural network (ANN) in the Nile basin hydrology prediction. The research
presented here evaluates seasonal forecasting of the Nile River flow. Large scale oceanic
and atmospheric variables will be used as predictors. The main focus of the research is to

obtain a reliable long-range hydrological forecast (the longest lead period attainable).
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1.3 Research Objectives

Many hydroclimatic forcing mechanisms such as atmospheric and ocean
circulation, atmospheric pressure, and air and sea-water temperature, influence river
basin hydrology. The main goal of the proposed research is to improve the forecasting of
the Nile River flow system (skill and lead time horizon) by using a number of large-scale
atmospheric ocean indicators such as, sea surface temperature (SST), sea level pressure

(SLP) and by using linear and non-linear models. The aim is long range forecasting, i.e.

several months to a year or more in advance. The specific objectives of this research

could be summarized as follows:

1. To investigate the connections that may exist between large-scale climatic variables
such as sea surface temperature, sea level pressure, southern oscillation index (SOI),
and North Atlantic oscillation (NAO) and the Nile River system seasonal flow data.

2. To identify consistent, stable and robust predictors at the main sites on the Nile River
guided by an objective search.

3. To identify the contribution of the different oceans in the variability of the Nile River
flows.

4. To investigate the capability (potential) of using linear models to improve the long
range forecasting of the Nile River flows. For this purpose, multiple linear regression
(MLR) and principal component analysis (PCA) will be utilized for developing
forecast models of the Nile River flows at several sites in the system.

5. To investigate the capability (potential) of using multivariate models to improve long-
range forecasting of the Nile River flows. For this purpose, canonical correlation

analysis (CCA) will be utilized.
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6. To investigate the capability (potential) of using non-linear models to improve the
long range forecasting of the Nile River flows. For this purpose, artificial neural
networks (ANN) will be applied. Comparisons will be made between linear and non-
linear models and single site and multi-site models.

This research is divided into eight chapters. This chapter is an introduction that
includes a description of the research problem and research objectives. The second
chapter offers a literature review of the research areas related to this study. The third
chapter contains a description of the Nile River and its tributaries used as the case study
for this research. The fourth chapter features the methodology used. The fifth and the
seventh chapters contain the forecasting models, single site and multisite models,
respectively. Chapter six explores the stable predictors for the Nile River and its
tributaries. The final chapter contains a general discussion of the problem, conclusions

based on the research and ideas for future research.
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2. LITERATURE REVIEW

Increased understanding of the links between climate and oceanographic features
has developed in recent years (McKerchar and Pearson, 1994). The North Atlantic
Oscillation (NAO) and the Southern Oscillation (SO) are the two large scale alterations
in atmospheric mass discovered by Sir Walker in the 1920°s (Dugam et al., 1997). The
Southern Oscillation is an irregular inter-annual fluctuation in global climate and the
tropical Pacific Ocean and atmospheric circulation (McKerchar et al., 1996). The North
Atlantic Oscillation is the pressure difference between the Azores high and the Iceland
low. The pressure gradient between the two centers of action, the Iceland low (IL) and
Azores high (AH) is the measure of the intensity of the westernly winds in the middle
latitudes (Dugan et al., 1997). The Southern Oscillation has been the subject of
intensive investigation during the past two decades (Kilades and Diaz, 1989), but few
studies have been conducted on the NAO (Dugam et al., 1997). EL Niiio southern
oscillation (ENSO) phenomenon has been linked to climatic anomalies throughout the
world and is now summarized and referred to in standard climatology texts (Philander,
1990; Diaz and Markgraf, 1992). Several analysts have attempted to discover consistent
relationships between the ENSO and the hydro-meteorological variables, e.g.
precipitation, streamflow, temperature, etc. Many of these studies show that various

regions of the global tropics and subtropics exhibit climate anomalies that correlate with
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the SO. These studies are complicated by the fact that no two EL Niifio events are
exactly alike and each has it’s own characteristics (Wang, 1995) which indicates that the
ENSO cycle is highly non-stationary. They vary with respect to frequency, magnitude,
duration and onset (Guetter et al., 1996). The influence of EL Niifio on the timing and
location of precipitation anomalies depends on the strength of the event, the timing of its
onset and decay, and the exact location of the pool of unusually warm ocean water
(Miller, 1997). This also may influence other hydro-climatic variables (e.g.
temperature) in a similar way. Wang (1995) suggested that it is more meaningful to
investigate the evolution of ENSO event by event.

The efforts to study the influence of ENSO on hydroclimatic variables have been
investigated in several parts of the world, for example, Australia (Simpson et al., 1993);
U.S. (Dracup and Kahya, 1994, Kahya and Dracup, 1993; Redmond and Koch, 1991);
South America (Pisciottando et al., 1994, Hastenrath 1990; Mechoso and Iribarren,
1992); Africa (Eltahir, 1996); Asia (Nicholls, 1995), to mention a few. Remond and
Koch (1991) and Kahya and Dracup (1993) reported on patterns between US
streamflows and ENSO. Simpson et al. (1993) showed that the index of the southern
oscillation (SO) based on SSTs in the tropical Pacific Ocean provides useful information
for the expected annual discharges in the Darling and Murray Rivers in Australia.
Nicholls (1995) provided a method of monsoon prediction based on April SST and SLP
changes at Darwin from January to April. Navone and Ceccatto (1994) used a neutral
network approach to predict the monsoon based on spring precursors.

Simpson et al (1993) summarized some of the correlation of river flows and

ENSO as: r* = 0.22 (Krishna River, India); > = 0.12 (Nile River, Egypt); r* = 0.06
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(Senegal River, Senegal); r* = 0.14 to r* = 0.24 (Lachlan, Lodden, Upper Murray, and
Murrumbidgen, Australia); r* = 0.31 (Parana River, Argentina). Amarasekera et al.
(1997) found that Amazon and Congo River flows, are weakly and negatively correlated
with the equatorial Pacific SST, while the Nile River flow is negatively correlated and
Parana River flows shows a positive relation. Eltahir (1996) determined that the ENSO
cycle accounted for 25% of the natural variability in the Nile River flow. Statistical
analysis proves that EL Nifio and La Niiia are responsible for up to 40% of annual
precipitation variations and up to 30%, of river discharge variations in Florida (Sun and
Frurbis, 1997). Mechosso and Irbarren (1992) recognized correlations between the SO
and the streamflow of rivers flowing in the tropics and extra-tropics of South America.
They found a clear tendency for the streamflow in the Negro and the Uruguay rivers to
be below the median during the period June to December in years with a high southern
oscillation index (SOI) and a slight tendency to be above the median during the period
November to February in EL Nifio years. In the same part of the globe, Kildas and Diaz
(1989) analyzed the difference in rainfall between warm and cold events for each of the
three-month-long standard seasons. Their results confirm that in southeastern South
America (southern Brazil, Uruguay, north-eastern Argentina), in the period from
September through November it rains more during warm SST events than during cold
SST events. They also found hints of similar behavior in a small region of eastern
Argentina during the periods of December through February and March through May.

In developing a consensus rainfall forecast in Australia, Casey (1995) proposed a
statistical procedure based on an optimal linear combination of four forecast models:

two of the models use SOI as a predictor of rainfall, one uses the serial correlation of
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rainfall between seasons, and another uses the climatology probabilities. Subsequently,
this forecasting research was extended by Piechota (1997) using six individual forecast
models (climatology, persistence, SOI-linear-discriminent-analysis (SOI-LDA), SOI-
Phase, SST,-LDA, and SST,-Phase). Then Piechota et al. (1998) adopted a similar
approach, but added SSTs as a predictor of eastern Australia seasonal streamflow.
McKerchar and Pearson (1994) report a significant relationship between the SOI in the
austral spring (September to November) and flows in one catchment (the Clutha River)
of the southern Alps (New Zealand), in the austral summer (December to February).
The relationship was not homoscedastic (i.e. variance of one variable depend on the
other), as required by ordinary least-squared regression (McKerchare et al., 1996). To
overcome this technical problem, a Bayesian scheme (Moss et al., 1994) was developed
to estimate the probabilities of summer inflows given the precursor spring SOL.

A series of complementary studies by Ropelewski and Halpert (1986, 1987,
1989) examined and documented large-scale patterns of above- and below-average
standardized precipitation associated with both the high and low phases of the SO. In
these studies, seasons and regions of strong, consistent ENSO-precipitation relationships
were identified, using surface meteorological data, for 19 regions of the globe. Of these
15 were found to have precipitation relationships with the high index (cold) phase of the
SO as well. Ropelewski and Halpert (1987), indicated that Southern Africa tends to
undergo dry conditions during approximately the same season when equatorial eastern
Africa has a wetter than normal season. Klopper et al. (1998) used SSTs as the only
predictor sets for mean seasonal maximum temperature over South Africa. From this

analysis they concluded that, seasonal maximum temperatures over South Africa do
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respond to variations in global scale SSTs. They suggested other predictors to be
investigated to find signals that may account for the remaining variance such as
persistence and pressure anomalies. Subsequently, this research was supported by
Landman and Mason (1999), who used SSTs as the only predictors for seasonal rainfall
in South Africa. The SSTs of four consecutive 3-month mean periods are considered,
and a canonical correlation analysis (CCA) model was constructed to provide
operational (real time) rainfall forecasts for the austral summer rainfall region of South
Africa.

The interannual and decadal scale variability in the North Atlantic Oscillation
(NAO) and its relationship with Indian summer monsoon rainfall has been investigated
by Dugam et al. (1997). The analysis reveals that the NAO during January of the
preceding year has a statistically significant inverse relationship with the summer
monsoon rainfall for the whole of India and Peninsular India, except for the rainfall of
northwest India.

Gray and collaborators (Landsea et al., 1993, 1994) took an interest in West
African climate prediction as a direct outgrowth from their work on the long-range
forecasting of North Atlantic hurricane activity. Predictands are the June to September
rainfall in the western, central and eastern portion of the Sahel zone. As input to “least
sums of absolute deviations” (LAD) regressions a pool of 13 predictors are used, of
which (a) three pertain to the stratospheric quasi-biennial oscillation (QBO), (b) four
pertain to the preceding rainfall, pressure, and temperature gradients in the region, and
(c) six pertain to ENSO, and surface pressure and upper-tropospheric wind conditions in

the Caribbean basin. The previous year’s rainfall in Guinea from August to November
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was included in the hurricane prediction models by Gray et al. (1992a, 1992b, 1994),
Gray and Landsea (1993), Elsner and Schmertmann (1993). Among these variables are
potential predictors used by Gray et al. (1994a) to forecast seasonal Sahelian rainfall,
and Gray et al. (1994) to predict ENSO. These variables and others will be investigated
here for possible connections with the Nile basin hydrology.

Other large-scale phenomenon in the Pacific are the Pacific Decadal Oscillation
(PDO) and Pacific North American (PNA). PDO is a climate phenomenon associated
with persistent, bimodal climate patterns in the North Pacific Ocean that oscillate within
a characteristic period on the order of 50 years. A particular phase of the PDO will
typically persist for about 25 years (Hamlet and Lettenmaier, 1999). The PDO also
refers to a numerical climate index based on sea surface temperatures in a particular
region of the North Pacific (Mantua, 1997), which has an interannual signature (Hamlet
and Lettenmaier, 1999). The latter authors developed a simple method to incorporate
the ENSO and PDO climate signals into the extended streamflow prediction. Their
forecast extends the lead time by about six months over current streamflow forecasting
practices. Garnett et al. (1998) investigated the possible predictive signal in ENSO and
PNA indices for long—lead forecasting of summer weather over the cropping region of
the Canadian prairies. They defined the PNA as a linear combination of normalized
geopotential height anomalies at the 700 mb level at four selected locations. They
developed a skillful forecast of summer weather over the Canadian prairies with a lead
time of two to four months.

Simpson et al. (1993 a,b) used ENSO to forecast annual discharge of Australian

rivers. They showed that up to one year advanced forecasts of the Pacific Ocean SST
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provide a mechanism for estimating probabilities of annual river discharge. These
improvements in the understanding of global teleconnections of weather and climate
have made it feasible to extend the lead-time of streamflow forecasts further for the Nile
River flow. Over the last few years, several Nile flow precursors have been identified
and prediction tests performed. For example, Attia and Abulhoda (1992) and Eltahir
(1996) found a prediction flow signal in the Pacific Ocean. Amaraskera et al. (1997)
found that ENSO explains 25% of the Nile flow variability. Wang and Eltahir (1999),
used Bayesian theorem in developing a discriminant flow forecasting algorithm based
on forecasted ENSO, rainfall, and recent flows for a lead-time of 2-3 months. Awadalla
and Rousselle (2000) developed a neural network and transfer functions model to predict
the Nile River inflows to the High Aswan Dam (HAD). They found significant
improvement in model skill by incorporating SST in three locations of the Pacific,
Indian, and Atlantic oceans. The variance explained was about 63% for a 3-month
forecasting horizon. These studies and others brought a new perspective to the Nile
River flow forecasting.

The above mentioned studies and others prove the teleconnection between the
various large scales indices and the hydro-meteorological variables. Although
significant, the correlation coefficients found in some cases are relatively small, and thus
the percentages of the variances of the hydro-meteorological variables that are explained
in this manner are small as well. This indicates that only a portion of the variance can
be explained by the SOI alone. The remainder of the variance presumably reflects some
other influences on the hydro-meteorological variables, which indicates that, it is not

surprising if the oscillation influence is superceded by other effects. However, these
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effects may be other oscillations in the Atlantic, the Indian Ocean or even due to some
local conditions (e.g. soil moisture). Miller (1997) found considerable evidence that
ENSO affects streamflows in the Western United States although ENSO is not the only
source of variability. Diaz et al. (1998) studied the Atlantic SST effects on rainfall in
South America and found that there are significant relationships between anomalies in
rainfall and the SST in the Pacific and the Atlantic.

In recent years, artificial neural networks (ANN) methods have been successfully
applied to a number of multivariate forecasting problems in the field of hydrology and
water resources engineering. In this study we explore the combined effects of
oscillations and SST in the Pacific, Atlantic, Indian Ocean and/or other variables. The
input patterns considered in this study are the large-scale indices while the output are the
Nile River flow. In this approach, a successfully trained network tries to capture the
interrelationship between the trained data sets, which closely approximate the target
values. The learning process or training forms, the interconnection between neurons and
is accomplished by using known inputs and outputs and presenting these to the ANN in
some ordered manner. The proposed neural network with a back-propagation algorithm
(BP) is based on the feed-forward or cascade-forward approach or any other efficient
training algorithm. The network is presented a set of input-output pairs called patterns.
Neurons that constitute the network are described by an activation function (which is
nonlinear), and they are interconnected by means of weights. Back-propagation is the
most commonly used supervised training algorithm in multi-layer feed-forward
networks (Tokar and Johnson, 1999). Tokar and Johnson indicated that the sigmoid and

hyperbolic tangent functions are the most commonly used continuous transformations in
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the back-propagation networks. It is worth mentioning that other functions besides the
sigmoid function and hyperbolic tangent function are available, such as the linear
method. The back-propagation algorithm is a gradient descent method in which weights
of the connections are updated using partial derivatives of error with respect to weights.
Through training, these weights are readjusted by the algorithm to implement a mapping
that matches the examples or patterns as closely as possible (Raman and Chandramouli,
1996). A detailed description of ANN will be discussed in chapter 4.

In this study, we examine the correlation between large-scale indices and the
Nile River flow. Such correlation would be of obvious benefit in forecasting
streamflow. The results of this study will serve as a foundation for improved
hydrological variable forecast. This will help to manage water resources better and to
design and operate future water systems properly. Previous studies will serve as a
foundation from which this study has been buiit. The results of this study will be

checked for consistency against the available results of previous research.
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3. DESCRIPTION OF THE NILE BASIN HYDROLOGY

3.1 Introduction

3.1.1 Physical Description

The Nile Basin is one of the most important river basins on the planet, due to its
extension (more than 2,900,000 kmz) and length of 6,500 km, it extends from latitude 4°
S to latitude 31° N. It extends from east and central Africa to the Mediterranean Sea. Its
main lakes have a total area of 81,550 km"', and its swampy reaches amount to 67,700
km’. The Nile basin covers parts of ten countries (Eritrea, Ethiopia, Kenya, Tanzania,
Uganda, Rwanda, Burundi, Zaire, Sudan, and Egypt). Figure 3-1 shows schematic
representation of the Nile River hydrological components. Over its great basin (10% of
the African continent) there are large variations in climate, topography, geography and
hydrology. However, in spite of its extension and geographical distribution, more than
90% of the Nile River discharge originates from only four of the sub-basins: lake
Victoria, the Blue Nile River, the Atbara River and the Sobat River (Conways amd
Hulme, 1993). The annual streamflow of the Nile River averages 84 BM?, as measured
at the High Aswan Dam (HAD). The main control structures on the Nile River are:
Sennar Dam 1925 (Sudan), Owen Dam 1957 (Uganda), Jebel Aulia Dam 1937 (Sudan),
Roseires Dam 1967 (Sudan), Khasm El Girba Dam 1964 (Sudan), and High Aswan Dam

1970 (Egypt).

19

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



3.1.2 Climatic Description

The Nile River extends over four climatic zones: equatorial, tropical, semi-arid
and arid. The rainfall in Ethiopia is brought by the southeasternly winds which are
driven over the African continent and which, upon reaching the Ethiopian highlands, are
forced to rise and become cooler, depositing their moisture as rainfall from June to
September. The Ethiopian High Plateau lies in the interaction zone of two monsoon
regimes: the African (Sahelian) moisture flux having its moisture originating far in the
South Atlantic, and the Indian circulation coming from the Indian Ocean (Awadallah and
Rousselle, 2000). The big rains of Ethiopia are also said to rely on moisture advection
from the Congo Basin through the southwesternly monsoon (Camberlin, 1997).
Convective instability, due to the intense heating of high plateau land, is also the cause
of a great percentage of the rainfall (Seleshi, 1991). Seleshi also indicated that the cause
of the Ethiopian rainfall is the strong movement of moist air from the southwest (Gulf of
Guinea, high) to the northeast (center of Arabia, low). The high pressure system builds
up over the south Atlantic and the Gulf of Guinea in July, causing the air movement
toward the low pressure centers of the continent producing the monsoon and giving the
trades an easterly direction as they move from the south of the equator to the north of the
equator (Said, 1993).

The northeastern trades of the Southern Hemisphere and the southeastern trades
of the Southern Hemisphere flow toward the low pressure region of the equator from the
subtropical high pressure belts located at about latitudes 18° North and South (Said,

1993). Where the trades meet is termed the Intertropical Convergence Zone (ITCZ) and
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that is the region where the rain falls. The yearly north-south-north passage of the sun is
accompanied by a similar movement of these weather systems in the region.

The White Nile is fed from equatorial rains which posses a weak bimodal
seasonal distribution, while the Blue Nile and Atbara rivers are supplied from a
seasonally arid regime over the Ethiopian highlands. There is effectively zero
correlation between these two regimes (Hulme, 1992). Hydrological studies of the
White Nile suggest that its behavior is dominated by the influence of Lake Victoria (e.g.
Kite, 1981). Owing to the huge surface area of the lake, small natural variations in
rainfall have a major effect on the lake outflow, and hence on flows into the other lakes
further downstream (Piper et al., 1986). Another notable feature is that many of these
flow variations are compensated for by changes in the surface area, and hence
evaporation losses, in the Sudd swamps, with the result that the annual flow out of these
swamps has remained almost constant for long periods during the observational record

despite large variations in inflows (Sene, 2000).

3.1.3 Hydrological Description

The Nile River receives its water from two major sources: the Equatorial lakes
plateau with its year round rains and the Ethiopian plateau with its summer rains. It is
worth noting that the flow contribution of the main tributaries of the Nile River from the
Ethiopian highlands is 86% (Blue Nile 59%, Baro-Adobo 14% and Tekezze-Atbara
13%) and that from equatorial lakes is 14%. During flooding (July to October) over 90%
of the Nile River flow is from Ethiopia and less than 10% from the Equatorial lakes. The
low contribution of the Equatorial lakes basin to the Nile River is attributed to the fact

that a great amount of water is lost by evaporation in the Swamps while the Ethiopian
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plateau with steep slopes drains effectively into the Nile River. A simple calculation for
the period 1913-1989 shows that the period of July to October accounts for about 68% of
the Nile River annual flows at Aswan and about 84% of the Blue Nile River annual
flows (Table 3.1). Table 3.1 shows that most of the Nile River tributaries have a higher
percentage of their flows during the period July to October. Table 3.1 gives the total
seasonal (column 2) and annual river discharges (column 3) for the period 1913-1989. It
also shows the ratios of the seasonal flows at a given tributary to its annual flows
(column 4) and the annual flows at a given tributary to the annual flows at Aswan
(column 5). Column 6 shows the fraction of the seasonal discharges at a given location
to the annual Aswan flows while column 7 shows the seasonal flows at a given location
to the seasonal flows at Aswan. It is clear from these computations that the Ethiopian
Plateau contribution highly dominates the Nile River flows. The Blue Nile River and
Atbara River contribute about 73% of the annual river flows measured at Aswan. It is
also clear that a high portion of the Nile River flows occur in the July to October season.
The Nile River has three main tributaries: the Blue Nile (plus Rahad and Dinder),
the White Nile, and the Atbara River. The Atbara River originates from the Ethiopian
Plateau (Setit and Atbara branches), about 96% of the 12 BM> annual average discharge
is received during July to October and dries out during January to May. The Blue Nile
River is the largest tributary of the Nile River and it originates from Lake Tana (3,150
km?) in the Ethiopian Plateau. With an approximate drainage area of 325,000 km?, about
84% of the 48 BM? average annual discharge comes during the flood period (July to
October), which represents 48% of the annual contribution of the Nile River flow at

Aswan, Fig. 3-2. The Blue Nile River flow regime is characterized by a strong annual
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cycle and interannual variability depicted in Fig. 3-2, with a dominant peak in
September. Figure 3.2 further indicates that the summer season is more variable than
other seasons. The Sobat River comprises two major tributaries: Baro River which
originates from the Ethiopian Plateau and the Pibor River which originates from east
Africa. The Sobat River contributes 16% of the Nile River flows at Aswan (Table 3-1).
The three tributaries (the Sobat River, the Blue Nile River, and the Atbara River)
contribute about 85% of the annual flow of the Nile River at Aswan. Therefore, this
justifies the selection of these three tributaries and the season July to October for further
analysis.

Table 3-1 Seasonal and annual ﬂovys of the Nile River and Tributaries,
for the period 1913-1989. Description of the columns

(¢)) (€ 3) ) 5) (6) @)
RIVER JASO JAN-DEC 2) 3) @) 2)
a (B)dswan| (3)Aswan| (2)Aswan
MM’ MM®

Aswan 57,396 83,953 0.68 1.00 0.68 1.00
Blue Nile 40,506 48,312 0.84 0.58 0.48 0.70
Atbara 12,023 12,466 0.96 0.15 0.14 0.21
Malakal 12,087 29,796 0.40 0.35 0.14 0.21
Sobat 6,454 13,298 048 0.16 0.08 0.11
Rahad & Dinder 3,678 3,761 098 0.04 0.04 0.06

e Column 2: annual flows (January to December) in million m’ , column 3: seasonal
flows (July to October) in million m?, column 4: is the ratio of seasonal to annual
flow, column 5: is the ratio of annual flows to Aswan annual flows, column 6: is the
ratio of seasonal flows to Aswan annual flows, and column 7: is the ratio of seasonal
flows to Aswan seasonal flows
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The White Nile originates from the Equatorial lakes, from Lake Victoria and
through its outlet at Jinja, the river known as the Victoria Nile, enters Lake Kyoga after a
series of falls. From Lake Kyoga, the river passes through another series of rapids and
falls before entering Lake Albert which also receives water from the Similiki River. The
Nile River leaves Lake Albert with an annual average of 30.8 BM’ as Bahr-el Gebel
enters the Sudan at Nimuli and reaches Mongalla with an average annual discharge of
33.7 BM? after receiving further discharges from the Torrents River between Lake Albert
and Mongalla. From Mongalla the river enters the vast swampy Sudd area loosing large
amount of its discharge to evapotranspiration (~50%). Then a very swampy Bahr El
Ghazal with a small contribution of 0.5 BM? joins Bahr-el Gebel and flows to Malakal
where it joins the Sobat River (Baro and Pibor) which adds an annual average of 13.3
BM®. Thus, the total amount of water provided by the White Nile at Malakal with an
annually averages 30 BM®.

Figures 3-3, 3-4 and 3-5 show the lagl-autocorrelation coefficients, the
coefficients of variation and the standard deviation of precipitation and runoff for the
eight Nile sub-basins (Coway and Hulme, 1993). The six sub-basins are Lake Victoria,
Equatorial lakes, Sudd, Bahr-el Ghazal, Sobat, Central Sudan, Blue Nile, and Atbara. It
is clear that the auto-correlation coefficient increases as the area of the basin increases.
This is due to the storage characteristics of large basins as well as recycling processes.
Variability of annual precipitation given by the coefficient of variation (CV), the
standard deviation divided by the mean, decreases with the area of the basin. High
variability is observed in the small basins compared to the larger ones, and this may be

due to the storage characteristic of the larger watershed.
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3.1.4 The Nile River Lakes

The three major Equatorial lakes: Victoria, Kyoga, and Albert (or Mobuto Sese
Seko), are connected and form a cascaded system containing enormous quantities of
fresh water (~ 3,200 km®) (Georgakakas and Marks, 1987). The hydrology of the
Equatorial Lakes system is dominated by the role of the lakes which occupy about 35%
of the catchment area and thus have a very significant effect on its water balance, Fig. 3-
1. The hydrology of the catchment of the African lakes can thus be considered in two
parts: the hydrology of the Lakes, and the hydrology of the catchments that drain into
them. Like the majority of the reservoir systems, the regulation of Equatorial lakes and
particularly Lake Victoria are multi-objective systems i.e. power generation, navigation,
and downstream requirements, which are in conflict most of the time. Lake Tana, at the
head of the Blue Nile River is a natural lake with an area of about 3,150 km?, Fig. 3-1.
Because of the large storage capacity and the restriction at its outlet, the lake outflows
peak (September) two months after the maximum rainfall (July) and one month after the
maximum flows at Roseires (August) (Conway, 1997)

The average annual outflow from Lake Victoria over the period 1946-1961 was
20 BM?, while for the period 1962-1970 the average increased to 44 BM?, more than
double. The standard deviation of the annual flows from 1962-1970 is 3.92 BM?, which
is more than the standard deviation, 2.71 BM? for the period 1946-1961. The average for
the lake level at Jinja for the two periods was 11.72 m and 12.55 m, respectively. This
shows a drastic increase in the lake levels in the second period, Fig. 3-6. This is most

likely attributed to the hydro-climatic change.
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3.2 Data Description

3.2.1 General

Three types of data have been used: the seasonal discharge at the Nile River and
the its four tributaries (the Blue Nile, the Atbara, the Sobat and the White Nile), sea
surface temperature (SST) data at some regions in the oceans, and other pressure and

temperature variables. The SST data were extracted using the software CLIMLAB2000
(Tanco and Berri, 1999) for the region 60° N —44° S, 180° W — 180° E.

The Nile hydrological variables were averaged over three periods (4-month
intervals) (November to February (NDJF), March to June (MAMYJ), and July to October
(JASO)). The first period is a critical period for winter crops in the Sudan, the second
period is critical for hydropower generation (low head and low flow), and the third
period is considered to be the main agricultural season in the Sudan and the season of
drought and flood concerns. The SSTs were then computed for each of the seasons
mentioned above. All the data used in the forecasting study are for the period 1950-

1989, which is the overlapping period for all the variables.
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3.2.2 Mean sea level temperatures

Mean monthly sea surfaces temperatures are the primary predictors used in this
study. SST of the Pacific, Atlantic and Indian Oceans were extracted from
CLIMLAB2000, taken from the comprehensive ocean-atmosphere data set (COADS).
SSTs are available for the period 1950-1997 for the oceans between latitudes 50" N to
44" S and longitudes 00" to 360°. Cold tongue index as the average temperature in the

Pacific Ocean was also used which is another measure of the ENSO index.

3.2.3 Mean sea level pressures

The North Atlantic is an important element of the global climate system (Efimov
et al., 1999). The pressure gradient between the two centers of action, the Iceland low
(IL) and Azores high (AH), is the measure of the intensity of the westerly winds in the
middle latitudes, Dugam et al. (1997). Positive (negative) numerical values of the index
are associated with strong (weak) zonal flow between the stations (Rogers, 1984). In this
study the North-South gradient and the pressure at each station (seasonal standardized
time series for NAO, pressure at Gibralter, and pressure at Azores, Ponta Delegada), 30°
N-40"N, 35  W-25" W were used. Similarly, other indices in the Atlantic Ocean: North
Atlantic (5°-20° N, 60°-30° W), South Atlantic (0 - 20" S, 30" W-10" E), and global tropics
(10° S-10" N, 0-360") were examined as well.

Owing to the importance of the ENSO phenomenon on climate variability in the
tropics and over other regions of the globe, many predictors have been developed
representing the strengths of both its atmospheric component, the southern oscillation

(S0O), and its occurrence component, EL Nifio. The EL Nifio Southern Oscillation
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(ENSO) is defined as the difference of monthly atmosphere at Tahiti (18° S, 150° W) and
Darwin (12° S, 131° E). The positive/negative phase of the SO is defined by high/low
pressures at Tahiti/ Darwin. In this study the gradient of Tahiti-Darwin SLP and the SLP
at each station were included as well. Similarly, the monthly sea level pressures of
Jakarata were also used in this study, available from Konnen et al. (1998). The North
Pacific Pattern (NPP) defined as the area weighted sea level pressure over the region

(30°N-65°N, 160°E-140°W) was also used.

3.2.4 Surface air temperatures

Monthly mean surface air temperatures anomalies over the North and South
Hemispheric regions were used as predictors. These series run from 1882 to 1988 and
were obtained as the simple average of Northern Hemisphere (0-90° N) and Southern
Hemisphere (0-60° S) values derived and published in Vinnikov et al. (1990). These
values are departures from the 1951-1975 period. Other sources of the regional and
global surface air temperatures are available in Jones et al. (1986a, 1986b and 1982) and

for specific regions in Hansen and Lesedeff (1987).

3.2.5 West Africa precipitation

Gray and collaborators at Colorado State University incorporated the Western
Africa region rainfall as predictor to their Hurricane forecast model. Precipitation in
Guinea (West Africa) during the previous year August to November was used as a

potential predictor for the Nile River flow, available from Gray et al. (1992, 1994).
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4. RESEARCH METHODS

4.1 Introduction

Extensive use of linear correlation analysis, multiple linear regression (MLR), and
principal component regression techniques (PCR) were made. The goals in the model
development were to: 1) maximize the adjusted R?, 2) minimize the prediction error
measured by adjusted RMSE and 3) include uncorrelated variables while keeping the
number of predictors used to a minimum. Numerous data sets were employed to extract
predictors. Part of the results presented in this research were based on classic correlation
analysis, which considers the relationship between the variability of two variables. In
this case, the variables are the seasonal streamflow amounts at S locations, the SST in
some regions in the oceans and other hydroclimatological variables. It is likely that the
indices constructed from multiple months represent a more stable target than individual
months. Thus, the seasons used were November through February (NDJF), March
through June (MAMYJ), and July through October (JASO). Also a transformation of
variables into a new, reduced, and independent set of variables (so called Principal
Components — PCs) was used and principal components regression models were
developed. A further step is the development of multivariate models to measure the
potential predictability, for this purpose canonical correlation analysis (CCA) was used.

Neural network models were also developed.
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The stability and consistency of the relationship between the Nile River flows
and the predictors have been examined over sliding 31-, 25-, 21-, and 15-year windows,
and the stable predictors were defined at the 5% significance level.

The lead-time here is defined as the time from the end of the latest predictor to
the end of the predictand period. For example, if the latest predictor is from NDJF(0)
and the predictand is from JASO(0), then the lead-time is eight months (March, April,
May, June, July, August, September, and October). This is different from that of Chen
(1995) and Tang et al. (2000) who defined the lead-time as the time from the center of
the period of the latest predictor to the center of the predictand period. Barnston et al.
(1994) defined the lead-time as the time from the end of the latest predictor to the center
of the predictand period. With the above example, their lead-times would be eight

months and six months, respectively.

4.2 Linear Correlation Analysis

Although correlation coefficients are simple by definition, they can indicate a
physical relationship between two or more variables (Pabdzic and Trinin, 1998). The
use of correlation indices in the study of hydrometeorological phenomena makes sense,
especially if variable-to-variable relationships are considered, as in this case. Correlation
coefficients (CCs) between the various variables and the Nile River flows were
computed and statistical significance was evaluated. Correlation coefficients were
calculated for over three years prior to the onset of the forecast target season (JASO).
The association between the predictands and predictors was measured by means of the

linear correlation coefficient ( R ) between the forecast (Y,) and the observed (X,) and

was computed as:
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[4-1]

Earlier correlation studies by Parthasarathy (1984) and Hastenrath (1987) of the
relationship between Indian rainfall and regional/global circulation parameters have
shown that to obtain a stable correlation coefficeints about 20-30 years of record are
required. In this study the correlation coefficients at different lead times are computed

for 37 years, 1953-1989.

4.3 Multiple Linear Regression (MLR)
In this research the MLR uses both the ordinary least square technique (OLS) and

the least absolute difference technique (LAD). A multiple linear regression model was
developed as discussed in many texts. In the general multiple linear regression, the

predictand Y is expressed as a function of n predictors:

Y= by +byx, +byx, + e +b,x, [4-2]

where Y is the predictand, the b;’s are the regression coefficients that are derived from
the observed data (b, is the intercept), and the x;’s are the regressors, representing the
predictors. The predictors are selected by identifying the variable that yields the highest
correlation with the predictand and independent of each other. The regression

coefficients are determined by using the method of least squares. If a given coefficient
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dropped below the 5% significance level then the predictor was removed from the
equation. After the selection of predictors, the regression coefficient b, is computed with

the least squares fitting (MSE), which minimizes the objective function:

-

MSE =31, - 7y [4-3]
1

The least absolute difference (LAD) used in this study was developed by Prof.
Mielke P. W. (CSU, Department of Statistics) and has been detailed in Gray et al. (1993,
1992). A general description of the LAD algorithm will be discussed below, and further
details can be obtained from the references. The LAD is preferable to OLS regression
since LAD is based on the absolute difference when computing the regression line rather
than the square of the difference as OLS does, which emphasizes outliers, Gray et al.
(1993). LAD is analogous to using the median in a univariate analysis to estimate the
location of a distribution. The median minimizes the sum of the absolute values of the
residuals OLS regression analysis yields efficient and unbiased estimates of population
regression parameters and their associated standard errors when the population is
Gaussian (or multivariate Gaussian) with equal variances (Gray et al., 1992).

The cross-validated prediction values and the observed values for each of the N
years are compared by calculating a measure of agreement. The probability of the

measure of agreement is obtained under the null hypothesis. If y and ydenote the
observed and the predicted dependent variables, respectively, then the zgreement

coefficient (p) is defined by:
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-6
p= Hs [4-4]
s

[4-5]

where & =—;7§|y, -7,

and u; is the average value of & over all N! equally likely permutations of y,, ...... s Yy
relative to y,, ...... ,yy under the null hypothesis that the N pairs (y,and y,for

i=lnenn. , V') are merely the result of random assignment (Gray et al., 1993).

4.4 Principal Component Analysis

Multiple linear regression and principal component analysis (PCA) have been the
main techniques used in this research. Linear correlation was used to ascertain the
connections between the river discharge and the three Oceans SSTs and Guinea
precipitation and other hydroclimatic variables. The linear regression equation may be
expressed as in equation (4-2). One problem with multiple linear regression is the
multicollinearity of the prediction variables, which is common in hydrometeorological
variables. This can be minimized by choosing the predictors carefully and checking for
independence of the predictors. Alternatively, one could use a principal component
analysis (PCA) model by determining orthogonal variables in order to reduce the
dimensionality of the predictors and retain the time series of the principal components.

Principal component analysis is a widely used technique in meteorology and
climatology. One objective of PCA is to find a small number of linear functions or a set
of variables that successively accounts for the maximum amount of variation in the
original variables. When one is faced with a large dataset, one may like to reduce its

size, while minimizing any loss of information, with the aim of better understanding and
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interpreting the structure of the data.  Another objective is to remove the
multicollinearity that may be present in the independent variables. The principal

component PCy may be expressed as:

PC, =c,x, +Cppxy +...ne +c,X, [4-6]

here c,;, Cys»---,C, are coefficients (loadings) of the v-variables for the k™ PC. The
first principal component PC, is a linear function with the maximum possible variance.
Then, PC,is a linear function with a maximum variance and not correlated with PC,;
the same applies to any PC, . The first eigenvector is the set of coefficients contained in

PC,. The eigenvalue corresponds to the variance of each PCy and is therefore a measure
of its importance in explaining variation. Garen (1992) included the PCs in sequence,
while others (Marsden and Davis, 1968 and Wortman, 1989) allow models to skip PCs.
The latter procedure has been adopted in this study. As explained below, the first 10 PCs
will be retained and up to 5 PCs with significant regression coefficients will be included
in the multiple linear regression models. Computations were done using the
CLIMLAB2000 version 1.0 model, developed by Tanco and Berri (1999). Those PC,'s
that make a meaningful contribution to the total variance, and significant regression
coefficients will be retained. The regression model in terms of the principal component

is:

Y=a,+aPC +aPC, +aPC +a,PC, +a,PC, [4-7]
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where i, j,/. m,andn are the retained components (i # j # [ # m = n) with significant
regression coefficients, a,, a,,a,.a,, and a,, respectively. To limit artificial skill,

predictors are limited to four for the original variable models and five for the PCs
models. This is done in order to prevent redundancy and instability of the multiple
regression equation and to ensure good results when applying it to new data (Bhalme et
al., 1986). A screening procedure is conducted in order to select from a large set of
possible predictors only those that contribute significantly and independently to forecast

the river flow.

4.5 Canonical Correlation Analysis

Canonical correlation analysis (CCA) is a multivariate statistical methodology to
determine linear combinations of two data sets (the predictor data and the predictand
data set), i.e. multicomponent predictors are linearly related to multicomponent
predictands such that the sum of the squared errors is minimized. The technique is a
generalization of the multiple regression analysis that allows one field to be regressed on
another field and depicts the major patterns of covariance between the fields analyzed
(Graham et al., 1987b). Barnett and Preisendorfer (1987) characterized CCA to be at the
top of the regression modeling hierarchy. CCA is used as a forecast technique in many
studies (Graham et al., 1987a, 1987b; Barnston, 1994; Barnett and Preisendorfer, 1987;
Prasad and Singh, 1996; Yu, 1997; Chu and He, 1994). The technique was used for
ENSO predictions (Barnston and Ropeleweski, 1992), for prediction of the United States

seasonal temperature and precipitation (Barnston, 1994) at the climate prediction center
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in the United States and applied to meteorological data (Barnett and Preisendorfer,
1987).

The CCA technique is considered as an extension of multivariate regression and
correlation analysis, and closely related to MLR and PCA. The idea was to examine the
relationship between a set of variables X and a set of variables Y. Given that X = (X,
D, C T Xi)y and Y = (Y1, Yo,eeeeooeinennnnns ,Yj)) as the predictors set and
predictands set, respectively, where Z and W represent a linear combination of the
predictors (X) and the predictands (Y) known as canonical variables, respectively, where
i and j represent the number of each set of variables, respectively. Canonical correlation
analysis attempts to determine the optimum linear combinations between the two sets of
canonical variables with the maximum correlation being produced. The CCA finds

canonical eigenvectors (u, v), to produce linear combinations of Z =u'X,, and W =v'Y ,

(prime denotes transpose) such that canonical variables Z and W have the largest
possible correlation. After the first pair of linear combinations (Z; the first canonical
variable of X’s and W, the first canonical variable of Y’s) has been found, one can
proceed to find other pairs of linear combinations that have the strongest correlations,
subject to the constraint that the new canonical variable pair is orthogonal to the pairs
found earlier (Z, and W, are uncorrelated with the Z, and #,).

The theory of CCA is described extensively in the literature and further details
can be provided by the references cited in this section. Useful discussion of the CCA
method is provided by Barnett and Preisendorfer (1987) and for brevity a general
description as given by Yu (1997) was presented here. The final forecasting model can

be presented as:
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Y=W)"'AaUux [4-8]

where Y is the predicted values (prime denotes transpose) and the variable A is defined

as:
a,
a
A= [4-9]
a‘l
where a, 2a, >................ >a, are the canonical correlations (the square of the

canonical correlation is often called the eigenvalue) between Z and W, and q isequal to i
or j, which ever is smaller, and Z and W have the largest possible correlation. U and V

are called the eigenvectors (the loading patterns).

u; v,
u v,

U =| ~ Vi=| ~ [4-10]
u; v

To control for artificial skill produced by the overfitting of random data
variability in the relatively short period of record, cross-validation (Michaelsen, 1987) is
used in evaluating forecast skill and further details about the forecast skill measures are
presented in section 4.7. The drop-one Jackknifing procedure was used. That is, each of
the 37 years is held out in turn, and CCA is used to develop a prediction model from the
remaining 36 years. The predictor data for the withheld are then projected onto the
prediction CCA loading pattern, and predictand values are generated and verified against

observed data for the withheld year.
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4.6 Artificial Neural Network Analysis (ANN)

4.6.1 ANN: Overview

The roots of all work on neural networks (NN) are in neurobiological studies that
date back to about a century ago (Mehrota et al., 1997). Artificial neural networks are
computational methods inspired by studies of the brain and nervous systems in biological
organisms (Karunanithi et al., 1994). The ability of the brain to perform difficult
operations and to recognize complex patterns, even if those patterns are distorted with a
high degree of noise, has fascinated scientists for centuries (Minns and Hall, 1996) and
has always been a great motivator for modeling the brain. However, most current neural
network architectures do not try to closely imitate their biological model, but rather can
be regarded simply as a class of parallel algorithms (SNNSv4.1 Mannual, 1995).

The growing interest in neural networks among researchers is due to their
excellent performance in modeling nonlinear relationships (Goh, 1995). French et al.
(1992) discussed the advantages which are characteristic of an ANN approach to
problem solving: (1) application of a NN does not require priori knowledge of the
underlying process; (2) one may not recognize all of the existing complex relationships
between various aspects of the process under investigation; (3) a standard optimization
approach or statistical model provides a solution only when allowed to run to completion
whereas a neural network always converges to an optimal (or sub-optimal) solution and
need not run to any pre-specified solution condition; (4) and neither constraints nor an a
priori solution structure is necessarily assumed or strictly enforced in the ANN
development. One of the major advantages of neural nets is their ability to generalize.

Learning is the process in which the weights are adjusted in response to training data
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provided at the input layer and, depending on the learning rule, at the output layer. The
learning process enables the neural network to find a set of weights that will produce the
best possible input/output mapping (Maier and Dandy, 1996).

4.6.2 ANN: Applications

Recently, neural networks have been successfully applied to many applications.
The area addressed by ANN techniques includes pattern matching, optimization, data
compression and function optimization (Raman and Sunilkumar, 1995). Many of the
problems that engineers must deal with are exactly the types of the problems for which
ANN appear to be most applicable (Garrett, 1994). Flood and Kartam (1994) presented
two papers for understanding the usage and potential for application of ANN in Civil
Engineering.

In water resources and hydrology, ANNs have been used for flow predictions,
flow/pollution simulation, parameter identification, and complex nonlinear input-output
time series models (Jain et al., 1999. Previous work has demonstrated that ANN are
adequate to model rainfall-runoff (Smith and Eli, 1995; Tokar and Johnson, 1999; Hsu et
al., and 1995; Shamseldin, 1997), to forecast river floods (Campolo et al., 1999; and
Zealand et al., 1999) to forecast sea surface temperature anomalies (SSTA) (Tangang et
al., 1999), flow prediction (Karunanithi et al., 1994), prediction and data analysis (Hsich
and Tang, 1998; Nam et al.,, 1998; and Sureerattanan and Phien, 1997), reservoir
operation (Raman and chandramorti, 1996; Saad et al, 1994), to estimate missing data
(Kuligowski and Barros, 1998), for climate zonation (Malmgreen and Winter, 1999),
modeling soil moisture correlation (Goh, 1995), water quality (Maier and Dandy, 1996),

and solving inverse problem (Davis and Hwang, 1997; and Shigidi, 2000). An ANN has
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been integrated with a geographical Information system by Gangopadhyay et al. (1999),
to generate subsurface profile and material distribution. Raman and Sunilkumar (1995)
successfully used an ANN for multivariate modeling for the synthesis of inflows. Minns
and Hall (1996) used ANNs to generate flow data from synthetic storm sequences.
French et al., (1992) developed a three layer feed-forward neural network to forecast
rainfall intensity in space and time and compared the result with two other methods of
short-term forecasting. Awadalla and Rousselle (1999) developed a neural network
model and transfer function model to predict the Nile River flow at Aswan dam.
Chakraborty et al., (1992) used an ANN to develop multivariate indices for flour prices
in three cities. A comparison between ANN models and traditional models has been
made by Hsu et al., (1995), multi-layer feed-forward networks have been found to have
the best performance with regard to input-output function approximation. Hsu et al.,
(1995), concluded that the ANN approach is more efficient whenever explicit knowledge
of the hydrological sub-process is not required and when the object is to predict
streamflow behavior from customary monitored time series of rainfall and flow rate.

In these models, knowledge is usually distributed throughout the net and is stored
in the structure of the topology and the weights of the links. The network consists of
units (neurons) and directed weighted links (connections) between them. Depending on
their function in the net, one can classify three types of units: input units, hidden units,
and output units, within three layers: the input layer, the hidden layer, and the output
layer, respectively. Connections show the direction of the transfer activation, starts from
a source unit to the output unit and each has a weight (strength). To reach the best

generalization, the data set should be split into a training set (to minimize the error) and a
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test set (to check the performance). The set for activation of all input units is called input
pattern, and that for all output units is called output pattern. The input pattern and its
corresponding output pattern is simply called pattern. This definition implies that all
patterns for a particular network have the same size.
4.6.3 ANN: Configuration

A neural network structure consists of processing elements (nodes), links that
connect the elements, and information processing, Fig. 4.1 and 4.2. A layer represents a
set of parallel nodes. The interconnection between nodes is controlled by the training
algorithm and the nature of the problem. The number of nodes in the input and the
output layers are dictated by the dimension of input and output sets presented to the
network for training. The number of hidden layers and neurons are a quantity that must
be determined empirically for each separate situation due to the complexity of the

problem.

Input Layer Output Layer

Hidden Layer

Fig.4.1. Schematic diagram for a Neural Network
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Node (i-1)

> O Node k

Node j

Node (i)

Node (i+1)

Fig. 4.2. Schematic diagram for neurons connections

4.6.4 ANN: Training

Training is a calibration process by which ANN computes the connection weights
“parameters”. Training of the ANN is accomplished by providing inputs to the model,
computing the outputs, and adjusting the interconnection weights until the desired output
is reached at the adopted minimum error or any other stopping criteria. The initial set of
weights are assigned random values. The network is designated as trained when the
predefined convergence criteria is satisfied, i.e. execution of the maximum number of
iterations (epochs) or the optimal solution is reached, whichever comes first. If the
maximum number of epochs is executed before an optimal solution is reached, the
training algorithm does not converge, therefore a new set of initial weights is generated
and the training algorithm is repeated. If after several trials, convergence cannot be
achieved, one must change the structure of the network itself. In the testing or validation

stage, the network (after having been trained) is used to check if it still performs
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satisfactorily with the data that have not been used during the training. The following
training algorithms were tested:

Back-propagation (BP) is an iterative technique commonly used for ANN
learning (French et al., 1999; Tokar and Johnson, 1999), which is a gradient descent
procedure. Training of the network using the BP algorithm requires several epochs or
iterations (Gangopachlyay et al., 1998). This algorithm updates the interconnection

weights at time t+1 from the weights at time t, as follows:

w,(t+)=w, (@) +Aw, (1 +1) [4-11]

The error is propagated backwards through the network to each node, and

correspondingly the connection weights are adjusted based on the following equation:

SE,
A,w, (t+1)=-1 e HeAw, () [4-12]

1
Where 1) = learning rate, specifies the step width of the gradient descent (typically 0.1-
1.0); a = momentum factor (between 0.0land 0.99), used to improve convergence by
including the previous weight changes on the present change in the weight space; t =

time step. With o, denoting the observed data and o,,,, denoting the predicted or the

simulated output, the ANN is trained by finding the optimal values of the weight and

bias  parameters (w,,B,)which  will minimize the cost function,

E, = (0ps —Outeens)’» Where the right hand side of the equation is the sum-squared

error of the output. During training, the weights are adjusted by the back-propagation
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algorithm so as to reduce the residual error of the training set. There are several methods
for finding the weight increment, Aw;; of which the gradient descent method is the most
common. The gradient descent method results in weights being changed in the direction
of the steepest descent down the error surface. The size of the step used in searching for
the minimum value of the objective function is determined by the learning rate n.
Cascade-Correlation is characterized as a constructive learning rule (SNNS4.1,
1995). It starts with a minimal network consisting only of an input and output layer,
equivalent to a linear model. Minimizing the overall error of a network, it adds step-by-
step new hidden units to the hidden layer. When a node is added, its input weights are
trained first. Then all the weights on the connections to the output layer are trained
while leaving other weights unchanged. Weights associated with the potential hidden
units are optimized by a gradient ascent method so as to maximize the correlation
between its output and the residual error of the network. Once a new hidden node has
been added to the network, its input-side weights are frozen. The hidden nodes are
trained in order to maximize the correlation between the new unit output and the residual
error signal of the network. The sign of the correlation coefficient will determine the
sign of the weight on the connection from this hidden node to the output node. The
addition of new hidden nodes is continued until maximum correlation between the
hidden nodes and the error is attained.
The neurons in the hidden and the output layers are called activation function to
transfer the signal. The activation function used in the hidden nodes is a tangent
hyperbolic function and a linear function in the output nodes. The use of the tangent

hyperbolic function introduces non-linearity to the network. Each hidden and output
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neuron takes the linear combination of all values of the previous layer and transforms it
with the activation function. The input to each neuron j in the hidden layer is the sum of
the weighted input signal x; (Zwjix; + a;) in which wj; is the interconnecting weight
between neuron j in the hidden layer and neuron i in the input layer and a is a biased

value). The output y; from a hidden neuron is given by:

y, = tanh( E w,x, +a,) [4-13]

The weight w reflects the relative importance of each input to the neuron. The
tangent hyperbolic function shape is determined by the weights, w, and the bias
(threshold), a. This function has values that range from —1.0 and +1.0 thus, the input
and the output patterns are transformed to be in the function range. The output of

neurons in the output layer is computed similarly with the linear function:

Zx =Zwk,yj + B, [4-14]
N

In general, for a network with I inputs, J hidden nodes and K output nodes and an

activation function S, the final output could be written in the following form:
J /

z, =5,Q.8,Q wx, [4-15]
1=l =l

The architecture of the network is finalized after a trial-and-error procedure.
Trial and error, based on systematic studies using different training procedures, is still
the preferred choice of most users, (e.g. Abrachart and See, 2000). If the architecture is
too small, the network may not have sufficient degrees of freedom to learn the process
correctly. On the other hand if the network is too large, it may not converge during

training or it may overfit the data (Karunanithi et al., 1994). To improve generalization
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of the network and to avoid overfitting, two methods defined in MATLAB are used:
regularization and early stopping. Regularization involves modifying the performance
function, which is chosen to be the mean of squares of the network errors on the training

set (mse).
F = mse =—l-i(e )2 =iZ(Y-f’)2 [4-16]
N& TN

It is possible to improve generalization if the performance objective function is
modified by adding a term that consists of the mean of the sum of squares of the network
weights and biases:
msereg = ymse + (1 —y)msw [4-17]

where 7 is the performance ratio, and
1 &

msw=—Zwl' [4-18]
NS

Using this performance function will cause the network to have smaller weights and
biases, and this will force the network response to be smoother and less likely to overfit,
(Matlab Neural Network Tool Box, Version 4, 1995).

The early stopping technique provides an efficient way to constrain the training of
an ANN. In the early stopping method, the available data is partitioned into two subsets,
the training set and the validation set (testing set). The first subset, the training set, is
used for computing and updating the network weights and biases. The training subset is
further partitioned into two subsets: a subset used for training the model and a subset
used for evaluation (monitoring the performance of the model). The evaluation subset is
used to check the progress of the network in order to define the epoch at which training

should be stopped. The error on the evaluation set is monitored during the training
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process. The evaluation error will normally decrease during the initial phase of training,
as does the training set error. However, when the network begins to overfit the data, the
error on the evaluation set will typically begin to rise. When the evaluation error
increases for a specified number of iterations, the training is stopped, and the weights
and biases at the minimum of the evaluation error are returned. At this point the network
has activated the best generalization. If training is not stopped, the network will be over-
trained and the performance of the network over the validation set will deteriorate
despite the error of the training data still decreasing. The validation set error is not used

during the training, but it is used to compare different models.

4.7 Forecasting Assessment and Validation

This study is unique with regard to the length of the lead season and to the input data
used, so no other model results are available with which to compare accuracy
improvement. Model results can only be compared with the observed values and the
performance skill measures will be used to evaluate the models. However, there was a
previous study (Awadalla and Rousselle, 1999) with relatively short lead-time (3 months
before the flood peak in September), which is compared with the research results at that
particular lead-time.

A number of statistics are used to measure the forecast potential. They include

the association between two data sets calculated by means of the linear correlation
coefficient ( R) between the forecast (f’,) and the observed value (Y, ), the root-mean-

square-error (RMSE), the mean absolute error (MAE), and the bias (BIAS). The referred

four statistics may be determined as:
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RMSE=| =Y "(¥, -¥,)* (4-19a)
v, -7 (4-19b)

(¥, -¥) (4-19¢)

R = (4-19d)

in which )-’ is the mean of the observed data Y, Y,......... , YN ; is the mean of the
predicted values );, , f’z, ............. , f’ v and N is the sample size.

For a given regression model, the coefficient R? is bounded between 0 and 1,
with values closer to 1 denoting a better fitting model. However, increasing the number
of regressor variables in the model i.e. increasing the number of parameters, can only
increase the value of R” or leave it unchanged (Garnett et al., 1998). For this reason, a

modified measure called the adjusted coefficient R” for a p order model is defined as:
Adjusted R* =1-[(1- R*)(N =) /(N - p)] [4-20]

Similarly, the adjusted root mean squares error is defined by:

o

1 & )
Adjusted RMSE = |—— Y - 4-21
fusted _ \E_p_@(, ) [4-21]

The adjusted R? takes into account the degrees of freedom of the model and
introduces a slight penalty for each regressor variable in the model. It may decrease in

value if too many regressor variables are included in the model. The adjusted R%is the
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statistic used in this study for determining the degree of explained variance in a model.
In the following analyses the predictors and predictand are standardized respectively by
subtracting the mean and dividing by the standard deviation. Thus, each standardized
series will have zero mean and unit standard deviation i.e. fluctuations in the series are
non-dimensional and can be compared easily among each other. For example, an
advantage of standardizing the data is not to allow principal components analysis to give
more weight to one variable over others.

In the construction of any forecast model, it is essential that the model be
developed on a subset of the data and then be independently tested on a different subset
of the data not used in the model calibration. This procedure is known as split sample
testing. It has been widely used for model validation with conceptual and statistical
hydrologic models. However, Wortman (1989) listed some shortcomings of this scheme
such as withholding critical information from the calibration step and providing unstable
error statistics highly dependent on the subset size and information content. Thus, a
variation on the Jackknife procedure was recommended as a reasonable and robust
approach for model validation. The validation of a forecast model may be accomplished
by means of a drop-one Jackknife procedure that assures that the prediction for any year
is independent of the predicted observations for that year (Gray et al., 1993). In this case
each model is formulated based on N-1 years and tested on the remaining year not used
in the construction of the model. In this scheme a minimum amount of information is
withheld from each fitted model. However, for comparison with the ANN models and to

check the stability of the predictors split sample technique was also used.
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5. SINGLE SITE ANALYSIS

5.1 Blue Nile River
5.1.1 Lead-Lag SST streamflow Relationship

In this section, lead-lag relationships between the Blue Nile River flows and SST
are investigated by means of linear correlation analysis. The correlation coefficients
between the July to October (JASO) river flows and the 4-month averaged SST data
defined as, November to February (NDJF), March to June (MAMYI), and July to October
(JASO) are calculated for each region of the oceans and for different lead-lags. NDIJF is
dated by the year in which January occurs. In addition, in this research we refer to years
leading, concomitant and lagging the central year as year (-1), year (0), and year (+1),
respectively. The seasons for each year are defined in a similar way. Some studies have
used the forecast of large-scale variables such as ENSO indices to forecast hydro-
climatological variables. However, the forecast of ENSO is difficult and still in the
experimental stage and need to be further improved (Chen and Wu, 2000). In this study
the leading indicators such as SST were used to build the forecasting models. Assuming
that the data have a Gaussian distribution, then the computed correlations are considered

to be significant if they exceed 0.32 at 5% confidence level and then check for normality

for the selected predictors.
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Appendix A, shows the variation of correlation coefficients between the averaged
Blue Nile River flows during July to October of a given year, denoted as JASO (0) and
SSTs for MAMIJ (-5) to NDJF (+2). The maps of correlations were computed for
successive seasons beginning at MAMJ (-5) through NDJF (+2). These long lead-lags
may help track the effect of the evolution of large-scale climatic variables such as ENSO.
It is clear from the correlation maps that, as the lead time becomes smaller the
magnitudes increase as well as the corresponding areas or regions in the sea. The highest
positive correlations (of the order of 0.6) has been observed for NDJF (0) in the tropical
North Atlantic. The highest negative correlations (of about -0.60) are observed for
MAMIJ (0) in the tropical eastern South Pacific. The North Atlantic (north of 40° N) and
around the mid latitudes of the North and South Pacific consistently maintain a positive
correlation with the Blue Nile River flow in all seasons while the South Atlantic is
generally negatively correlated. Except for the Arabian Sea and north-Australian-
Indonesian region in year (0), the Indian Ocean SSTs maintains a negative correlation
with the Blue Nile River flows. Quin (1992) explained that in the summer a large low
pressure system over India and the Arabian Sea dominates the airflow and brings strong,
persistent southwesterlies to the southern part of the region. He further indicated that, at
the same time, the intertropical convergence zone (ITCZ) lies just to the north of Eritrea
so that the resulting convergence may bring significant precipitation over the headwaters
of the Blue Nile River basin. It may also influence the direction and the amount of
moisture fluxes from the Atlantic Ocean and the Congo basin. In addition, warm SSTs in
north-Australia-Indonesia are generally associated with high Blue Nile River flows, while

low river flows are usually accompanied and preceded by cold SSTs. The northern
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Australia-Indonesia region is clearly an important component in the large-scale
interaction between SSTs and the Blue Nile River hydrology.

Significant negative correlations were found in the southwest Indian Ocean in the
regions east and/or south of Mauritius in the seasons MAMJ (-3), NDJF (-2), MAMJ (-2),
JASO (-2), MAMYJ (-1) and JASO (-1). Jury (1993) explained that, 14% of the world’s
known tropical cyclones taken place in the southwest Indian Ocean region (5° S - 30° S,
40° E - 80° E) during the austral summer, November to April. Also, Jury and Pathack
(1991) indicated that, the Southwest Indian Ocean experiences regular organized
convective activity leading to an average of 11 disturbances reaching tropical depression
intensity each summer. This may indicate that cyclone frequency and intensity may
contribute to the Blue Nile River flow variability. Generally, negative correlations
dominate the Southern Hemisphere while positive correlations prevail in the Northern
Hemisphere although remarkable negative and positive correlations can also be found in
the northern and Southern Hemisphere, respectively.

Based on a composite scenario derived from six warm SST events that occurred
during 1950-1976, Rasmusson and Carpenter (1982) defined five phases for a warm
event: Antecedent (June to October of year (-1 )5, onset (November of year (-1) to January
of year (0)), peak (March to May of year (0)), transition (June to October of year (0)), and
mature (November of year (0) to February of year (+1)). They named March to May of
year (0) as the peak phase because the South American western coast reached its peak
warming during that period for the pre-1977 events, (Wang, 1995). The definition of
seasons in this study is almost identical to the foregoing definition of the stage duration

by Rasmusson and Carpenter, which helps to compare the regions and the seasons. For
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example, negative correlations emerge in the southern part of the eastern Pacific Ocean
centered around, 100° W, 35° S in MAMJ (-1). In JASO (-1) the area expands west to
140° W, north to 20° S, and east to the South American coast, and in NDJF (0) further
expands along the South American coast. The signal migrates north-westward to the
tropical eastern Pacific Ocean in MAMYJ (0) and then intensifies and spreads westward in
JASO (0) and NDJF (+1) covering a vast area of the central and eastern tropical Pacific
Ocean (the whole ENSO region) as shown in Appendix A,. Rasmusson and Carpenter
(1982) presented evidence of a westward migration of SST anomalies that appear along
the Ecuador-Peru coast. At each ENSO stage significant correlation regions between
SST and Blue Nile River flows are consistent with the ENSO development, which
suggests that the evolution of ENSO signal is clearly an important component in the
large-scale interaction between SST and the Blue Nile River hydrology.

In NDJF (0) a dipole is established over the Indo-Pacific (Indonesian region) and
eastern North Pacific Ocean. Then, in MAMYJ (0) the sign of correlations changes in the
eastern North Pacific Ocean from negative to positive. Also MAMIJ (0) is the season
when the central/western North Pacific Ocean and central/western South Pacific Ocean
have high positive correlations. As expected, the correlations are stronger (negative) over
the central and eastern Pacific basin during JASO (0) and NDJF (+1) as shown in
Appendix A;. The two seasons lie within the definition of the transition and mature
stages of ENSO, respectively. The correlation for both seasons reaches —0.6 in the region
(5° N-10° S, 165° E -75° W). This is in agreement with the previous studies of Eltahir
(1996) and Amarasekera et al. (1997) which were carried out on a monthly basis. During

these seasons the negative correlation field region decreases from the east equatorial
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Pacific Ocean along the South American Pacific coast to the west equatorial Pacific
Ocean near Indonesia. This area includes the Nifiol2 (0°-10° S, 90° W-80° W), Nifio3 (5°
N-5° S, 150° W-90° W), Nifio34 (5° N-5° S, 170° W-120° W), and Nifio4 (5° N-5° S, 160°
E-150° W) regions. Correlations remain strongly negative over most of the oceans at the
tropics during NDJF (+1) and strongly positive in the subtropics. In MAMJ (-2) and
NDJF (0) a dipole is established over the subtropical North Atlantic Ocean and tropical
North Atlantic Ocean resembling a NAO episode.

It is worth mentioning that some of these highly correlated regions, in the three
oceans, at times appear to be associated with well defined developments in the oceanic-
atmospheric system such as the North Pacific Pattern (NPP) SST region (30° N°-65, 100°
E-140° W), Niiio3 (5° N-5° S, 150° W-90° W), and cyclone source regions. Sea surface
temperature in the Caribbean Sea region and the East Pacific Ocean show positive
correlation (0.5) with the Blue Nile River flow for lead season JASO (-1). Elsner and
Kara (1999) define an area that extends from the Caribbean Sea into the east Pacific
Ocean as the tropical cyclone source region. This suggests that it may be worth
considering other climatic variables as driving forces in the Nile River hydrology.

The main conclusion that can be drawn from the foregoing correlation analysis is
the existence of a number of potential predictors for long-range forecasting of the Nile
River flow based on SSTs. This analysis indicates that significant lead-lag correlations
exist between the Blue Nile River flows and the oceanic surface temperatures.
Significant correlations are found for various lag times between the Blue Nile River

flows and various regions of the Pacific, Atlantic and Indian Oceans. Based on the
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correlations maps, key regions of largest correlations are identified, and averaged
seasonal SST over each of these regions are extracted for all seasons.
§.1.2 Multiple Linear Regression Analysis

The main statistical tool used in this study is multiple linear regression (MLR).
Linear regression is a useful empirical approach to long-range forecasting of large-scale
events such as monsoon rainfall and ENSO (Parthasarathy et al., 1988). Although
atmospheric processes are basically nonlinear, use of statistical forecast models can
contribute toward understanding of the mechanisms associated with the large-scale
teleconnection patterns of the general circulation (Kung and Sharif, 1980). After the
relevant predictors are determined, multiple linear regression is employed to relate these
predictors with the Blue Nile River flows in order to find the smallest set of predictor
variables that still does an adequate job of predicting the value of the dependent variable.

Out of the 84 regions initially identified 21 regions having serially independent
SSTs series (to avoid miss-leading results) were selected for multiple linear regression.
In addition, the previous year’s August to November (ASON) Guinea precipitation was
also incorporated as a predictor. The previous year August to November rainfall over
Guinea is strongly and positively correlated with the Blue Nile River flow (r = 0.63) for
the period 1953-1989. This association appears to be the strongest of any of the
individual predictors shown in Table S-1. This indicates that Guinea rainfall is a
potential predictor for the Nile River flow with a 7-month lead-time before the flood
season (JASO). Table 5-1 lists all the predictors which satisfy the above criteria and their
corresponding location and lead season. It is worth mentioning that some of these highly

correlated regions, in the three oceans, are thought to be associated (at times) with quite
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well defined developments in the oceanic-atmospheric system. For example, region 4
lies within the North Pacific Pattern (NPP) SST region (30° N-65° N, 100° E-140° W);
region 18 is located within the Nifio3 (5° N°-5° S, 150° W-90° W). This will allow us to
consider further climatic variables to be used as driving forces in Nile hydrology.

Figure 5-1 plots the standardized Blue Nile River flow (JASO) and that of the
previous year (August-November) precipitation of Guinea. As shown in Fig. 5-1, in 65%
of the years the river flow and the precipitation are positively connected (24 times out of
37). Table 5-1 summarizes the results obtained including the locations of the predictors
and their respective correlation coefficient with the Blue Nile River flow (JASO) at

various leading seasons.
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1953 1958 1963 1968 1973 1978 1983 1988
Fig. 5-1 Standardized anomalies of the Blue Nile River flows
(JASO) and previous year Guinea precipitation ASON (-1)
Many combinations of these regions (Table 5-1) were used to forecast the Blue
Nile River flows at different lead times. Table 5-2 shows five multiple linear regression
models developed to forecast the Blue Nile River flows (JASO) as a function of SST and
Guinea precipitation. The subscripts stand for the region number as shown in Table 5-1.

The performance measures shown in Table 5-2 help in judging the performance measures

of the various models. In general, as shown in Fig. 5-2, the variability of the forecast
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flows through the years resemble the observed data quite well. Table 5-2 shows that for a
4-month lead time (Model A;) the adjusted R? for validation reaches 64% while it
becomes 48% for a 16-month lead time forecast (model As). As expected, the shorter the
lead time the higher the forecast performance results.

Table 5-1. Locations of the SST predictors and their respective correlation coefficients

with the Blue Nile River flow (JASO) for various leading seasons.
The correlation with the Guinea precipitation is also shown

NO. | LEAD-SEASON | LOCATION LATITUDE LONGITUDE CORR.

COEFF.
I | MAMJ (-3) Pacific 20°S—30°S 170° W—145° W 0.48
2 | JASO(-3) Pacific 20° N—05° N 130° E—>130°E -0.52
3 | NDJF (-2) Atlantic | 30°N—20° N 90° W—70° W 0.42
4 | NDJF (-2) Pacific 50°N—35°N 160° W—140° W 0.54
5 | NDJF (-2) Pacific 10° N—>00° 148° E>155°E -0.39
6 | MAMJ(-2) Atlantic | 45 N—>35°N 50° W—35° W 0.41
7 | NDJE(-1) Pacific 15°S—»25°S 175° W—165° W 0.32
8 | MAMIJ(-1) Indian 35°S—44°S 115° E>130°E -0.43
9 | MAMJ(-1) Pacific 30°S—44° S 110° W—590° W -0.46
10 | JASO (-1) Atlantic 15°N—>10°N 75° W—65° W 0.42
11 | JASO (-1) Indian 00° »07° S 90° E—>130°E -0.39
12 | JASO (-1) Pacific 20°S—535°S 140° W—100° W -0.43
13 [ JASO(-1) Pacific I5°N—10°N 120° W—100° W 0.52
14 ASON (-1) Guinea, 0.63
15 | NDJF (0) Atlantic 10° N—00° 60° W—40° W 0.52
16 | NDJF (0) Indian 35°S—44° S 20° E-60° E -0.42
17 | MAMJ (0) Indian 10°S—>20°S 110° E~»125°E 0.40
18 | MAMJ (0) Pacific 02°N—>05° S 130° W—90° W -0.55
19 | MAMJ (0) Pacific 05°N—20°S 120° W—80° W -0.52
20 | MAMIJ (0) Pacific 30°N—>25°N 140° E-160° E 0.57
21 | MAMIJ(0) Pacific 25°N->35°N 179° W—160° W 0.44
22 | MAMJ (0) Pacific 20°S—»35°S 179° W—160° W 0.45
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Table 5-2. Assessment and validation statistics for various forecast models based on multiple linear regression (MLR-OLS).

Values in parentheses in the second rows are for the validation phase (category A)

LEAD SEASON REGRESSION EQUATION p | R R | ADJ R’ | ADJ RMSE | RMSE { MAE | BlAS
Ay) MAMI(O) Qo) = 0.05 +0.28SST; +0.5455T;; 088 | 077 | 075 0.53 050 | 040 | 0.0
! +0.31Guinea, +0.48SST,, 0.65 | (0.82) | (0.67) | (0.64) (0.63) (0.59) | (0.49) | (0.00)
A,) NDIF(0) Qunoy = 0.06+0.34SST, +0.318ST,, 084 | 0 | 067 0.59 055 | 042 | 0.00
i +0.51Guinea p= 0.29887,, 0.60 | (0.79) | (0.63) | (0.60) 0.67) (0.63) | (0.49) | (0.00)
Ouvoy = 0.06 +0.37SST, +0.465ST, 087 | 075 | 072 0.55 051 | 042 | 0.00
A;3) ASON(-1) +0.26SST, +0.52Guinea,, 0.61 | (0.82) { (0.68) | (0.65) (0.63) (0.58) | (0.48) | (-0.01)
A JASOCT) Opy(oy = 0.04+0.48SST, +0.46SST, 085 | 072 | o068 0.58 054 | 044 | 000
4 +0.338ST, +0.49SST,, 061 | (0.79) | (0.63) | (0.60) 0.67) | (0.63) | (0.51) | (0.00)
Ag) MAMIC-1) Quyioy = 0.02+0.39SST, +0.51857, 079 | 0.63 0.58 0.67 062 | 047 0.00
’ +0.30SST,, - 0.35SST, 055 | (0.72) | (0.52) | (0.48) ©77) | ©071) | ©54) | 001
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Fig. 5-2 Comparison between the observed Blue Nile River flows (solid line) and the forecasted
flows (dotted line) for the S models listed in Table 5-2 (category A) and the models listed in
Table 54 (category C). The figures listed on the left column correspond to
category A and those listed on the right to category C
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The forecast results for the five models shown in Fig. 5-2 and Table 5-2 indicate
potential predictability of the Blue Nile River flows based on SST at various locations in
the oceans and Guinea precipitation, for different forecast lead periods. The multiple
linear regression requires that the predictors are uncorrelated. In order to guarantee this
requirement multiple linear regression analysis was performed between every predictor
(for each model) and the rest of the predictors, and the adjusted R? coefficients were
computed. The percentage of variance of any given predictor that is explained by other
predictors ranges between 0% and 15%. Thus, it is assumed that the predictors are
independent, and consequently, there is no change in the number of degrees of freedom
required for testing the significance of the correlations between the data sets. A similar
procedure was also followed by Berri and Flamenco (1999). The hypothesis of normality
for the all the original variables used in the models presented (Table 5-2) was not
rejected. In addition, the sign test of the regression coefficients agrees with the
correlation coefficients sign of the individual predictor and the predictand. Figure 5-3
shows the individual lagged standardized time series for the predictors used in the models
of Table 5-2.

5.1.3 Hybrid PC Multiple Linear Regression Model

One of the purposes of PCs regression is to make sure that any intercorrelation
among the original variables is removed. High correlation among the independent
variables would result in computational error or a singular matrix if regression on these
variables is attempted (Marsden and Davis, 1968). Because some of these predictors are

interconnected, principal component analysis on these predictors was conducted.
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Fig. 5-3 Lagged time series for the original variables predictors and
predictand included in the models of Table 5-2 for seasons and
locations shown in Table 5-1 for the period 1953-1989
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Interannual modes of SST variation at 84 locations from the lead correlation
analysis across the oceans and the previous year Guinea precipitation during the period
1953-1989 were defined by using principal components for lead seasons MAMIJ (-3) to
MAM]J (0). The first 10 PCs were retained, and up to S PCs with significant regression
coefficients for each lead season were taken as input to the multivariate linear regression
model. Figure 5-4 illustrates the declining variance explained by successive PCs, and
supports the retention of the first 10 PCs. Most of the explained variance is contained in
the first four components. Regression equations as shown in Table 5-3 were determined

based on the principal components, and nonsignificant coefficients were set equal to zero.

. 40 ——— MAMI(0)
X —— NDIF(©)
5 30 - ——— ASON(-1)
s —JASO(1)
§- 20 - ——MAMIJ(-1)
g —— NDJF(-1)
% 10 | ——— JASO(-2)
s ——MAMI(-2)
> 0 I r ‘ l ] —— NDIJF(-2)

(=]

2 4 6 8 10 12
Principal Components

Fig. 5-4 Variance explained by each of the first
10 PCs at each lead season

Examination of the eigenvalues shows that in most of the model intermediate
components have been skipped in spite of their relatively higher contribution to
explaining the variance in the regression model, suggesting that the ultimate signal from

the individual oceans are not included in the first few PCs. Figure 5-5 demonstrates the
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Table 5-3. Assessment and validation statistics for various forecast models based on principal component regression (PCR).

Values in parentheses in the second rows are for the validation phase (Category B)

LEAD-SEASON REGRESSION EQUATIONS P R R? | ADILR® | ADIRMSE | RMSE | MAE | BiAS
comamiey | €@ = 7001+ 0.15PC, - 0.17 PC, 089 | 080 | 077 | 050 | o046 | 036 | -002
+0.10 PC 5 +0.18 PC, +0.09 PC , 069 | (083) | ©70) | (066) | (0620 | ©57) | (0.44) | (0.01)
conorey | € =003+ 0.15PC, - 0.13 PC, + 088 | 078 | 075 | 052 | 048 | 041 | 000
0.18PC, -0.29 PC, 0.63 | (0.83) | 069 | ©66) | (062 | (057 | (048) | (001
=-0.04 +0.16 PC, -0.12 PC

C;) ASON(-1) Qv 0 ‘ 2 084 | 072 | o068 0.58 054 | 046 | 0.00
-0.11PC,-0.30PC, 059 | (0.79 | (0.62) | (0.59) (0.68) (0.63) | (0.54) | (0.00)

comsoeny | Qo =—0.03+0.16PC, —0.11PC, 081 | 065 | 06l 065 | 060 | 050 | -0.01
+0.12PC, -0.26PC, 0.55 | (0.74) | (0.54) | (0.50) (0.75) 0.70) | (0.57) | (0.01)

comameny | Lo =~0.04+0.16PC, -0.09PC, + 083 | 069 | 0.64 062 | 057 | 045 | 000
0.14PC, -0.27PC, -0.18PC,, 0.60 | (0.75) | (0.56) | (0.51) 0.75) (0.69) | (0.53) | (0.01)

conosreny | e =—0.05 - 0.18PC, +0.30 PC, 080 | 064 | 060 | o065 | 062 | 049 | 000
-0.18PC, 053 | (071) | 050) | 047 | ©78) | ©.73) | 057 | 0.02)

comsozy | @mo = -0.04 -0.20PC, - 0.2 PC, 077 | 059 | o055 | 069 | o066 | 0.50 | 000
+0.20 PC, 0.51 | (0.67) | (0.45) | (0.44) (0.80) 0.77) | (0.58) | (0.02)

comamicyy | Qo =—0-06-0.23PC, -0.22PC, 081 | 065 | 061 | o065 | 061 | 046 | 000
-0.19PC, +0.16 PC, 060 | (0.74) | (0.55) | (0.51) 0.79) | 0.69) | (0.53) | (0.00)

conDieay | Cavio = —0.08 —0.27 PC, - 0.34 PC 080 | 065 | 063 063 | 061 | 046 | o001
056 | 075 | 051 | ©0s6) | ©11) | 068) | 050 | 0.01)
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Fig. 5-5 Comparison between the observed Blue Nile River flows (solid line) and the forecasted flows (dotted line) for the models
listed in Table 5-3 (category B). The forecast season and lead times were shown at the bottom of each figure



forecasted and the observed river flow at various lead seasons. These results indicate that
a surprisingly strong forecast potential is available for the Blue Nile River utilizing
appropriate global SSTs and the previous year’s Guinea precipitation.

For comparison the variables used in the models based on Eq. 4-2 and described
in Table 5-2 (category A) are used to develop forecasting models based on multiple linear
regression of principal components (PCR) as in Eq. 4-6 (category C). Table 5-4 shows
the resulting regression equations in terms of principal components in which
nonsignificant coefficients were set equal to zero. Figure 5-2 shows a comparison
between the predicted and the observed Blue Nile River flows for the five models (drawn
together for comparison). Also Fig. 5-6 shows a comparison of adjusted R? for the two
model categories. The results indicate that forecasts based on PCA outperformed those
based on models in terms of the original variables. This may be attributed to the higher

amount of information the PCA extracts as compared to the original variable models.
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Fig. 5-6 Comparison of adjusted R? for forecast models
of categories A and C at various lead season
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Table 5-4. Assessment and validation statistics for various forecast models based on principal component regression (PCR).

Values in parentheses in the second rows are for the validation phase (Category C)

By

LEAD-SEASON REGRESSION EQUATION P R | R® |ADIR® | ADI_RMSE | RMSE | MAE | BIAS

B,) MAMI(0) Qo) =0.06+0.64PC, -0.22PC; 094 | 0.88 0.87 0.37 035 | 026 [ 0.00
' +0.16PC, | 076 |(092)| (085 | (0:84) (0.42) (0.39) |(0.29) | (-0.01)

B,) NDJF(0) Oy =0.05-0.63PC, -0.34PC, 092 | 0.84 0.83 0.42 0.40 031 | 0.00
0.73 | (0.90) | (0.82) | (0.81) (0.46) 0.44) | (0.34) | (0.00)

OQuvoy =0.03+0.65PC, +0.33PC, 091 | 083 0.82 0.44 042 | 042 | 0.00
B;) ASON(-1) 0.70 | (0.89) | (0.80) | (0.79) (0.48) (0.46) | (0.37) | (0.00)

By IASOEl) | Quwoy =0.02+0.64PC, +0.22PC, 087 | 076 | 073 0.54 050 | 040 | -0.01
~0.26PC, +0.22PC, 0.67 | (0.83) | (0.69) | (0.66) (0.62) (0.57) | (0.46) | (0.00)

O, =—0.01-0.67PC, -0.26PC,

Bs) MAMI(-] 0.83 | 0.69 0.66 0.60 057 | 045 | 0.00

) MAMIED +031PC, | 060 (0.78) | (0.62) [ (0.59) (0.67) (0.64) | (0.51) | (0.00)




As expected the difference in the adjusted R? of the original variable models (category A)
and the PCA models (category C) reduces as the lead-time increases. Models in category
C are also simple (parsimonious) in comparison with category A and B.

The overall measures adopted for assessment of the accuracy of the forecasts are
the adjusted R?, the mean absolute difference (MAE), the adjusted root mean square error
(RMSE) and the BIAS. The values of these performance measures are shown for each
model in Tables 5-2, 5-3 and 5-4. The adjusted RMSE for predicted streamflow for the
37 years used in this study was found to be in the range of 0.37 to 0.69, smaller than the
standard deviation of the streamflow, which is 1.0 for standardized data. The lowest
values are for the principal component analysis of the original variables (category C). In
the first three category C models, the error in the predicted streamflow is smaller than
half the standard deviation of the river flows. This was valid for the cross validation
models as well as the calibration models. For all models the lowest adjusted R? value
was 0.48, at MAMJ (-1) lead-time for the category A models. The absolute value of the
BIAS was in the range 0.00 to 0.02. Most of the models show a perfect BIAS value of
zero. The MAE values are about 50% of the standard deviation of the streamflow.
Generally, these four statistics are quite comparable for the three categories. The
adjusted R? values are significant and decrease as the lead horizon increases.

The statistics for equations based on PCA showed significant improvement in
forecasting accuracy over equations developed using original variables. PCA provided
better results in deveioping a forecast for the Blue Nile River flows (category C)

compared to the original variable models (category A).
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5.2 Contribution from Individual and Combined Oceans

This section follows a strategy similar to the one used in the previous section but with
longer lead-time (MAMJ (-5) to MAMYJ (0). An attempt is made to single out the
contribution of each ocean basin to the ocean-atmosphere system affecting the Blue Nile
River hydrology. This should give an indication of which ocean has an important
influence on the variability of the Blue Nile River’s flows. In order to explore the
performance at longer lead times. The lead-time extends back to MAMJ (-5). 113
regions with significant correlations were identified for the three oceans, 51 for the
Pacific Ocean, 33 regions in the Atlantic Ocean and 29 regions for the Indian Ocean.
Principal component analysis was performed on the data at each ocean at the different
lead times. The first ten principal components were used as input to the MLR model.
The first five components with significant coefficients were retained and the performance
criteria (adjusted R?) at each lead-time were computed. The procedure was repeated for
the combined data of the three oceans.

ENSO influences suggest that a majority of predictors come from the Pacific
Ocean. As mentioned above, spatial and temporal domains of the SST predictors show
that the Pacific Ocean has a larger number of significantly correlated regions compared to
the Atlantic and the Indian Oceans. The data for each ocean was grouped at different
lead periods, stacked and PCA was applied. Figure 5-7 shows the adjusted R? for each
ocean and the combined oceans at each lead time. As expected the variance explained
decreases as the lead-time increases. It is hypothesized that, when separate oceans carry
different climatic signals significant improvement in forecast skill should be attained by

combining the oceans in a single model. If forecast skill is not appreciably higher, then
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the oceans probably do not contribute separate signals. The three oceans have shown
higher contribution to the forecasting of the Blue Nile River flows. Surprisingly, the
nearby Indian Ocean shows the lowest contribution to the Blue Nile River flows,
particularly in the first 8 lead times. The Pacific Ocean contributes a higher percentage to
the flow variability compared to the Indian and the Atlantic Oceans. The Atlantic Ocean
contributes a higher amount to the river flow variability in the first 8 lead times compared
to the Indian Ocean, at longer lead-times the Indian Ocean has a higher contribution to
the flow variability. This is in agreement with the general perception that the moisture
for the Ethiopian Plateau is largely from the Atlantic Ocean and has a strong correlation
with the ENSO phenomenon in the Pacific Ocean. This illustrates that the sources of
predictability for the July to October Blue Nile River flows using SST are not restricted
to the equatorial Pacific Ocean.

For comparison and to confirm the above connection a similar procedure was
repeated for the Nile River flow at the Aswan hydrological station. 81 regions with
significant correlations were identified for the three oceans, 39 regions for the Pacific
Ocean, 22 regions for the Atlantic Ocean and 20 regions for the Indian Ocean. Figure 5-8
shows that, the contribution from each of the oceans is lower than that for the Blue Nile
River flow. As expected the variance explained decreases as the lead-time increases. As
expected, the Pacific Ocean has higher contribution to the Nile River flow at Aswan
compared the Atlantic and the Indian Oceans. The adjusted R? values are higher for
combined oceans followed by the Pacific Ocean, the Atlantic and the Indian Ocean, for
both the Blue Nile River and the Nile River at Aswan. However, the contributions of the

oceans to the river flows are consistently lower for the Nile River at Aswan compared to
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the Blue Nile River. A stronger SST signal is in the Blue Nile River flow than in the Nile
River flow at Aswan. Amaraseketa et al. (1997) explained that, the White Nile River
flows through the equatorial lakes and marshes in the Sudd region, is highly damped and
expected to show very little association with ENSO. This may justify the lower signal in
the Nile River flow at Aswan due to others tributaries contribution to the Nile River
flows. The number of the strongly correlated regions are higher for the Pacific Ocean
followed by the Atlantic Ocean and the relatively least correlated regions are in the

Indian Ocean, for both the Blue Nile River and Nile River at Aswan.

0.8 combined Y

Adjutsed R?

0.2 Atlantic

0.0 ’ — R—— —

0 5 10 15 20
Lead time (season)

Fig. 5-7 Adjusted R? using PC for individual oceans and combined
oceans for the lead seasons MAMJ (-5)-MAMJ (0) for the Blue Nile River
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Fig. 5-8 Adjusted R? using PC for individual oceans and combined
oceans for the lead seasons MAMJ (-5)-MAMJ (0), Nile River at Aswan

The Pacific Ocean has the highest contribution to the Blue Nile River flows
variability as compared to the Atlantic and the Indian Oceans. The Pacific Ocean SST
anomalies are correlated more strongly with the Blue Nile River flood well defined pools
(regions) in the concomitant (JASO (0)) and subsequent (NDJF (+1)) seasons compared
to the preceding seasons. SST pool size during these seasons reduces from the east
equatorial Pacific Ocean to the west equatorial Pacific Ocean. The pool contains the
known Niiio12, Nifio3, Nifio34, and Nifio4. In addition, the seasons JASO (0) and NDJF
(+1) are defined by Rasmusson and Carpenter (1982) as transition and mature phases of

the ENSO.
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5.3 Forecasting the Nile River Flows and the Flows of its Tributaries

In this part of the research forecasts models were developed for the tributaries of
the Nile River flows. A similar procedure as the one used in the previous sections is
followed. The new locations are the Nile River at Aswan, the Atbara River and the Sobat
River. The Blue Nile River flow was included for comparison and possible improvement
of the forecast. Appendix B lists the predictors used at each of the four locations.

Recognizing that significant intercorrelations exist between circulation predictors,
methods for reducing redundant information in the set of prediction variables have been
sought. Principal component analysis (PCA) provides a promising means by which this
may be achieved. Using PCA on the set of selected predictors showed that the first PC
accounts for an average of 46% of the predictor set variance as well as being strongly and
significantly correlated with the Nile River flows.

The idea of principal component regression models (PCR) is to regress the
response variable on the PCs of predictor variables rather than the original predictor
variables. The number of PCs used in the final regression model is typically much less
than the number of predictor variables. Given that the primary purpose of the PCA was
data reduction and intercorrelation removal, no further attempt at interpretation of the
components was done. Using the principal component series, models were developed for
the Nile River and its tributaries. Tables 5-5, 5-6, 5-7, and 5-8 list the algorithms and
performance skill parameters for the models for various lead times for the Sobat River,
the Blue Nile River, the Atbara River, and the Nile River at Aswan, respectively. As
expected, predictability measured by the performance skill measures declines as the lead-

time increases.
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Figures 5-9, 5-10, 5-11 and 5-12 show the observed (solid) and the validated
predicted flows (dashed) for the Sobat River, the Blue Nile River, the Atbara River and
the Nile River at Aswan. Most of the year-to-year variability was reproduced, although
there are years when the magnitude of the anomaly is underestimated or overestimated.
However, the phase of the flow was well predicted. Generally, fair similarity between
the observed and the predicted flow amounts are observed.

The Blue Nile River forecast improved over the forecasts in the previous sections.
This may be due to the fact that the seesaw predictors were included which are more
stable and have higher correlation with river flows. In addition, the models in Table 5-6
are simpler (parsimonious) than those in the previous section (Table 5-3). This may be
attributed to the higher variability extracted by PC, with an average of 46% compared to
about 32% in the previous section. In addition, by using the seesaw (the gradient
between two regions oppositely correlated with the river flows), more stable predictors
with higher correlations were used. It is worth noting that PC; predictor for the Blue Nile
River shows significant and inverse correlation with the SOI (July to December) at all
lead seasons. The correlation decreases as the lead-time increases and ranges from —0.60
to —0.38. Similarly, the PC, predictor for the Nile River flows at Aswan are significantly
and inversely correlated with the SOI (July to December) at all lead seasons except for
JASO (-3). The correlation decreases as the lead-time increases and ranges from —0.60 to
—0.34. This shows how the ENSO phase dominates the Nile River flows, particularly in
the Ethiopian Plateau Basin.

Figures 5-13 and 5-14 shows the predictability of the Nile River flows and its

tributaries measured by the adjusted R? and agreement coefficient (p), respectively. The
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Table 5-5 Assessment and validation statistics for various forecast models based on principal component regression
(PCR). Values in parentheses in the second rows are for the validation phase, (Sobat River)

LEAD-SEASON REGRESSION EQUATION Y R R® | ADJ_R® | ADJ RMSE | RMSE | MAE | BIAS
Quono =0.12-0.28PC, -0.27PC, 089 | 079 0.78 0.45 043 | 036 | 000
B,) MAMI(0)
065 [ 0.87) | (0.75) | (0.74) (0.49) 047 | (0.39) | (-0.01)
Qono =014 +0.26PC, -0.15PC, 086 | 0.74 0.71 0.52 048 | 037 | 0.0
B,) NDJF(0) +0.15 PC7 +0.19 PC(, 0.59 | (0.82) (0.67) (0.64) 0.59) (0.55) (0.43) | (0.00)
By IASOCD) Osoney =0.14-025PC, +0.11PC, 082 | 068 | 064 0.57 053 | 042 | 0.00
’ -0.21PC, +0.23PC, 057 1 0.77) | (0.59) | (0.55) (0.66) ©.61) | 0.48) | (0.00)
By MAMIC) 069 | 048 047 0.70 068 | 053 | 0.00
\ Owne) =0.10+0.25PC, 040 | 066) | 043) | ©43 | 1) | 071 | 056) | (0.00)
oo = 0.11=0.29PC, +0.65PC 071 | 0.50 047 0.70 067 | o. .
By NDIF(2) Qsony = 0.11-0.29PC, +0.65PC, 7 53 | 000
042 | (0.62) | (0.38) | (0.34) (0.78) 0.75) | (0.57) | (0.01)
Osony =0.06+0.39PC, +0.78PC 0.71 0.48 0.48 0.66 0.61 0.54 | 0.00
Bg) JASO(-3) :
043 | (0.66) | (043) | (0.42) 0.74) 0.71) | (0.58) | (0.01)




‘uoissiwliad Jnoyum pauqgiyosd uononpoldas Jayung Jaumo WbBuAdod ayj jo uoissiwiad ypm paonpoidey

8L

Table 5-6 Assessment and validation statistics for various forecast models based on principal component regression

(PCR). Values in parentheses in the second rows are for the validation phase, (Blue Nile River)

LEAD-SEASON REGRESSION EQUATION p R R | ADJR? | ADJ_ RMSE | RMSE | MAE | BIAS
Ouvoy = —0.04-0.14PC, +0.11PC, 087 | 076 | 074 0.52 050 | 038 | 000
B,) MAMJ(0) 064
: 085) | 0712 | ©712) (0.56) ©0.54) | ©041) | 0.00)
Osvoy = -0.05-0.16PC, +0.11PC, 084 | 071 0.70 0.57 055 | 041 | 0.00
B,) NDJF(0) 0.62
: ©081) | (066) | (065 (0.62) 0.60) | (0.44) | (0.01)
Oy =-0.09-0.17PC, +0.14PC; 0.84 0.70 0.68 0.58 0.56 042 | 0.00
By) JASO(T) 0.60 | (0.81) | 0.66) | (0.65) (0.62) 0.60) | (0.46) | (0.00)
Qu) = -0.08-0.18PC, -0.10PC, 084 | 071 0.68 0.59 055 | 042 | 0.00
B,) MAMI(-1)
~021PC,, 061 | (0.80) | 0.65) | (0.63) (0.65) 061 | 047 | ©on
BNDIF(-2) | Oy, = —0.11-0.22PC, - 0.28PC, 08 | 074 | om 0.54 052 | 042 | 0.00
059 | ©83) | (0.69) | (0.68) (0.59) ©.57) | (0.46) | (0.00)
B JASO(3) | Qpyio) = —0.10-0.26PC, —0.60PC,, 082 | 067 | 065 0.62 059 | 047 | 0.00
057 | 077 | 060) | (0.59) (0.68) 065 | (0.51) | (0.00)
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Table 5-7 Assessment and validation statistics for various forecast models based on principal component regression
(PCR). Values in parentheses in the second rows are for the validation phase, (Atbara River)

2

LEAD-SEASON REGRESSION EQUATION p R R | ADJ R? | ADJ RMSE | RMSE | MAE | BIAS

B,) MAMI(0) Q,nmo) =-0.02-0.24PC, +0.17PC, 0.92 0.86 0.85 0.40 0.38 0.30 0.00
073 | ©91) | 083) | (0.82) (0.44) ©.42) | ©33) | 0.01)

Q amey =—0.02-0.24PC, +0.19PC, 092 | 085 | o084 041 039 | 032 | 000

B,) NDIF(0)

071 | 090) | 082) | 081 (0.45) ©0.43) | 0.35) | ©0.01)

B IASOL Q. = -0.02-0.24PC, +0.19PC, 092 | 084 | 083 0.42 041 | 033 | 0.00
) JASOC1) 071 | 090) | 081) | (0.80) (0.46) 0.44) | ©36) | (0.01)

ey = =0,02~-0.24PC, +0.09PC

B MAM Qi ' 2 089 | 079 | 076 0.50 046 | 038 | 0.00
) b +0.08PC, -021PC, -0.14PCy o 0384 | ©70) | (©0.66) (0.61) 0.55) | (0.46) | (0.00)

BINDIF(D) | Q) =-0.02+0.25PC, -0.21PC, 084 | 071 | 068 0.57 054 | 044 | 0.00
~0.18PC, |061 | 0719) | (063) | (061) (0.65) ©0.62) | (0.50) | -0.01)

Bo)JASOC3) | 01y =0.02-0.25PC, +0.87PC,, 076 | 059 | 056 0.68 065 | 048 | 000
055 | ©711) | 051 | (0.49) (0.74) ©.71) | 0.53) | ©.01)
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Table 5-8 Assessment and validation statistics for various forecast models based on principal component regression
(PCR). Values in parentheses in the second rows are for the validation phase, (Nile River, Aswan)

LEAD-SEASON REGRESSION EQUATION P R R | ADJ R’ | ADJ RMSE | RMSE | MAE | BIAS
Q 5wy = —0.01-0.16PC, -0.09PC, 087 | 076 0.73 0.54 050 | 035 | 0.00
B,) MAMI(0)
~-0.17PC, -0.18PC,, 0.66 | (0.82) | (0.67) | (0.64) (0.63) (0.59) | (041) | (0.01)
B.) NDIF(O) Q 450y =—0.04-0.18PC, -0.11PC; 085 | 073 | o070 0.57 053 | 041 | -001
’ ( +0.14PC, +0.17PC, 063 | (0.79) | 0.63) | (0.60) (0.67) 0.62) | 0.47) | (0.01)
B.) IASOC1) Q4w =-0.06-0.19PC; +0.10PC, 083 | 069 | o066 0.60 057 | 044 | 0.00
’ -0.24°PC, 060 | (0.76) | (0.58) | (0.55) (0.70) (0.67) | (0.50) | (0.01)
Qw0 =—0.06-0.19PC, -0.12PC, 083 | 0.69 0.67 0.59 056 | 044 | 0.00
B,) MAMI(-1)
+0.25PC, 061 | 071 | ©59 | ©57) (0.69) (0.65) | (0.50) | (0.01)
BONDIF(2) | Quuioy =—0.07-0.22PC, -0.11PC, 082 | 068 | 065 0.61 058 | 047 | o000
-0.22PC, | 055 | (0.78) | (0.60) { (0.58) (0.68) (0.64) | (0.52) | (0.00)
B JASOED) 1 Q@ ywe) =-0.06-026PC, +0.65PC, 072 | 052 | 049 0.74 o7 | 055 | 000

043 | 062) | (039 | (0.37) (0.84) (0.80) | (0.62)

(0.01)
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Fig. 5-9 Comparison between the observed Sobat River flows (solid line) and the
validated forecasted flows (dotted line) for the models listed in Table 5-5
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Fig. 5-10 Comparison between the observed Blue Nile River
flows (solid line) and the validated forecasted flows
(dotted line) for the models listed in Table 5-6
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Atbara River show higher response to the large scale variables followed by the Blue Nile,
the Nile River at Aswan and the Sobat River. However, at the first three lead seasons the
Blue Nile, the Nile River at Aswan and the Sobat River show close values of the
agreement coefficient, Fig. 5-14. It worth noting that the Atbara River and the Blue Nile
River originate in the Ethiopian Plateau and the Sobat flows partially from the east
African basin and the Ethiopian Plateau. Thus, the Sobat River flows may be highly
damped by the flows from the east African basin and shows weaker association with the
large-scale variables. In addition, the Atbara River is located in the northern part of the
Plateau and the Blue Nile is located in the central part of the Plateau and the Sobat in the
southern part of the plateau. Thus, this indicates that the association between the river
flows and the large-scale variables reduced from the north to the south. It could also be
concluded that the signal observed in the Nile River flows at Aswan is mainly due the

large-scale variables association with the Blue Nile and Atbara River flows.

1.00
0.80
0.60
= 040

Adjusted R

0.20

0.00

Lead Season

Fig. 5-13 Adjusted R? for the Nile River flows and its
tributaries as shown in Tables 5-5 through 5-8

85

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



0.80

0.60

0.40

Coefficient of
agreement

0.20

0.00

Lead Season
Fig. 5-14 Coefficient of agreement for the Nile River flows
and its tributaries as shown in Tables 5-5 through 5-8

5.4 Ensemble Forecasts

The ensemble forecasts were adopted using the previous individual forecasts to
improve the current forecast skill. The ensemble forecasts were calculated by averaging
the previous forecasts which were available by the end of the forecast period. In this
case, the ensemble forecasts were computed from the validated forecasts, for lead-
seasons MAMJ (0), NDJF (0), JASO (-1), MAMIJ (-1) and NDJF (-2). For example, the
ensemble forecast for NDJF (0), calculated as the average from the individual validated
forecasts of the same lead period and those at JASO (-1), MAMIJ (-1), NDJF (-2) and
JASO (-3) leads. Figures 5-15, 5-16, 5-17, and 5-18 show a comparison between the
individual forecast and the ensemble forecast for the Blue Nile River, the Nile River at
Aswan, the Atbara River and the Sobat River, respectively. The results show that the

forecast skill was degraded for the Nile River at Aswan and the Atbara River. The Sobat
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River shows slight improvement in the last lead times. The Blue Nile River forecasts
show an improvement over the intermediate lead times.

The Blue Nile River forecasts in some lead times improved when using ensemble
models as compared with the ensemble forecast of the other three locations (the Sobat
River, the Atbara River and the Nile River). This method tends to improve the forecast
skills in the medium lead times (NDJF (0) to MAMIJ (-1)) but to slightly degrade the
skills for forecasts of very short lead times (MAMYJ (0)) and the longer lead times JASO
(-3), Fig. 5-15. Thus, by utilizing the information already computed, one could improve

the forecast for the Blue Nile River flows.
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Fig. 5-15 Adjusted R*for the Blue Nile River flows using single
season (dashed line) and ensemble model (solid line)
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Fig. 5-16 Adjusted R? For the Nile River flows at Aswan using single
season (dashed line) and ensemble model (solid line)
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Fig. 5-17 Adjusted R? For the Atbara River flows using single
season (dashed line) and ensemble model (solid line)
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Fig. 5-18 Adjusted R? For the Sobat River flows using single season
(dashed line) and ensemble model (solid line)
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6. IDENTIFICATION OF ROBUST PREDICTORS

6.1 Selected Significant, Stable and Consistent Predictors

Irrespective of the type of forecast model used, identification of robust and
statistically significant predictors for the Nile River flows continues to be of great
importance. Generally, predictors have tended to fall into three categories: (1) ENSO
indicator, (2) precipitation and (3) persistence. In this section the list of predictors used
to this point are explored using a set of criteria to define a short list of predictors for each
of the Nile River tributaries. The main purpose is to identify robust statistical
relationships useful for seasonal prediction. The results discussed in the previous
sections indicate that over the period 1953-1989, the flow of the Nile River and its
tributaries in some seasons were significantly correlated with the large-scale variables in
the preceding seasons. The results are consistent with the work carried out by Eltahir
(1996) and Awadalla (1999). To the author’s knowledge, no stability investigation has
been carried out on the Nile River flows and the large-scale predictors. The extent of this
stability has been examined in this study using the sliding-window technique. The
stability of the predictor-predictand relationship was assessed through correlation
coefficients on 21-, 25-, (and 31-year running windows (Appendix, C). Odd number of
years were chosen so that the middle point of the window could be easily identified for
plotting. For example, for the 31-year window, the first value calculated for the years

1953-1983 is indexed as 1968, and the last value calculated for the 1959-1989 year
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window is indexed, is 1974, Appendix C. Local statistical significance at the 5% level
was obtained as, 0.36, 0.40, and 0.44 for 31-, 25- and 21-year windows, respectively.
Appendix C shows the correlation of the three running windows for the Sobat River, the
Blue Nile River, the Atbara River and the Nile River at Aswan, respectively. Detailed
description of the predictors for the Sobat River, the Blue Nile River, the Atbara River
and the Nile River are shown in Tables 6-1, 6-2, 6-3, and 6-4, respectively. When tested
using the 15-year running window, the predictors in bold numbers in these tables
maintain significance and stability. Some of these predictors account for over 40% of the
total variance, (Tables 6-1, 6-2, 6-3, and 6-4). For example, predictor number 18 (Table
6-2) explains 47% of the Blue Nile River flows variability. So far, the author is not
aware of any other single predictor which explains such a large percentage of variance of
the Nile River flows using over 30 years of data.
6.2 Teleconnection Between Large-scale Variable and Upper White Nile Flows

In this part of the study, the only remaining source of the Nile River flow was
tested for possible connection with the large-scale variables. No further analysis or
modeling was done. The White Nile River is the tributary of the Nile River downstream
of the Malakal confluence, where the Sobat River, Bahr-Gebal River and Bahr-el Gazal
River join. The main sources of precipitation for the White Nile River are the eastern and
central African rainfall and the Ethiopian Plateau. In this section of the study the upper
White Nile River flows are defined as the flows from central African rainfall and the
southern Sudan region i.e. Malakal flows (July to October) less the Sobat River flows for
the season July to October. The serial correlations for the upper White Nile River for the

period 1953-1989, at lags of 1, 2 and 3, are, 0.60, 0.45 and 0.19, respectively. This
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Table 6-1 Locations of the stable predictors and their respective correlation coefficient with the Sobat River
flows for (JASO) for various leading seasons. Bold numbering indicates stable at 15-years.

NO. LEAD- LOCATION | LATITUDE LLONGITUDE CORR | LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
] April (-3) Ponta -0.42
Delgada
2 July (-3) NAOI -0.41
k) JASO (-3) Pacific 35°S 145° W -0.47 { Indian 00° 50°E 035 |-0.56
4 JASO (-3) Indian 00° S0°E 0.35
5 January(-2) | South 00 -»20°S 30°W-10°E 0.47
Atlantic
6 NDIJF (-2) Atlantic 40°N 30°W -0.37 | Atlantic 05° N—05° S 20° W-05"E 0.51 -0.54
7 NDIJF (-2) Atlantic 40°N 30°W -0.37 | Atlantic 25°N 70° W 044 |-052
8 MAMI(-2) | Adantic 40°N 30°W -0.42 | Atlantic 10°S 20°W 039 |-053
9 MAMI (-2) | Atlantic 10°S 20°W 0.39
10 MAMI (-2) | Pacific 40°S 150°E 0.41
11 JASO (-1) Pacific 20°N 130° W -0.49 | Pacific 40°S 140° E 036 |-0.60
12 NDIJF (0) Indian 20°S 60°F -0.33 | Pacific 50°N 160° E 043 | -048
13 MAMI (0) Indian 08°S—18°S 55°E-65°E -0.38 | Pacific 20°8 165°E 035 }-048
14 MAMIJ (0) Pacific 10°S520° S 100° W—90°W | -033 | Pacific 20°8 165° E 035 |-043
15 MAMI (0) Atlantic 00° 05°E 0.41




‘uoissiwiad noyyum pangiyosd uononpoidas Jayung Jaumo ybuAdoo sy} Jo uoissiwiad yum paonpolday

<6

Table 6-2 Locations of the stable predictors and their respective correlation coefficient with the Blue Nile

River flows for (JASO) for various leading seasons. Bold numbering indicates stable at 15-years.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
| February (-3) | Jakarta -0.55
2 MAMI (-3) | Adantic 08°S—>12°S 00° =05°E -0.39 Pacific 20°S-»30°8 170° W 145° W 048 -0.59
3 JASO (-3) Indian 10°N-05°S 85°E95°F 047 Pacific 45°N-40°N 150° W 140" W 042 -0.52
4 NDIJF (-2) Pacific 30°S»35°S 90° W80° W -0.44 Pacific 50°N-»35°N 160° W-»>140" W 0.53 -0.65
5 NDJF (-2) Pacific 10° N-»00° 148° E»155°E -0.39 Pacific 50°N-»35°N 160° W—140° W 0.53 -0.63
6 NDJF (-2) Indian 00° -10°S 85°E-95°F -0.36 Pacific 50°N-»35°N 160° W 140° W 0.53 -0.59
7 NDIF (-2) Atlantic 10°N-»20°N 30°W20° W -0.44 Atlantic 40°N-»30°N 70° W—60° W 046 -0.54
8 NDIJF (-2) Pacific 45°N-»35°N 160° W-2140° W 0.57
9 MAMI (-1) | Indian 05°N-»02° S 60°E—»70°F -0.3 Pacific 20°N-10°N 110° W-»100" W 052 -0.53
10 MAMI (-1) | Pacific 30°S44°8 160° W—>140° W -0.46 Pacific 20°N-10°N 110°W-100" W 052 <0.53
11 JASO (-1) Pacific 00°S-35°S 140° W—100° W -0.43 Pacific 15°N->10°N 160°E-179°E 035 -0.52
12 ASON (-1) Guinca 0.63
13 NDJF (0) Pacific 12°S-520°S 105° W—90° W -0.45 Indian 22°N->10°N HOE- 1S 047 -0.66
14 AprMay(0) | Pacific 50°N—-42°N 155°W—145°W | 040 [ Pacific 50°N-»20°N 120°E-»160° E 050 | -0.58
15 NDJF (0) Darwin -0.50
16 AMJ (0) Jakarta -0.59
17 AMJ (0) SOl 0.44
18 MAMJ (0) Pacific 02°N-05°S 130° W—90° W -0.50 Pacific 30°N-25°N 140°E-»160°E 0.34 -0.69
19 MAMJ (0) Pacific 05°N-20°S 120° W-80° W -0.52 Indian 10°S-20°S HO°E-»125°E 041 -0.63
20 AMI (0) cT -0.58
21 MayJun (0) Global 10°N-10°S 00°-360° -0.53
Tropics
2 MAMI (0) Pacific 02°N-05° S 130° W—90° W -0.55
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Table 6-3 Locations of the stable predictors and their respective correlation coefficient with the Atbara River
flows for (JASO) for various leading seasons. Bold numbering indicates stable at 15-years.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
! MAMI (-3) Atlantic 05°N-»12°S 00° -05°W -0.54 Atlantic 44°S o°w 0.36 -0.58
2 MAMI (-3) Atlantic 08°S—12°S 00° 505°E -0.49 Atlantic 44°S 30°w 0.36 -0.59
3 MAMI (-3) Pacific 20° N-05° N 150° E—»160°E -0.49 Indian 30°S-»35°S 70° E80°F 041 -0.53
4 MAMJ (-3) Pacific 20°N-05°N 150° E->160° E -0.49 Pacific 28°S-»38°§ 150° W-»100° W 0.35 -0.54
5 MAM]J (-3) Pacific 22°N-15°N 170° E—>150° W -0.49 Indian 30°S-35°8 70°E->80°F 0.41 -0.56
6 MAMI (-3) Pacific 22°N-»15°N 170° E-»150° W -0.49 Pacific 28°S»38°S 150° W—100° W 035 -0.52
7 MAM) (-3) Atlantic 05°N-12°S 00° -05° W -0.54
8 MAMIJ (-3) Atlantic 08°S—»12°S 00° 505°E -0.49
9 MAMI (-3) Pacific 20° N-»05° N 150° E—»160° E -0.49
10 JASO (-3) Pacific 25°N-»20°N 170° E-»150° W -0.47 Indian 35°5-940°8 60° E-90°E 033 -0.53
1 JASO (-3) Pacific 20°N—»10°N 130°E—-170°E -0.51 Indian 35°8-40°S 60° E-90°E 033 -0.48
12 JASO (-3) Pacific 20°N->10°N 130°E->170° W -0.51
13 NDJF (-2) Atlantic 20°N-10°N 30° W-20" W -0.44 Atlantic 40°N->30°N 70° W-60" W 0.46 -0.59
14 January (-2) Ponta Delgada 0.62
15 MAMI (-2) Atlantic 25°N->15°N 25°W15°W -0.35 Atlantic 45°N-»35°N 65° W-50° W 047 -0.62
16 MAMI (-1) Atlantic 35°5-40°S 50°W-30° W 0.56
17 AMJ (-1) Tahiti -0.58
18 JASO(-1) Pacific 25°8§35°S 150° W 130° W -0.64
19 JASO (-1) Pacific 25°§35°S 150° W—130° W -0.64 Indian 25°8§35°S 30°E-60°E 034 -0.58
20 JASO (-1) Pacific 25°§»35°S 150° W 130° W -0.64 Pacific 10°N 10°W 045 -0.63
21 JASO (-1) Pacific 25°85-35°S 150° W 130" W -0.64 Pacific 59°N-»$4°N H0°E-179°E 0.38 -0.64
22 JASO(-1) Pacific 25°§-»35°S 150° W—130° W -0.64 Pacific 15°N->10°N 120° W 100° W 045 -0.64
23 MAMIJ (0) Indian 10°8§-20°S 10°E-125°E 046
24 April (0) NH0090 045
25 MAM-DJF (0) | Darwin -0.50
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Table 6-4 Locations of the stable predictors and their respective correlation coefficient with the
Nile River flows at Aswan for (JASO) for various leading seasons

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.

l JASO(-3) Pacific 08° N—00° 140°E—>150° E -0.42 Pacific 45°N->32°N 120° E—140° E 048 0.60
2 JASO (-3) Indian 10°N—05°S 85°E-95°E -0.43 Pacific 45°N-»35°N 1200E->140°E 048 -0.56
3 JASO (-3) Pacific 20°N-05"N 130°E -0.44 Pacific 50°N-30°N 1200 E-150°F 045 -0.62
4 JASO(-3) Indian 10°N—-05° S 85°E95°E -0.43 Pacific 50°N-»30°N 120° E-»150°E 045 -0.54
5 JASO (-3) Pacific 08° N-00° 145° E-»155°E -0.38 Pacific 50°N-»30°N 120° E-150°E 0.45 -0.58
6 NDJF (-2) Atlantic 40°N-30°N 70° W—60° W 0.57

7 NDJF (-2) Atlantic 20°N—10°N I0° W20 W -0.37 Atlantic 40°N->30°N 70° W—60° W 057 -0.61
8 NDIJF (-2) Indian 15°5-25°S S0°E-»55°E -0.38 Pacific 45°N-»35°N 160° W—140" W 0.54 -0.61
9 NDJF (-2) Indian 20°N-15°N 50" E-»60° E -0.38 Pacific 45°N-»35°N 160° W—>140° W 0.54 -0.60
10 NDJF (-2) Indian 20°N—I5°N 50° E—60°F -0.38 Pacific 40°N—-30°N 160° W->140" W 0.38 -0.51
1 NDJF (-2) Pacific 30°S-35°S 90° W—80° W -0.39 Pacific 45°N-»35°N 160° W—>140° W 0.54 -0.61
12 NDIJF (-2) Pacific 10° N—00° 148°E—155°E -0.40 Pacific 45°N-»35°N 160° W—140° W 0.54 -0.62
13 NDJF (-2) Pacific 45°N-»35°N 160° W—140° W 0.54

14 NDJF (-2) Indian 00° -10°S 85°E-95°F -0.33 Pacific 50°N-35°N 160° W-»140° W 0.50 0.55
15 JASO (-2) Pacific 10° N—00° 140° E-»150°E -0.31 Pacific 30°S40°S 170° W—160° W 039 -0.54
16 MAMI (-1) | Indian 00° »05°S 60° E-»70° E -0.35 Pacific 20°N—-10°N 110° W—100° W 043 -0.51
17 ASON (-1) Guinea 0.61

18 NDJF (0) Pacific 12°S-920°$ 105° W—-90° W -0.47 Indian 22°N-»10°N HOE-115°E 045 -0.66
19 MAMI (0) Pacific 02°N—05°§ 130° W—90° W -0.52 Pacific 30°N->25°N 140° E160° E 0.52 -0.66
20 MAMIJ (0) Pacific 05°N—-20° S 120° W>80° W -0.51 Pacific 30°N-»25°N 140° E—»160° E 0.52 -0.66
21 MAM]J (0) Pacific 05°N-»20°S 120° Wo80° W -0.51 Indian 10°8 HOPE—125°E 033 <059
22 MayJun (0) Global 10°N-10°S 00°-360° -0.51

Tropics
23 AprMay (0) Darwin -047




strong persistence may inflate the cross correlation values between the river flows and the
SST shown in the correlation maps of Appendix As. If the sea surface temperatures in
the locations of high correlations are also serially correlated, then this may add to higher
inflation in the correlation coefficients. That is, one could incorrectly reject the null
hypothesis, p, =0, with a probability greater than the nominal significance level,
(Ebisuzaki, 1997).

The question arises as to the significance of lagged correlations, particularly when
the series are highly autocorrelated (serially correlated) as is frequently the case here.
Thus, the presence of autocorrelation has to be taken into consideration. Angel (1981)
adopted the equation developed by Quenouille (1952) for the cross correlation
significance of two autocorrelated series, which was also used by Ananthakrishnan and
Parthasarathy (1984). In this approach the number of degrees of freedom are reduced by
the autocorrelation of the two series, which yields an effective number of independent
observations entering into the calculation of cross correlation coefficient significance.

The effective number of degrees of freedom for N pairs of values is given by:

= al [6-1]
(A +2rr + 2, +211)

where N is the number of data points in each of the two series, r; and r are the lag-one

auto-correlation of the two series, r,and r, are the lag-two autocorrelation of the two

series, etc. The calculation has been terminated at lag-three because the correlation
products become negligible thereafter. When the correction is made for

autocorrelation, N, becomes less than N in almost all of the cases. The significance of the
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correlation has been estimated by using the effective number of independent observations

so determined in (1.96/ Nto's ) test.

The predictors for the upper White Nile River flows are defined as those
statistically significant, after taking into consideration the reduction in the number of
degrees of freedom due to autocorrelation, following the methodology described above.
The stable and robust predictors should be at least consistent and stable over two running
windows (31 years and 25 years). Table 6-5 shows a list of stable predictors which
satisfy the above criteria, after taking into account the serial correlation in the predictors
and the predictand time series. The stable predictors for all the Nile River tributaries
outnumbered those for the upper White Nile River. In addition, the White Nile River
predictors are stable over two running windows (31- and 25-year), and the other
predictors for the Nile River tributaries are stable over three running windows (31-, 25-,
and 20-years). Some of them are even stable for the 15-year running window as well.
The relaxed criteria used for the upper White Nile River indicates weaker connection to
the large scale variables in favor of the local hydroclimatic forcings.

6.3 Testing Predictability of the Stable Predictors

This section is an attempt to build a prediction algorithm to validate the
predictability of the stable predictors identified in the previous section. Further analysis
is concentrated on the Blue Nile River flows and the Nile River flows at Aswan, due to
their importance for the Nile River basin countries, particularly Sudan and Egypt. Two
lead seasons were chosen for the two sites, namely, MAMJ (0) and ASON (-1) prior to
the occurrence of the Nile River flood season and seven months before the flood season

(JASO), respectively. The combinations of the predictors were chosen by trial and error
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Table 6-5 Locations of the stable predictors and their respective correlation coefficients with the

Upper White Nile flows (JASO) for various lead seasons.

No. { LEAD LOCATION | LATITUDE | LONGITUDE R LOCATION | LATITUDE | LONGITUDE R SEESAW
SEASON CORR.

1 | JASO(-3) Atlantic 4°N 25°W -0.33 Atlantic 42°S 25°E 0.48 -0.65

2 | Dec(-3) Ponta Delg, -0.49

3 [ MAMI(-2) | Pacific 28°N 170°E -0.40 Pacific 43°S 150°W 0.51 -0.56

4 | MAMI(-2) | Pacific 43°S 150°W 0.51

5 | JASO(-2) Pacific 40°S-44°S | 140°W-160°W | 0.54

6 | MAMJ(0) | Atlantic 35°N 59°W -0.52




from Tables 6-2 and 6-4 for the Blue Nile River and the Nile River at Aswan,
respectively. The criteria for including a predictor in a model were that it be: 1)
independent from its peers, 2) serially uncorrelated, and 3) it not reject the normality
hypothesis. 5% significance level is specified as the level at which the retained
regression coefficients were accepted as being different from zero. If the coefficients
dropped below this level then the predictor was removed. The sets of predictors with
better performance skill were selected. The regression coefficients were determined by
using the method of least squares. Furthermore, the number of predictors would not
exceed four. The four predictors were used for the shorter lead season (MAMJ (0)) and
the first three in time for the longer lead season (ASON (-1)).

The predictors are designated with the X(i) , where X is the predictor, and

istands for the index (first column of Tables 6-2 or 6-4). The subscript in the
independent variable (Q), is the flow location, and the superscript is the lead season.
Predictors numbered 7, 11, 17 and 23 (Table 6-4) have the best performance skill for the
Nile River at Aswan, and predictors indexed 4, 7, 12, and 16 (Table 6-2) have the best
performance skill for the Blue Nile River flow. Using these predictors, the following

algorithms are developed for both locations and the two leading seasons.

o =-003-041 X ;,-0.39 X, +0.43 X, 023 X s, [6-2]

i;?,oy.w-l) =-0.04-0.45 Xm _0’41X(||) +O'47X(l7) [6-3]

@ =-004-047 X, —028 X, +043 X, —033 X o) [6-4]

VD =-0.06-0.50 X, —0.37 X ,,+0.49 X .., (631
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Table 6-6 shows the performance skill for the models above. The best four stable
predictors explain (validated adjusted R?) up to 69% and 77% of the Nile River flows
(Aswan) variability and the Blue Nile River flows variability, respectively, three months
before the occurrence of the Nile flood peak (September). The first three stable
predictors explain up to 67% and 68% of the variability at the two locations, respectively,
10 months before the flood peak. The author is not aware of any previous study that
explains such a large percentage of the variance of the Nile River flows with this long
lead time. A recently published study (Awadalla and Rousselle, 1999) which explained
63% of the Nile flood variability for only three months lead-time before the occurrence of
the Nile flood peak. Though the four predictors were selected by trial and error from a
pool of the stable predictors, they represent different regions, the Pacific Ocean, the
Atlantic Ocean, the Guinea precipitation in western Africa and the Northern of Australia.
It is worth noting that the Indian summer monsoon, the previous year Guinea
precipitation (western Africa), and the Nile River flows have strong association which
may indicate possible connection between their climatic driving forces.

Figures 6-1, 6-2, 6-3, and 6-4 show the results for 37 years of validation for the
Nile River flows at Aswan and the Blue Nile River flows for the MAMIJ (0) and the
ASON (-1) lead seasons for the models were developed using Egs. 6-2 through 6-5.
Observed flows are given along the abscissa and predicted flows are given along the
ordinate (Figs. 6-1 to 6-4). The two dashed lines represent +10% of the observed flows.
It should be noted that out of the 37 years, the forecast error is more than 10% in 5 cases
for lead season MAMJ (0) and 3 cases for lead season ASON (-1) for the Nile River

flows at Aswan. The forecast error is less than 10% in only 3 cases for each lead season.
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Similarly, in the case of the Blue Nile River flows the forecast error is more than 10% in
only 3 cases for MAMJ (0) and 6 cases for ASON (-1). The forecast error is less than

10% for only 3 cases and 4 cases for the two lead seasons, respectively.

Table 6-6 Assessment and validation statistics for various forecast models based on
MLR-OLS for the models in Egs. 6-2 to 6-5. Values in parentheses in
the second rows are for validation phase

Location | Lead Season P R R’ Adj-R?| Adj-RMSE|{ RMSE| MAE/| BIAS
Nile River a] MAMJ(0) 0.89 0.79 0.78 0.50 0.46 0.37 0.00
Aswan 0.64 (0.85) [ (0.72)] (0.69) (0.58) (0.54) | (0.44)] (0.00)

ASONC(-1) 0.87 0.76 0.74 0.53 0.50 0.39 0.00

0.65 (0.83) | (0.69)| (0.67) (0.60) (0.56) | (0.43)| (0.00)

Blue Nile MAMI(0) 0.92 0.84 0.83 0.44 041 031 0.00
River 0.73 0.89) | (0.79)] (0.77) 0.51) 0.47) [ (0.36)| (0.00)
ASONC(-1) 0.87 0.76 0.74 0.53 0.50 0.38 0.00

0.64 (0.84) | (0.70)| (0.68) (0.60) (0.56) | (0.43)| (0.01)

The long-term average was denoted by a vertical line shown in Figs. 6-1, 6-2, 6-3,
and 6-4. Prediction of the flows for the Blue Nile River flow at lead-season MAMJ (0)
and the Nile River at Aswan at lead season ASON (-1) are much better, because out of
the 37 years, there are only 6 years for which the flows are outside the boundaries. It is
worth noting, that out of the 6 years, the same number of years are below and above
average. Similarly, prediction of above average flows for the Nile River at Aswan at

MAMYJ (0) and Blue Nile flows at ASON (-1), with 3 years outside the thresholds. The
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models show relatively poor performance for the below average flows, for the Blue Nile

River at ASON (-1) and the Nile River at Aswan at MAMJ (0). However, under these

thresholds the chosen predictors perform well.

100 m
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Observed flows (BM~)
Fig. 6-1 Observed and forecasted Nile River flows at Aswan
(validation) at MAMJ (0). The bar indicates the mean flows
and the dashed lines represent +10% of the solid line
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Observed flows (BM?)
Fig. 6-2 Observed and forecasted Nile River flows at Aswan
(validation) at ASON (-1). The bar indicates the mean flows
and the dashed lines represent £10% of the solid line
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Fig. 6-3 Observed and forecasted Blue Nile River flows (validation)
at MAMJ (0). The bar indicates the mean flows
and the dashed lines represent £+10% of the solid line
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Fig. 6-4 Observed and forecasted Blue Nile River flows
(validation) at ASON (-1). The bar indicates the mean flows
and the dashed lines represent £+10% of the solid line

Another way of presenting the results is by means of categorical contingency
analysis. The categories boundaries adopted here were similar to those used by Eltahir
(1996). The normalized anomaly (x —X)/c , (Where X is the mean ando is the standard

deviation) of the predictors and the predictands have been evaluated for each of the 37

years. The years with a streamflow anomaly of less than —0.5c were labeled as deficient
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years, the years with streamflow anomaly of more than +0.5c were labeled as excess
years and the years between the -0.56 and +0.5c streamflow anomaly were labeled as
normal years. There are over 10 years for each of the three categories. However, using
+0o as a boundary yields over 20 years as normal years and only single digits for the
deficit and excess categories. This indicates that the way the boundaries are defined is
reasonable. The categories are defined in such a way that the number of data points
contained in every category of a specific variable are not dramatically different from each
other. The new categorical variable has three possible values, which are named deficit,
normal, and excess. Tables 6-7, 6-8, 6-9, and 6-10 show the observed streamflows and
the validated model prediction categories.

The skill of the above models is also defined as the percentage of correct
categorical forecasts, i.e. elements in the main diagonal. Tables 6-7, 6-8, 6-9, and 6-10
show the results by category for the two lead-seasons (MAMIJ (0) and ASON (-1)) at the
Nile River at Aswan and the Blue Nile River, respectively. The result of the correct
forecast is shown in the diagonal of the tables, and the ratio with the 37 year forecast
determine the skill. The results of the 26, 25, 28, and 23 diagonal cases out of the 37
cases, represents a skill of 0.70, 0.68, 0.76, and 0.62 for the two seasons (MAM]J (0), and
ASON (-1)) for the Nile River flows at Aswan and the Blue Nile River flows,
respectively. It is worth mentioning that these tables are based on the validation
forecasts. Only the predicted value of the lead season ASON (-1) of year 1955 (deficit)
differs from the observed flows (excess). However, for lead season MAMJ (0), all the
extreme values (excess or deficit) are consistent with the observed values. This shows

the strength of these predictors in explaining high portions of the river flows.
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Table 6-7 Categorical Contingency Table for the

Nile River at Aswan, MAMJ (0)

PREDICTED
OBSERVED Deficit Normal | Excess
Deficit 9 2 0
Normal 2 i !
Excess 0 > :

Table 6-8 Categorical contingency table of the
Nile River at Aswan, ASON (-1)

PREDICTED
OBSERVED Deficit Normal Excess
Deficit 9 2 0
Normal 2 9 4
Excess 1 3 7

Table 6-9 Categorical Contingency Table for the

Blue Nile River, MAMIJ (0)

PREDICTED
OBSERVED R
Deficit Normal Excess
Deficit 10 1 0
Normal 3 9 3
Excess 0 2 9
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Table 6-10 Categorical Contingency Table for the
Blue Nile River, ASON (-1)

PREDICTED
OBSERVED Deficit Normal | Excess
Deficit 7 4 0
Normal 3 10 2
Excess ! 4 6

It is worth noting that the seasonal flows prior to the flood season (JASO) for the
Nile River and tributaries have some relationship which indicate their potentiality to be
used as predictors. Table 6-11 shows the correlation between the flood flows (JASO) at
the Nile River and tributaries with the other two seasons, NDJF and MAMJ. The
negative lag indicates that the given season is leading the flood season and therefore it
could be a potential predictor. As expected, for all the Nile River tributaries the flood
season is significantly correlated with the coming winter season (NDJF). For the Blue
Nile River, the relationship of the flood flows with the winter season remains relatively
strong for the coming two years. This is due to the fact that most of the winter flows on
the Blue Nile River and other tributaries depend on the flood magnitudes. After checking
the serial correlation for each season, the following seasons were found to be serially
independent and strongly correlated with the flood season flows: Blue Nile River MAMIJ
(-1), Atbara River NDJF (-2) and MAMJ (0) for the Sobat River. However, when the
MAMIJ (-1) season was included as a predictor in Eqs. 6-3 and 6-4 there was no

improvement in the forecast as measured by the adjusted R%.
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Table 6-11 Correlation between the July to October (JASO) flows and seasonal flows of
the Nile River at Aswan (ASW) the Blue Nile River (BN), Atbara River
(ATB) and the Sobat River (SOB). (Negative lags indicate that the
season lead the flood season (JASO))

November to February flows (NDJF) March to June flows (MAMJ)
Loca- Lag correlation Lag correlation
ation 3| 2 -0 0) D ) +3)] <3 -2)| (1) ) +h| (+2)] (+3)
ASW -.18f 0.17y -05| -06| 072§ 0.22; 030 -29| -26| -17| -27| 005 -05| -18

BN 0.03| 0.37] 023 0.11] 0.76| 0.37| 03s5| -03{ -03| 0.53| 0.08| -09] 027} -08

ATB -21{ 039] 021 0.01} 0.65{ 0.13{ 022| -03| -04| 0.13} -4} -05]| -02| -.I4

SoB 0.00 o00!| 000{ 030| 0.54| 0.08f oO.11| -10| 009} -25! 0.52| oO.11| -08; -05

6.4 Artificial Neural Networks (ANN)

Recently, neural networks have been successfully applied to many applications.
The area addressed by ANN techniques includes pattern matching, optimization, data
compression and function optimization (Raman and Sunilkumar, 1995). Many of the
problems that engineers must deal with are exactly the types of the problems for which
ANN appear to be most applicable (Garrett, 1994). Flood and Kartam (1994) presented
two papers for understanding the usage and potential for application of artificial neural
networks (ANN) in Civil Engineering. A neural network structure consists of processing
elements (nodes), links interconnection between the elements, and information
processing. A layer represents a set of parallel nodes. The interconnection between
nodes is controlled by the training algorithm and the nature of the problem. The number
of nodes in the input and the output layers are dictated by the dimension of input and

output sets presented to the network for training. The number of hidden layers and
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neurons are a quantity that must be determined empirically for each separate situation due
to the complexity of the problem.

The neural network used in the present research has a three-layer structure: an
input layer, a hidden layer, and an output layer. Typically, experiments are conducted
with a variety of architectures in order to find one that optimizes the performance of the
network. Due to the larger number of parameters and the great flexibility of ANN, the
model output may fit the data very well during the training period yet produce poor
forecasts during the validation period. This is a result of overfitting; overfitting occurs
when an ANN fitted the training data so well that it also fitted to the noises resulting in
poor forecasts over the validation period. Therefore, when experimenting with different
architectures care should be taken that the number of parameters in the training data set
should be greater than or equal to the number of connections (weights and biases) so that
the network is not overtrained (Sahai et al., 2000). Though the data used in this study
may be relatively short for data driven models, this condition is satisfied in all cases.
That is why different testing periods for different network sizes were used. Thus, the
configuration of the neural network is constrained to avoid the overfitting problem.

The network was trained with the Levenberg-Matgradt algorithm (MATLAB
manual, 1995). In practice, the Levenberg-Matgradt algorithm often finds better optima
for a variety of problems than other optimization methods (Sarle, 1999) and behaves well
an ill-conditioned problems, (Awadalla and Rousselle, 1999). The network was also
retrained with several starting points to avoid local minima. Training is carried out by
assigning random initial weights to each of the links, and then presenting the

corresponding sets of known input and output values to the network, one set at a time.
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The network estimates the output values from the inputs, compares the estimates to the
known output values, and then adjusts the weights in order to reduce the mean squared
difference between the network output and the target output. The complete input-output
sets (patterns) are usually run through the network for a number of cycles (epochs) until
either the MSE is reduced to a certain level, reaches the assigned number of epochs or by
the evaluation (monitoring) technique stop, whichever occurs first. The R?>, RMSE, MAE
and BIAS over the validation period are used as reasonable measures for indicating the
model performance skill and, in this study, were used as indices to compare the different
models.

The data was partitioned into three periods: 1) 1953-1972 was used for training, 2)
1973-1977 was used for evaluation and 3) 1978-1989 was used for validation. The
evaluation period was used to monitor the performance of the model during the training
period for best generalization (Chapter 4). The input data to the model were the
predictors used in Egs. 6-3 and 6-5 and the output were the flows at the two locations,
respectively. Figure 6-5 shows a typical configuration for the network used to forecast
the Nile River flows at Aswan and the Blue Nile River flows. One hidden layer with two
neurons gave a reasonable performance of the forecasted flows. The Tangent hyperbolic
(Eq. 4.13) was used as an activation function in the hidden layer, and a linear activation
(Eq. 4.14) was used for the output layer. The cascade correlation was found to be more
stable and higher performance skills were obtained compared to the back-propagation
technique. The validation performance skills for the Nile River at Aswan flows were
computed to be R? = 0.73, RMSE = 0.63, MAE = 0.56, BIAS = -0.10, and for the Blue

Nile River flows as R? = 0.78, RMSE = 0.59, MAE = 0.53, BIAS = -0.20. This model
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will be referred to as Model I for further analysis. Table 7-6 shows these performance
measures of model I along with other models. Model I was compared to MLR-OLS and
MLR-LAD models at the same validation period. It is clear that for the Nile River flows
at Aswan, MLR-LAD outperformed both model I and MLR-OLS in three out of the four
performance measures (R?>, RMSE, MAE, and BIAS). For the same location Model [ and
MLR-OLS each outperformed the other in two performance measures. Assuming that
the four measures are given the same weights, then MLR-LAD outperformed model [ and
MLR-OLS. Figures 6-6 and 6-7 show the predicted and the observed flows for the
training period, the evaluation period and the validation period. The predicted flows

pursue the observed flow fluctuations during the training as well as the validation period.

Output

Nile River at Aswan flows

Inputs .
or Blue Nile flows

Fig. 6-5 Typical configuration of a three layer neural network (model I)
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Fig 6-6 Performance of the 3 predictors modeis using the Nile River
flows at Aswan flows as output during the training period (1953-1972),
evaluation (1973-1977) and validation
(1978-1989), (Model 1)
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Fig. 6-7 Performance of 3 predictors ANN for Blue Nile River

flows during the training (1953-1972), evaluation (1973
-1977) and validation (1978-1989), (Model 1)

6.5 Multiple Linear Regression (LAD)

As a continuation of the previous analysis MLR-LAD models were evaluated for
improvement and development of additional performance skill measures, e.g. measure of
agreement. The output from the ordinarily least squares difference (OLS) and the least
absolute difference (LAD) were compared for the Blue Nile River and the Nile River
flows at Aswan. The LAD model used in this study was developed by Prof. Mielke, P.

(CSU, Department of Statistics) and has been detailed in Gray et al. (1993, 1992).
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The agreement coefficients (p) and their associated probability values (P) are
given in Tables 6-12, 6-13, and 6-14, for the models developed previously by MLR-OLS
(Tables 5-8 and 5-6, Eqs. 6-2 through 6-5). For comparative purposes, the corresponding
values for the other performance skill measures are shown in Table 6-15, 6-16 and 6-17.
The values of R? for the non-jackknifed MLR-LAD and MLR-OLS predictors are larger
than the corresponding values of R? based on the cross validated (jackknifed) values.
While R? is strictly a measure of linearity (i.e., R? = 1 implies all observed and predicted
value pairs fall on a line that does not necessarily have a unit slope or pass through the
origin), p is a measure of agreement, and p = | implies all observed and predicted value
pairs fall on a line with unit slope that passes through the origin. Thus, the fact remains
that R? is not a satisfactory measure of agreement, (Gray et. al., 1992).

From Tables 6-12 and 6-13, we can independently hindcast over 60% of the
measure of agreement value (p) for the first four lead-seasons (MAMJ (0) to MAMJ (-1),
for both the Nile River flows at Aswan and the Blue Nile River flows. The probability
that there is no hindcast statistical skill in any of the forecast parameters is in the range
10® to 10®. In fact we can hindcast over 70% of the value of p for the Blue Nile River
flows using the four stable predictors (4, 7, 12, and 16) at four months lead time, Table 6-
14. In this case, the probability that there is no hindcast statistical skill in any of the
forecast parameters is about 107'%. The jackknifed LAD in some cases achieved relatively
higher values of R? over the OLS. However, the non-jackknifed are comparable as
shown in Table 5-6, 5-8, 6-6, 6-15, 6-16, and 6-17. Generally, the MLR-LAD

outperforms MLR-OLS in most cases. The difference between the non-jackknifed and the
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jackknifed R? for OLS is generally higher than the R? values in the LAD models. This

finding may suggest that MLR-LAD is more stable and robust for such applications.

Table 6-12 Assessment and validation statistics for various forecast models based on
MLR-LAD for the models in Egs. 6-2 to 6-5. Values in parentheses in
the second rows are for validation phase

Location | Lead Season P R R’ Adj-R* | Adj-RMSE| RMSE| MAE| BIAS
MAMI(0) 089 0.79 0.77 0.52 048 | 037 -0.04
064 | (0.83)| (0.68)| (0.65) 0.62) 0.58) | (0.49)| (-0.05)
Nile River
ASON(-1) 087 0.75 0.74 0.54 051 | 039 -0.05
At Aswan 0.65 | (0.84)] (0.70)| (0.69) (0.60) 0.57)| (0.46)] (-0.07)
MAMIJ(0) 0.92 0.84 0.83 0.44 041 0.30 -0.05
0.73 | (0.90)] (0.80)| (0.79) (0.49) (0.46) | (0.36)| (-0.05)
Blue Nile
ASON(-1) 087 | 0.76 0.74 0.54 051 | 038 -0.06
River 064 | (085 (0.72)| (0.70) (0.58) (0.55)| (0.44)} (-0.07)

Table 6-13 Assessment and validation statistics for various forecast models based on
multiple linear regression (LAD) of PCA. Values in parentheses in the
second rows are for the validation phase, Nile River flows Aswan

LEAD SEASON P R R® ADJ-R®| ADJ-RMSE| RMSE| MAE| BIAS
MAMIJ(0) 0.86 0.75 0.72 0.56 0.52 0.34 0.00
066 | (0.82) (0.68)| (0.65) (0.62) 0.58) | (0.42)| (-0.01)
NDJF (0) 083 0.70 0.67 0.60 056 | 039 -003
063 | (0.80)] (0.64)] (0.60) (0.66) 0.62)| (0.46)| (-0.06)
JASO (-1) 081 | 0.66 0.64 0.63 059 | 041 | -0.06
060 | (0.78) (0.61)| (0.59) (0.68) 0.64) | (0.46)| (-0.05)
MAMI (-1) 0.81 0.66 0.64 0.63 0.60 0.41 -0.05
061 | (0.80)] (0.64)| (0.61) 0.65) 0.62) | (0.45)| (-0.05)
NDJF (-2) 082 0.67 0.65 0.63 060 | 045| -0.05
0.55 | (0.79) (0.63)} (0.61) (0.66) (0.62) | (0.49)| (-0.06)
JASO (-3) 071 | 0.51 0.48 0.76 071 | 055| -0.06
043 | (0.58) (034)| (032 (0.86) (0.83)| (0.67)| (-0.06)
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Table 6-14 Assessment and validation statistics for various forecast models based on
multiple linear regression (LAD) of PCA. Values in parentheses in the
second rows are for the validation phase, Blue Nile River flows

LEAD SEASON P R R? ADJ-R?*| ADIJ-RMSE| RMSE| MAE/| BIAS
MAMI(0) 0.87 0.76 0.75 0.53 051 0.38 -0.04
0.64 (0.86)| (0.74)| (0.73) (0.55) (0.53) | (0.40)| (-0.04)
NDIJF (0) 0.85 0.71 0.71 0.58 0.55 0.40 -0.05
0.62 084 ©0.71)| (0.70) (0.58) 0.55)| (0.41)| (-0.04)
JASO (-1) 084 | 0.70 0.69 0.59 057 | 043 -0.09
0.60 (0.81)| (0.66)| (0.65) (0.63) (0.61)| (0.48)| (-0.09)
MAMIJ (-1) 084 | 0.70 0.69 0.60 056 | 041 | -0.07
0.61 081 (0.66)| (0.64) (0.63) 0.60) | (0.45)| (-0.07)
NDJF (-2) 086| 0.74 0.73 0.57 055 | 042| -0.10
0.59 0.85) (0.73)| (0.72) (0.58) 0.55)| (0.44)| (-0.10)
JASO (-3) 0.82 0.67 0.66 0.63 0.60 0.46 -0.10
0.57 ©.81) (0.66)| (0.65) (0.63) (0.60) | (0.46)| (-0.10)

Here, the predictability of the predictors used in Egs. 6-3 and 6-5, was tested
using split sample validation technique. Table 6-15 shows the performance measures for
the MLR-OLS and MLR-LAD using the three predictors in Egs. 6-3 and 6-5 for the Nile
River at Aswan and Blue Nile River flows, respectively, at 11 months lead season. The
difference between the performance skills computed in Table 6-15 and those of Tables 6-
6 and 6-12 is that in Table 6-15 validated by the split sample technique. For further
analysis, the partition of the data was carried out in the same way as in the ANN models.
Two scenarios were used for validation: 1) 1973-1989 with a calibration period of 1953-
1972 2) 1978-1989 with a calibration period of 1953-1977. As shown from the Table 6-
18 the MLR-LAD and MLR-OLS have very similar R?; however, the MLR-LAD

outperformed the latter in all other performance skill measures. It is worth noting that the
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MLR-LAD and MLR-OLS are comparable when using the drop-one jackknifing
validation technique compared to the split sample technique. Figures 6-8 and 6-9 show
the predicted and the observed river flows using the split sample validation technique.
The models track the flow fluctuation reasonably well during the calibration period as
well as during the validation period. This indicates that these predictors are stable using
different validation techniques (split sampling, drop-one jackknife) and different

modeling procedures (MLR, ANN) and stable under various calibration periods.

Table 6-15 Performance of different models on validation data sets for the
Nile River flows at Aswan and the Blue Nile River flows using the
stable predictors (7, 11, 17 and 4, 7, 12, respectively) based on
MLR-LAD and MLR-OLS at ASON (-1) lead season

MODEL TYPE AND LOCATION R* RMSE MAE BIAS
MLR-OLS for Aswan 1973-1989 0.80 0.68 0.55 -0.26
MLR-LAD for Aswan 1973-1989 0.83 0.54 045 -0.12
MLR-OLS for Aswan 1978-1989 0.81 0.77 0.65 -0.48
MLR-LAD for Aswan 1978-1989 0.80 0.59 0.51 -0.23
MLR-OLS for Blue Nile 1973-1989 0.74 0.64 0.53 -0.28
MLR-LAD for Blue Nile  1973-1989 0.74 0.58 0.49 -0.17
MLR-OLS for Blue Nile  1978-1989 0.79 0.67 0.56 -0.43
MLR-LAD for Blue Nile 1978-1989 0.80 0.57 0.47 -0.28
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6.6 Relationship between Indian Summer Monsoon and Nile River Flood Season
6.6.1 Indian Summer Monsoon, Nile River Flows and 75° E Ridge

For the long-range forecasting of the quality of the big rains in Ethiopia or
summer rainfall in other parts of eastern Africa, the connection with India provides an
interesting field of investigation, (Camberlin, 1997). Recent studies on prediction of
Indian monsoon rainfall (e.g. Mooley et al., 1986, Shulka and Mooley. 1987) conclude
that a very important parameter is the latitude position of the April 500-mb ridge axis
along longitude 75° E. For the period 1953-1989, the cross-correlation between the
Indian monsoon (June through September) rainfall and the Nile River flows (JASO) are,
0.70, 0.67, 0.57 and 0.15 for the Blue Nile River, the Nile River at Aswan, the Atbara
River and the Sobat River, respectively. Due to this strong relationship between the Nile
basin hydrology and the Indian monsoon, the April position of the 500-mb ridge at
longitude 75° E was tested as a potential predictor for the Nile River flow. Shulka and
Mooley (1987) described the ridge as a measure of the progression of a seasonal cycle of
mid tropospheric circulation. 500-mb ridge at longitude 75° E was considered as one of
the most important predictors for the Indian monsoon. This may confirm the previously
stated relationship between the Indian rainfall and the Nile River flows.

The data for the Indian rainfall and the ridge are taken from Parthasarathy et. al.,
(1994) and Shulka and Mooley, (1987), respectively. Since the Blue Nile River is the
largest contributor to the Nile River flows and has the highest correlation with the Indian
precipitation it was used here. However, the ridge was not included as a predictor in
forecasting models developed previously, mainly because of the limited length of record

(only up to 1984). However, in this section the full available record (1939-1984) was
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used. The sliding window procedure defined previously to identify the stability and the
consistency of the predictors was also used here. The sliding windows (21-, 25-, 31-, and
35-year) correlation coefficient show stable and consistent relationship between the ridge
and the Blue Nile River flow. Average correlation coefficients of 0.60 for each of the
four sliding windows were obtained, similar to the total record (1939-1984) correlation
(0.60). As indicated byby Shulka and Mooley (1987), the only limitation to this
predictor is the subjectivity involved in determining the location of the 500-mb ridge
along longitude 75°E. This may impose limitations on its reliability. Figure 6-10 shows
how the time series of the ridge follows the fluctuations of the Blue Nile River flows.
This indicates that even a regional variable of the Indian rainfall could be used as a
potential predictor for the Blue Nile River flows. This relationship between the Blue Nile
River basin and the Indian precipitation east of the basin and the Guinea precipitation

west of the basin may be further evaluated in future studies.

1.50 Blue Nile River flows

----- Ridge
— — — Indian Monsoon

o
¥
(=

8

Series Indices

0.60
1939 1943 1947 1951 1955 1959 1963 1967 1971 1975 1979 1983

Fig. 6-10 Comparison between the Blue Nile River flows, Indian monsoon and the

500-mb ridge over the 75° E for the period 1939-1984,

all series are fraction of their long tcrm average
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6.6.2 Tendency Analysis

In this study tendency denotes time series of normalized seasonal Darwin pressure
difference from northern winter to spring (MAM-DIJF). The purpose here is to re-
examine the relationship between the southern oscillation (SO) and the Nile River using
Darwin pressures for the period 1913-89. The Darwin pressure is examined because its
long-term record is considered to be more reliable and homogeneous than that of others
(Trenberth, 1976). Although the SOI is considered to be a better index of the SO (Chen,
1982), the Tahiti record before 1935 is less reliable, however, the extended record of
Tahiti and the SOI computed will be used for comparison. The tendency analysis
presented here follows Shukla and Paolino (1983) analysis for the Indian summer
monsoon. The idea was to show that similar driving forces for Indian precipitation may
have similar impact on the Nile River flows.

Figure 6-11 shows the data for the Blue Nile River and Darwin pressure
anomalies (December-February, DJF, March-May, MAM) for the period 1913-89. For
normalization, the anomalies are divided by the standard deviation. During the period
1913-1989, there were 12 major flood years, defined as years of normalized streamflow
departure larger than one standard deviation [1916, 1917, 1929, 1935, 1938, 1946, 1954,
1958, 1961, 1964, 1975, and 1988] and 11 major drought years, with less than one
standard deviation [1913, 1915, 1918, 1940, 1972, 1979, 1982, 1983, 1984, 1986, and
1987]. The former group of years will be referred to as the high flow years and the latter
as the dry flow years. Single and double underlined years classified as La Niiia and EL

Nifio years, respectively.
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Fig. 6-11 Standardized Blue Nile River flow (JASO) and standardized
Darwin pressure for December to February (DJF) and
March to May (MAM), 1913-189

The normalized seasonal mean Darwin pressure anomalies averaged for the high
flow years, and the dry flow years, are shown in Fig. 6-12. The central part (July-
October, JASO) of Fig. 6-12 denotes the Blue Nile River flood period. One of the
remarkable features of this figure is the simultaneous occurrence of high (low) Darwin
pressure anomaly with low (high) Blue Nile River flow and the persistence of this
pressure anomaly after the flood period. This association of pressure anomaly and the
flood period, however, is not useful for the long-range forecasting of the Nile River flow,
but still has forecasting potential. For the purpose of predicting the streamflow, the most
useful antecedent parameter appears to be the tendency of the Darwin pressure anomaly
before the flood period (July-October). The Darwin pressure anomaly decreases from

DJF to MAM before the occurrence of high flows, and increases before the occurrence of
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low flows (dry). The Darwin pressure tendency is defined as the MAM minus DJF
pressure anomaly, which has a potential to predict the Blue Nile River flow during the
flood season (July-October).

Figure 6-13 shows a scatter diagram between the normalized Darwin pressure
tendency and the normalized Blue Nile River flow. Most of the severe drought years are
in the lower right quadrant, and most of the high flow years are in the upper left quadrant
of the scatter diagram. During the 77-year period examined in this study, there was only
one occasion when the negative Darwin pressure tendency was followed by a normalized
streamflow of less than —1.0 (1983). The near absence of points in the lower left corner
of this scatter diagram suggests that a negative Darwin pressure tendency should be a
very useful predictor for the non-occurrence of drought in the Blue Nile River. This is
justified by the steep slope of the tendency line (Fig. 6-12a) before the dry period and a
relatively mild slope preceding the wet years. Tables 6-12b and 6-12c¢, for the Tahiti and
SOI show similar pattern as that of the Darwin.

Fraedrich and Muller (1992) have identified 17 El Nifio years during the 77-year
period examined in this study, and these years have been denoted by the rectangles in
Fig. 6-13. For only 4 of the 17 El Niiio events, the normalized streamflow is less than —
1.0, and for 12 of the 17 events the normalized streamflow has a negative sign. During
this 77-year period, there were 11 instances of normalized streamflow being less than —
1.0, and 7 of these 11 cases were not associated with EL Nifio. Quin et al. (1978)
classified the EL Niifio years by intensity (Table 6-16) and updated by Gray and Shaeaffer

(1991).
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Fig. 6-12 Composite anomalies and the Blue Nile River flows
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Fig 6-13 Scatter diagram between the normalized Darwin pressure trends (MAM-DIJF) and normalized
Blue Nile flows. The numbers denote the year (minus 1900). The El Nito and La Nita years
are shown by a double underline in a box and single underline, respectively



Table 6-16 EL Niiio years since 1900 by intensity as determined by
Quinn et al. (1978) and updated by Gray and Shaeaffer (1991)

STRONG MODERATE WEAK VERY WEAK
1983 1987 1969 1975
1982 1986 1951 1963
1972 1976 1943 1948
1957 1965 1932 1946
1941 1953 1923
1925 1939 1917
1918 1929
1911 1914

1905
1902

Fraedrich and Muller (1992) have identified 15 La Nifia years during the 77-year
period examined in this study, and these years have been denoted by a single underline in
Fig. 6-13. For 6 of the 15 La Nifia events, the normalized streamflow is greater than 1.0,
and for 10 of the 15 events the normalized streamflow has a positive sign. During the 77-
year period examined in this study, there were 12 instances of the normalized streamflow
being greater than 1.0 and 6 of these 12 cases were not associated with La Nifia. It is
worth mentioning that there is no El Nifio event associated with a streamflow greater than
1.0 and no single La Nifia event associated with a streamflow less than —1.0. It is also
worth noting that 13 of the 17 El Nifio years are associated with the positive tendency in
the DJF to MAM pressure, while only 4 El Niiio years are associated with the negative
tendency. On the other hand, 11 of the 15 La Niiia years are associated with the negative
tendency, while only 4 are associated with the positive tendency. The relationship

between the normalized Darwin pressure tendency and the Blue Nile River flows has the
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potential to predict ENSO as well. Thus, the similarity between analysis presented for
the Blue Nile River flows and that presented by Shukla and Paolino (1983) for the Indian

summer monsoon indicates the strength of the relationship between these two regions.

6.7 Relationship between Indian Precipitation, Guinea precipitation, Pacific SST

and the Nile River Flows

The Nile River flows during the flood season (July to October) are strongly
correlated with the Indian summer monsoon (June to September) in the same year. The
Indian summer monsoon for the period 1953-1989 is associated with the Nile River flows
at Aswan, the Blue Nile river flows, the Atbara river flows and the Sobat River flows
with a linear correlation coefficient of 0.67, 0.70, 0.57 and 0.15, respectively. These four
Nile River tributaries have correlation with the previous year’s (August to November)
precipitation over Guinea (Western Africa) of, 0.63, 0.61, 0.26 and 0.29, respectively.
Indian summer monsoon precipitation has a correlation of 0.37 with the previous year’s
Guinea precipitation. The linear associations between the three regions suggest the
interconnection between their climatic driving forces.

In this section the predictability of the Nile River flows using the Indian
precipitation, Guinea precipitation, and the Pacific Ocean SSTs is tested. A neural
network is used to test the prediction skill of these predictors. For comparison MLR
models were also developed. October of year (-3) for the Indian precipitation has a
relatively consistent correlation with the JASO season of the Nile River flows. October
(-3) Indian precipitation, the ASON (-1) Guinea precipitation and predictor number 4 (in

the Pacific Ocean) from the Blue Nile River flows stable predictors (Table 6-2) are used
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as predictors for the Nile River flows. The Blue Nile River flows and the Nile River
flows at Aswan are used as predictands.

A three layer neural network with three inputs, two hidden nodes of a single
hidden layer, and one output node was developed to predict the Blue Nile River flows
and the Nile River flows at Aswan. The data was partitioned into three subsets: 1) 1953-
1972 for training, 2) 1973-1977 for evaluation, and 3) 1978-1989 for validation. For
comparison the MLR-OLS and MLR-LAD models were developed. Equations 6-6 and
6-7 were formulated for the calibration period 1953-1972. Table 6-17 summarizes the
performance skill measures for the ANN and MLR models. It is clear that the ANN
outperformed the MLR-LAD and MLR-OLS. This indicates the nonlinear relationship
between the predictors and the predictands. MLR-LAD outperforms MLR-OLS in three
performance measures (RMSE, MAE, and BIAS) with marginal difference in the fourth
measure (R). Figure 6-14 shows the performance of the models during the training, the

evaluation and the validation stage. The forecasted flows track the observed flows during

o " =0.15-0.17 Pacific o +0.281ndian,, +0.32Guinea, [6-6]
" =0.13-0.29 Pacific s, +0.24Indian, +0.43Guinea,, [6-7]
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Table 6-17 Models performance skills for the validation period (1978-1989) for
the Nile River at Aswan and Blue Nile River

LOCATION, MODEL TYPE R R’ RMSE MAE BIAS
Nile river at Aswan (NN) 0.94 0.89 0.56 048 -0.37
Blue Nile river (NN) 0.96 0.92 0.56 047 -0.44
Nile river at Aswan (MLR-OLS) 0.93 0.86 0.85 0.76 -0.54
Blue Nile river (MLR-OLS) 0.88 0.78 0.74 0.66 -0.48
Nile river at Aswan (MLR-LAD) 091 0.82 0.75 0.65 -0.38
Blue Nile river (MLR-LAD) 0.87 0.77 0.63 0.51 -0.32
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7. MULTISITE ANALYSIS

7.1 Canonical Correlation Analysis
7.1.1 General Description

This part of the research analyzes the Nile River flows using canonical correlation
analysis (CCA), with the purpose of improving the forecast performance. Canonical
correlation Analysis (CCA) is a multivariate statistical methodology to determine linear
combinations of two data sets (the predictor data and the predictand data set), i.e.
multicomponent predictors are linearly related to multicomponent predictands such that
the sum of the squared errors is minimized. The technique is a generalization of the
multiple regression analysis that allows one field to be regressed on another field and
depicts the major patterns of covariance between the fields analyzed (Graham et al.,
1987b). The CCA technique is considered as an extension of multivariate regression and
correlation analysis, and closely related to MLR and PCA. However, CCA differs from
MLR in that CCA allows multiple dependent variables; MLR allows multiple
independent variables but only a single dependent variable. Barnett and Preisendorfer
(1987) characterized CCA to be at the top of the regression modeling hierarchy.

The goal of CCA is to calculate two new paired sets of variables, Z and W, that

are linear combinations of X (predictors) and Y (predictands). Corresponding Z’s and
W’s have the largest correlation possible and the Z’s are orthogonal as are the W’s. The

square of the canonical correlations is often called the eigenvalues. The predictor and the
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predictand data sets are first standardized to ensure that all the variables have equal
opportunity to participate in the prediction process, regardless of their original variance.
The predictands considered are the July to October flows for the Sobat River, the Blue
Nile River, the Atbara River, and the Nile River at Aswan. The predictors were selected
from a pool of stable predictors shown in Tables 6-1, 6-2, 6-3, and 6-4, at the four
locations, respectively. The predictors were selected for each flow location to produce
the maximum R? using MLR and to be serially uncorrelated. Also each of the predictors
is not significantly correlated with its peers at that particular location.

To control for artificial skill produced by the overfitting of random data
variability in the relatively short period of record, cross-validation (Michaelsen, 1987) is
used in evaluating forecast skill. Further details about the forecast skill measures are
presented in section 4.7. The drop-one Jackknifing procedure was used: that is each of
the 37 years is held out in turn, and CCA is used to develop a prediction model from the
remaining 36 years. The predictor data for the withheld year are then projected onto the
prediction CCA loading pattern, and predictand values are generated and verified against
observed data for the withheld year. For comparison, performance skills of the multiple
linear regression (MLR) and principal component regression (PCR) models using both
ordinary least squared (OLS) and least absolute difference (LAD) techniques were
developed. The lead time, or amount of time between the end of the latest predictor
season and the end of the 4-month predictand season, is varied from 4 to 32 months. The
prediction skill results are evaluated by the performance measures presented in section
4.7. In addition, links with other large scale oceanic and atmospheric processes leading

to the skillful forecasts is sought by examining the leading canonical component time
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series (CCTS) predictor mode and the sea surface temperature (SST). Correlation maps
between the SST and the leading canonical component time series were presented to
identify the locations of the oceanic forces that contribute to the Nile River flows
predictability. Furthermore, similar to empirical orthogonal function (EOF) pattemns, in
the CCA the canonical loading patterns of the predictors were obtained. When the
loading patterns are normalized, the relative importance of each of the predictor data
fields can be determined.
7.1.2 Forecasting River Flows at Lead Season MAMJ (0), 4 Months

At this lead season the predictors were selected from a pool of stable predictors
presented earlier in Tables 6-1, 6-2, 6-3, and 6-4 for each of the four predictands (the
Sobat River, the Blue Nile River, the Atbara River and the Nile River at Aswan,
respectively). Predictors numbered 4, 7, 12, and 16 (Table 6-2) were selected for the
Blue Nile River, predictors 7, 11,17 and 23 (Table 6-4) were selected for the Nile River
flows at Aswan, predictors 11, 13, and 19 (Table 6-3) were selected for Atbara River
flows, and predictors 2, 7, and 11 (Table 6-1) were selected for the Sobat River.
However, due to the similarity between some of these predictors only nine predictors
were included in multivariate models (CCA). Eight of these predictors are listed in Table
7-3 and the ninth predictor is predictor number 16 of Table 6-2. Univariate MLR forecast
models and PCA models for the Nile River flows at Aswan and the Blue Nile River flows
were used as a control against which the skill of the multivariate model is assessed. The
first four principal components (PCs) were used to develop the principal component
regression models. The first four PCs explain about 68% of the variability of the

predictors and have significant regression coefficients with the Nile River flows at Aswan
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and the Blue Nile River flows. The performance skill measures of the principal
component regression models (PCR) and those for the MLR models are presented in
Table 7-1. In this case the PCR models were comparable with the MLR models, this may
be attributed to the lower degree of multicollinearity between the predictors. The CCA
model shows better performance over the MLR models and the PCR models for the Nile
River flows at Aswan and the Blue Nile River flows. The performance skills degraded in
the CCA model for the Atbara River and the Sobat River. However, the cross correlation
coefficients between the predicted flows of the four locations are preserved as shown in
Table 7-2.

The first CCTS predictor mode was significantly correlated with the river flows.
The correlation between the first and the second CCTS predictor mode and those of the
predictands are 0.95 (R*> = 0.82) and 0.85 (R* = 0.72), respectively. The correlation
between the first CCA predictor mode and the Blue Nile River flows and the Nile River
flows at Aswan were —0.92 (R> = 0.84) and —0.90 (R?=0.82), respectively. The leading
CCST predictor mode is shown in Fig. 7-3. The pattern is similar to that of the cross-
validated Blue Nile River flows and the Nile River flows at Aswan (not shown). Figure
7-1 shows the correlation maps between the first mode predictor time series and the SST
for the season JASO. The first CCA mode exhibits areas of importance at the three
oceans over mainly the Pacific Ocean, the southern Atlantic Ocean and the southern
Indian Ocean. The canonical component time series associated with the mode 1

predictors scenario, shown in Fig. 7-3, further confirms that ENSO is being described by
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Table 7.1 Performance skill of the univariate and multivariate

models at 4 months lead season

LOCATION METHOD R R? RMSE MAE BIAS
Nile River MLR-OLS 0.85 0.72 0.54 0.44 0.00
at Aswan MLR-LAD 0.83 0.68 0.58 0.49 -0.05
PCA-OLS 0.84 0.71 0.55 0.44 -0.03
PCA-LAD 0.85 0.72 0.54 0.44 -0.03
CCA 0.91 0.82 0.42 0.33 0.00
Blue Nile MLR-OLS 0.89 0.79 047 0.36 0.00
River MLR-LAD 0.90 0.80 0.46 0.36 -0.05
PCA-OLS 0.88 0.77 0.49 0.38 -0.04
PCA-LAD 0.87 0.76 0.50 0.39 -0.02
CCA 091 0.33 0.40 0.30 0.00
Atbara MLR-OLS 0.81 0.66 0.59 0.43 0.00
River MLR-LAD 0.83 0.69 0.55 0.42 -0.02
PCA-OLS 0.83 0.68 0.57 0.43 -0.02
PCA-LAD 0.83 0.69 0.55 0.43 -0.04
CCA 0.78 0.61 0.62 0.51 0.00
Sobat MLR-OLS 0.73 0.53 0.69 0.55 -0.01
.River MLR-LAD 0.67 0.45 0.75 0.63 0.05
PCA-OLS 0.78 0.60 0.62 0.45 0.08
PCA-LAD 0.81 0.66 0.59 0.43 0.09
CCA 0.79 0.62 0.61 0.52 0.00

this mode. The “W” and “C” symbols denote warm and cold ENSO years as identified

by Fraedrich and Muller (1992). Furthermore, the correlation between the southern

oscillation index (defined as the difference between the standardized sea level pressure at
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Tahiti and Darwin) for JASO season and the first CCST predictor mode was —0.56 and
had no correlation with the second CCTS mode. In addition, the second CCST predictor
mode exhibits very weak correlations with the SST (Fig. 7-2) and does not exhibit any
ENSO-like features. As previously indicated the Pacific Ocean plays an important role in
the Nile River flows predictability. The positive center over the equatorial Pacific is
consistent with these findings. To investigate the relative importance of the predictors,
the canonical loading patterns of the predictors are normalized. The first normalized
canonical loading pattern associated mainly with predictor number 8 (i.e. the Guinea
precipitation), then predictors 3 and 4 of Table 7-3. It is worth noting that, these three
predictors represent the Western African region, the Pacific Ocean and the Atlantic
Ocean. The latter predictor in its north-south gradient resembles the North Atlantic
Oscillation. For this lead season most of the predictability of the region provided by the
equatorial Pacific Ocean.
Table 7-2 Correlation matrix of Nile River flows at four locations observed

(upper right section) and CCA forecasted (lower left section),
MAMJ (0), 4-month lead season

BLUE NILE NILE RIVER AT ATBARA SOBAT
RIVER (ASWAN) RIVER RIVER
Blue Nile River 1.00 0.96 0.54 0.25
Nile River at Aswan 0.99 1.00 0.59 0.22
Atbara River 0.61 0.64 1.00 <0.12
Sobat River 0.34 0.37 0.00 1.00
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7.1.3 Forecasting River Flows at Lead Season ASON (-1), 11 Months

The predictors were selected from a pool of stable predictors shown in Tables 6-1,
6-2, 6-3, and 6-4 for the four Nile River flows locations. Up to three predictors were
selected from each of the location flows using the same criteria mentioned previously.
The predictors numbered 4, 7, and 12 (Table 6-2) were selected for the Blue Nile River,
predictors numbers 7, 11, and 17 (Table 6-4) were selected for the Nile River flows at
Aswan, predictors numbers 11, 13, and 19 (Table 6-3) were selected for Atbara River
flows, and predictors numbers 2, 7, and 11 (Table 6-1) were selected for the Sobat River.
However, due to the similarity between some of these predictors only eight predictors
were included in the multivariate models (CCA) as listed in Table 7.3. Univariate MLR
forecast models and PCA models were developed as a control against which the skill of

the multivariate model is assessed. In this case the PCR model was developed using the
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second (PC;), third (PC3), and fifth principal component (PCs) as predictors and the MLR
using the original predictors defined above.

Table 7.3 Predictors locations used in the multivariate model

NO.| LEAD- | LOCAT| LATIT. LONG. LOCAT. | LATIT. LONG.
SEASON
1 | July (-3) | NAO1

(]

JASO (-3)| Pacific | 20°N—10°N | 130°E—170°E | Indian 35°S—40°S | 60°E>90° E

3 | NDJF (-2)| Pacific | 30° S—35°S | 90° W—»80° W | Pacific 50° N—>35°N| 160°W—140°W

4 | NDJF (-2)| Atlantic| 10°N—20°N | 30° W—>20° W | Atlantic | 40° N—30° N| 70°W—60°W

5 | NDJF (-2)| Atlantic| 40° N 30°W Atlantic 25°N 70° W

6 | JASO (-1)| Pacific | 20°N 130°W Pacific 40°S 140°E

7 | JASO (-1)| Pacific | 25°S—>35°S | 150°W—130°W| Indian 25°S—>35°S | 30°E—60° E

8 | ASON(-1)| Guinea

Table 7-4 lists the cross validation performance skills forecast measures for the
MLR and PCR models, for both the ordinary least square and the least absolute
difference (LAD) and the CCA models. The CCA predictions appear to have smaller
errors values and higher correlation coefficients than the corresponding values computed
from the MLR and PCR models. It is clear from Table 7-4 that the multivariate models
(CCA) outperform the univariate models in all the performance measures. The CCA
models explain the river flow variability with MAE less than 50% of the standard

deviation and zero BIAS values. However, the MLR and PCR models showed a
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marginal difference between their performance measures. The CCA forecasted flows and
the observed flows (not shown) show similar fluctuation behaviors. Forecasts for most of

Table 7-4 Performance skill of the univariate and multivariate
models at 11 months lead season

LOCATION METHOD R R’ RMSE MAE BIAS
Nile River MLR-OLS 0.83 0.69 0.56 0.43 0.00
at Aswan MLR-LAD 0.84 0.70 0.57 0.46 -0.07
PCA-OLS 0.82 0.67 0.58 0.48 -0.03
PCA-LAD 0.82 0.67 0.59 0.50 -0.04
CcCcA 0.87 0.77 0.48 0.39 0.00
Blue Nile MLR-OLS 0.84 0.70 0.56 0.43 0.01
River MLR-LAD 0.85 0.72 0.55 0.44 -0.07
PCA-OLS 0.83 0.69 0.58 0.46 -0.03
PCA-LAD 0.84 0.71 0.56 0.46 -0.02
CCA 0.89 0.78 0.46 0.35 0.00
Atbara MLR-OLS 0.76 0.58 0.65 0.53 0.00
River MLR-LAD 0.77 0.60 0.63 0.50 -0.04
PCA-OLS 0.76 0.57 0.66 0.48 -0.03
PCA-LAD 0.78 0.60 0.64 047 -0.04
CCA 0.84 0.71 0.53 0.42 0.00
Sobat MLR-OLS 0.75 0.56 0.66 0.52 -0.01
River MLR-LAD 0.72 0.52 0.70 0.60 0.07
PCA-OLS 0.80 0.64 0.59 0.49 -0.03
PCA-LAD 0.82 0.67 0.58 0.43 0.06
CCA 0.86 0.74 0.50 0.42 0.00
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the years are close to the obrved flow, in the case of Aswan flows, the forecasts for 1964
was overestimated and that of 1955 was underestimated, while the Blue Nile River flows
forecasts show reasonable forecast for 1964 flows and underestimated the 1955 flows. In
addition, Table 7-5 shows that the cross correlation coefficients for the predicted flows
between the four locations are reserved.

The correlation between the first and the second CCA mode of the predictors and
the predictands are 0.92 (R = 0.84) and 0.87 (R = 0.75), respectively. The correlation
between the first CCA predictor mode and the Blue Nile River flows and the Nile River
flows at Aswan are 0.78 (R?=0.61) and 0.76 (R = 0.58), respectively. Thus, the leading
canonical mode explains a high proportion of the variability of the Blue Nile River flows
and the Nile River flows at Aswan. Time series of the first canonical variate of the
predictors and the river flows (not shown) reveals similar fluctuations for both series.
This indicates that the first canonical variate carries the most predictive information for

the Nile River flows.

Table 7-5 Correlation matrix of Nile River flows at four locations observed
(upper right section) and CCA forecasted (lower left section),
ASON (-1), 11-month lead season

BLUE NILE NILE RIVER AT ATBARA SOBAT
RIVER (ASWAN) RIVER RIVER
-
Blue Nile River 1.00 0.96 0.54 0.25
)
Nile River at Aswan 0.99 1.00 0.59 0.22
Atbara River 0.56 0.61 1.00 0.12
2 -0.12
Sobat River 0.31 0.32 0.12 1.00
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Figure 7-4 shows the correlation maps between the first CCTS predictor mode
and the SST for the JASO season. Areas of significance are found over the Pacific
Ocean, the southern Atlantic and the southern Indian Ocean. However, the correlation
regions for the southern Atlantic Ocean and the southern Indian Ocean have smaller
association regions compared to those of the Pacific Ocean. The southern Indian Ocean
shows stronger association in comparison with the southern Atlantic Ocean. Figure 7-4
exhibits an ENSO-like region in the Pacific Ocean. The canonical component time series
associated with the mode 1 predictors scenario, shown in Fig. 7-6, further confirms that
ENSO is being described by this mode. However, the warm and cold years were not well
defined as is the case in the previous lead season forecasts. Furthermore, the correlation
between the southern oscillation index (defined as standardized sea level pressure at
Tahiti and Darwin) for the JASO season and the first CCA mode was 0.48 and the
correlation with the second CCTS mode was very weak. Figure 7-5 further indicates a
weaker association between the second CCTS mode and the SSTs. However, the
correlation may exhibit a spatial ENSO-like region. In addition, relatively strongly
association was found in the North Atlantic Ocean.

As previously indicated the Pacific Ocean plays an important role in the Nile
River flows predictability. The negative center over the equatorial Pacific is consistent
with the ENSO regions. To define the importance of each of the predictors in the
forecasting skill, the first normalized canonical loading pattern was computed. It was
found that the first normalized canonical loading pattern computed was associated mainly
with predictor number 8 (the Guinea precipitation), then predictors numbers 6, 4, and 3

(Table 7-3). It is particularly noteworthy that the four predictors are from the Western
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African region, the Pacific Ocean, and the Atlantic Ocean. As stated earlier in this study
and in other research findings (e.g. Eltahir 1996, Awadalla, 2000, and Seleshi (1991)),
these three regions influence the Nile hydrology. Both the Western African precipitation

and the Atlantic Ocean contribute moisture to the Nile basin.

aQrm mo 9 redictors
r SR 2N Tredlctol

Correiation: &f . T CJ

DOries

-0o8

. . A a . »
Lo -~ - 5 186
- — — - B o2 oo LRI

MO0 ~08—84~00: 18

GeaADS: COR.ANGES

Fig. 7-4 Correlation map between the canonical component predictor time series for
mode 1 for the prediction of ASON (-1) and the SST for JASO season

obal SST (JASO) an
..rl. for ASON (—1

Correlation: Gi
tirme

208
308

aon

CraD®: COLA/SIOES 2001 =00~ R4—00187

Fig. 7-5 Correlation map between the canonical component predictor time series for
mode 2 for the prediction of ASON (-1) and the SST for JASO season

140

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



0.50

0.30 - W o;
TSN |
g-onow W \/ \/c N

-0.30 W w W

W

-0.50
1953 1958 1963 1968 1973 1978 1983 1988

Fig. 7-6 The canonical component predictor time series for
mode 1 for the prediction of ASON (-1). Symbols along
the curve denote warm and cold ENSO events

7.1.4 Forecasting River Flows at Lead Season NDJF (-2), 32 Months

Here the potential of predictability at a longer forecasting lead time (over two
years in advance) was considered. The predictors were selected from a pool of stable
predictors shown in Tables 6-1, 6-2, 6-3, and 6-4, at the four locations. Predictors were
selected from each of the location flows using the selection criteria mentioned earlier.
The predictors numbered 1, 2, and 7 (Table 6-2) were selected for the Blue Nile River,
predictors numbers 7, 10, and 11 (Table 6-4) were selected for the Nile River flows at
Aswan, predictors numbers 8, 12, and 14 (Table 6-3) were selected for Atbara River
flows, and predictors numbers 1 and 7 (Table 6-1) were selected for the Sobat River.
Table 7-6 lists the predictors used in the multivariate CCA models. As indicated earlier,
univariate MLR and PCR forecast models were developed as well, and their performance

measures were listed as a control against which the skill of the multivariate model is
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assessed. The PCR models were developed using first (PC;) and the fourth principal
component (PC,) as independent variables.

Table 7-7 lists the performance measures of the models. The performance of the
CCA appears to be better than that of the MLR and PCR models. It is clear that the PCR
models outperformed the MLR models. These results, therefore, seem to be important in
forecasting of the Nile River flows at this very long lead time. This also indicates the
stability of these predictors and their connection with large scale phenomena such as the
ENSO and the NAO. In addition, the cross correlation between the forecasted flows
shown in Table 7-8 reasonably agrees with the observed cross correlation coefficients.
The correlation between the first and the second CCTS mode of the predictors are 0.92
(R® = 0.85) and 0.82 (R? = 0.67), respectively. The correlation between the first CCTS
predictor mode and the Blue Nile River flows and the Nile River flows at Aswan are —
0.85 (R* = 0.72) and -0.84 (R*> = 0.70), respectively. Thus, the first CCTS predictor
mode offers a lot of information about the variability of the Nile River flows and has a
strong contribution to the forecast skill.

Figure 7-7 shows the correlation maps between the first mode predictors time
series and the SST for the season JASO. The first CCTS predictor mode exhibits areas of
importance at the three oceans over mainly the Pacific Ocean and with lesser magnitude
over the southern Atlantic Ocean. Surprisingly, the nearby Indian Ocean shows weak
correlations at this long lead time. The canonical component time series associated with
the mode 1 predictors scenario, shown in Fig. 7-9, further confirms that ENSO is being
described by this mode. The “W” and “C” symbols denote warm and cold ENSO years

as identified by Fraedrich and Muller (1992). Furthermore, the correlation between the
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southern oscillation index (defined as standardized sea level pressure at Tahiti and
Darwin) for JASO season and the first CCA mode was -0.45 and had no correlation with
the second CCTS predictor mode. Figure 7-8 indicates a weaker association between the
SSTs and the second CCTS predictor mode and does not exhibit any ENSO-like features.
As previously indicated the Pacific Ocean plays an important role in the Nile River
ﬂows’ predictability. The positive center over the equatorial Pacific (Fig. 7-7) is
consistent with the ENSO regions. The importance of the predictors from the first CCTS
predictor mode using the first normalized canonical loading pattern associated mainly
with predictors number 4, 7, 2 and 3 of Table 7-6. As for the previous lead seasons, the
predictors were found to represent the Pacific Ocean, the Atlantic and the northern
Australian region.

Table 7.6 Predictors locations used in the multivariate model at
NDJF (-2) lead season

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

NO. | LEAD- LOCAT LATIT. LONG. LOCAT | LATIT. LONG.
SEASON
1 | NDJF(-2) Indian 20°N—15°N 50°E-60°E Pacific 40° N—>30°N 160° W 140° W
2 | NDJF(-2) Pacific 30°S—»35°S 90° W—80° W Pacific | 45°N—35°N 160° W 140° W
3 | February (-3) | Jakarta
4 | MAMJ (-3) Atlantic 08°S—12°S 00° -05°E Pacific | 20°S—>30°S [70° W 145° W
5 | NDIJF(-2) Atlantic 20°N—>10°N | 30°W-20°W Atlantic | 40° N—30°N 70° W-60° W
6 | JASO(-3) Pacific 20°N—-10°N | I30°E->I170°W
7 { January (-2) Ponta Delgada
8 | April (-3) Ponta Delgada
9 | NDJF(-2) Atlantic 40°N 30°wW Atlantic | 25°N 70° W
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Table 7-7 Performance skill of the univariate and multivariate
models at 32 months lead season

LOCATION METHOD R R’ RMSE MAE BIAS
Nile River MLR-OLS 0.74 0.55 0.69 0.54 -0.01
at Aswan MLR-LAD 0.78 061 0.64 0.48 -0.07
PCA-OLS 0.83 0.69 0.56 0.42 0.02
PCA-LAD 0.84 0.70 0.56 0.43 0.00
CCA 0.87 0.75 0.49 0.38 0.00
Blue Nile MLR-OLS 0.71 0.50 0.73 0.58 0.01
River MLR-LAD 0.75 0.56 0.69 0.52 -0.05
PCA-OLS 0.84 0.70 0.56 0.44 0.00
PCA-LAD 0.84 0.71 0.56 0.43 0.01
CCA 0.88 0.78 0.47 0.38 0.00
Atbara MLR-OLS 0.76 0.57 0.66 0.51 0.0l
River MLR-LAD 0.77 0.60 0.63 0.48 0.00
PCA-OLS 0.77 0.59 0.64 0.52 0.00
PCA-LAD 0.77 0.60 0.64 0.50 0.03
CCA 0.85 0.72 0.52 0.42 0.00
Sobat MLR-OLS 0.58 0.34 0.81 0.65 0.01
River MLR-LAD 0.61 0.37 0.78 0.63 0.02
PCA-OLS 0.57 0.33 0.82 0.65 0.00
PCA-LAD 0.53 0.28 0.87 0.71 0.02
CCA 0.71 0.50 0.70 0.54 0.00
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Table 7-8 Correlation matrix of Nile River flows at four locations observed
(upper right section) and CCA forecasted (lower left section),
NDJF (-2), 32-month lead season

BLUE NILE NILE RIVER AT ATBARA SOBAT

RIVER (ASWAN) RIVER RIVER
Blue Nile River 1.00 0.96 0.54 0.25
Nile River at A 0.99 1.00 0.59 0.22
Atbara River 0.73 0.77 1.00 -0.12
Sobat River 0.14 0.19 0.00 1.00
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Fig. 7-7 Correlation map between the canonical component predictor time series for
mode 1 for the prediction of NDJF (-2) and the SST for season JASO
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7.1.5 Remarks

The CCA models developed show useful predictive skills for the Nile River’s
flows. Using the multivariate statistical technique of CCA, reliable prediction skills for
the Nile River flows were found for a lead time of up to 32 months. The MLR and the
PCR show comparative performance in the first two lead seasons (MAMJ (0) and ASON
(-1)) however, the PCR models outperformed the MLR in the longer lead season, NDJF
(-2). The improvement of the PCR models over the MLR models depends on the degree
of interdependence between the original variables. The CCA models performed
comparatively better than the PCR and MLR models probably because the CCA
technique can extract the dominant modes of co-variability between the predictor and the
predictand data.

The correlation maps of the SST and the first canonical component time series of
the predictor mode exhibit features that are associated with ENSO for the 3 lead seasons.
However, the areas of correlation get smaller as the lead time increases. Higher—order
modes were not clearly related to physical mechanisms such as ENSO and probably were
not contributing significantly to the predictability of the Nile River flows. However, at
lead season ASON (-1) the second CCTS predictor mode exhibits an ENSO-like
correlation region but with smaller correlation magnitudes. The Indian Ocean becomes
less important with increasing lead-time within the predictor field, and the significant
region is restricted mainly to the southern Indian Ocean. The Atlantic Ocean behaves
similarly to the Indian Ocean. However, the Pacific Ocean maintains relatively strong
association with the first mode, but with reduced correlation areas. This is also

confirmed with the reduction of the correlation coefficients of the first predictor mode
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and the SOIL. This is in agreement with the previous findings presented in this research
that the Pacific Ocean seems to carry a significant climatological signal (over all lead

seasons) that can influence the predictability of the Nile River flows.

7.2 Artificial Neural Networks

As a continuation of the previous analysis, nonlinearity in a multivariate approach
was considered, with the hope that by examining nonlinear models possible
improvements in forecasting performance skills would be attained. During this part of
the research, an attempt was made to explore the potential of using ANN techniques for
long-range forecasts of the Nile River flows. Recently, this technique has drawn
considerable attention as it can handle complex and nonlinear problems better than
conventional statistical techniques and has been successfully applied to a variety of
problems. Awadalla and Rosseille (1999) used ANN and transfer function models
successfully to predict the Nile River flows. They concluded that both the transfer

function model and the ANN have comparable performances.

In this part of the study two scenarios of ANN models have been developed.
Model I was developed for the Nile River flows at Aswan and Blue Nile River flows
using their respective predictors that were discussed earlier. Model II uses three
predictors (the Blue Nile River predictors in Eq. 6-5) as input and the combined Blue
Nile River and the Nile River flows at Aswan as predictands. By combining the
predictors for the four locations and using the combined Blue Nile River and the Nile
River flows at Aswan as predictands model III was developed. The predictors from the

four locations were selected from Tables 6-1 through 6-4 as follows: predictors number 2,
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7, and 11 for the Sobat River; predictors number 4, 7, 12, for the Blue Nile River;
predictors number 11, 13, and 19 for the Atbara River; and predictors number 7, 11, and
17 for the Nile River at Aswan. It is worth noting that in Model III the 12 combined
predictors were reduced to 8 predictors (Table 7-3) due to interdependence between the

predictors and similarity in some cases.

Figures 7-10 and 7-11 show the network configurations used for model II and III,
respectively. In case of model II, the data was partitioned into three periods: 1) period
1953-1972 was applied for training; 2) period 1973-1977 was applied for evaluation; and
3) period 1978-1989 was applied for validation. The evaluation period was used to
monitor the performance of the model during the training period for best generalization
(Chapter 4 and section 6-4). To meet the criteria (mentioned before) that the number of
parameters in the training data set should be greater than or equal to the number of
connections (weights and biases), the data for model III were partitioned differently. In
case of model III, the data was partitioned in three periods: 1) period 1953-1977 was
applied for training; 2) period 1978-1982 was applied for evaluation; and 3) period 1983-
1989 was applied for validation. Both networks were trained by the cascade correlation

technique with the Levenberg-Matgradt algorithm. One hidden layer with one neuron

Blue Nile River flows

Inputs

Nile River flows at Aswan

Fig. 7-10 Typical Configuration of a three layer neural network (Model II)
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Blue Nile
River flows

Inputs

Nile River
flows at Aswan

Fig. 7-11 Typical Configuration of a three layer neural network (Model III)

gave a reasonable performance of the forecasted flows. The tangent hyperbolic function
was used as the activation function in the hidden layer, and a linear activation was used

for the output layer.

To compare the performance of the ANN models with the MLR models a split
sample validation technique was used for both methods. The models were developed on
a subset of the data and then independently validated on different subset of the data that
was not used in the formation of the model. The data for the MLR models were
partitioned in the same way as for the ANN models. The MLR models were developed
on the first 20 years (1953-1972) and the first 25 years (1953-1977) and then validated on
the remaining data set. However, in the case of the ANN models a 5 years data set was
used for model evaluation (early stopping) but was not included in the validation.
Consequently, the models were compared for two validation periods: 1) the last 12 years
(1977-1989); and 2) the last 7 years (1983-1989). Table 7-9 shows the performance skill

measures for all the models at the various validation periods. The results of Model II
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outperform the MLR models. The MLR-LAD improved the performance forecasts skills
in three measures (RMSE, MAE, and BIAS) over the MLR-OLS, however, similar
results noticed in the fourth measure R%. Model LII improved the forecast skill measures
over MLR models and over model I. Generally, the results indicate that the multsite
models show improved forecasting measures compared to the single site and the MLR-

LAD compared to the MLR-OLS.

Table 7-9 Performance of different models on validation data sets for the Nile River
flows at Aswan and the Blue Nile River flows using the stable predictors
(7,11, 17 and 4, 7, 12, respectively) ASON (-1) lead season

MODEL TYPE AND LOCATION R’ RMSE MAE BIAS
MLR-OLS for Aswan 1978-1989 0.83 0.75 0.63 -0.46
MLR-LAD for Aswan 1978-1989 (0.83) (0.58) (0.51) (-0.25)
MLR-OLS for Aswan 1983-1989 0.88 0.77 0.63 -0.33
MLR-LAD for Aswan 1983-1989 (0.86) (0.60) (0.53) (-0.05)
MLR-OLS for Blue N. 1978-1989 0.78 0.68 0.57 -0.44
MLR-LAD for Blue N. 1978-1989 (0.78) (0.60) (0.50) (-0.32)
MLR-OLS for Blue N. 1983-1989 0.81 0.71 0.55 -0.33
MLR-LAD for Blue N. 1983-1989 (0.82) 0.62) (0.50) (-0.17)
ANN (Blue N) Model I 1978-1989 0.78 0.59 0.53 -0.20
ANN (Aswan) Model I 1978-1989 0.73 0.63 0.56 -0.10
ANN (Blue N) Model I 1978-1989 0.84 0.55 0.47 -0.25
ANN (Aswan) Model II  1978-1989 0.83 0.55 0.45 -0.19
ANN (Blue N) Model [Il 1983-1989 0.87 0.53 0.40 -0.19
ANN (Aswan) Model III  1983-1989 0.90 0.58 0.49 -0.35
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Figures 7-12 and 7-13 show the predicted and the observed flows for the training
period, the evaluation period, and the validation period for model II at the Blue Nile
River and the Nile River at Aswan, respectively. Figures 7-14 and 7-15 show the
predicted and the observed flows for the training period, the evaluation period, and the
validation period for model III for the Blue Nile River flows and the Nile River flows at
Aswan, respectively. The predicted flows pursue the observed flow fluctuations during

the training as well as during the validation period.
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8. DISCUSSION

Correlation analysis was used to establish the connection between the Nile River
flows and leading climatic indicators. Additionally, connections between historical large
scale variables, such as gridded seasonal SST data from the Oceans and the Nile River
flows were explored in an effort to establish a basis for quantitative hydrological flow
prediction. Sets of statistical models were developed to forecast the flows of the Nile
River and its tributaries for various lead seasons based on the large scale variables. such
as SST in the three oceans and the previous year Guinea precipitation in western Africa.
More predictors for the Nile River flood flows have been identified to use on a long-time
scale other than those previously used.

In this study, three types of models were developed to predict the July to October
flows of the Nile River. The first model is a multiple linear regression model (MLR) and
principal component regression (PCR) based on least squares technique (OLS) and least
absolute difference technique (LAD), the second is an artificial neural network model
(ANN), and the third is canonical correlation analysis (CCA) i.e. linear, nonlinear, and
linear, respectively. The models have been tested on a validation data set not used for the
parameter estimation. Two techniques for validation were used: the drop-one jackknife
and the split sample technique. Principal component analysis (PCA) was used to make
sure that any intercorrelation among the original variables was removed and to reduce

their dimensionality. The overall measures adopted for assessment of the accuracy of the
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forecasts were the coefficient of agreement (p), the correlation coefficient (R), R?
adjusted R?, the mean absolute difference (MAE), the root mean square error (RMSE),
the adjusted RMSE and the BIAS. The adjusted RMSE and MAE for all the models were
smaller than the standard deviation of the river flows, which is 1.0 for standardized data.
This was valid for the calibration models as well as the cross validation models. The split
sample validation technique showed relatively higher values of the BIAS compared to the
drop-one jackknife technique. The absolute value of the BIAS was in the range of 0.00 to
0.02 based on the latter technique. Generally, the statistics for equations based on PCA
showed improvement in the forecasting accuracy over the equations developed using
original variables. This is due to the fact that more information is extracted by the
principal component (PC) variables.

Assuming equal weights for the performance measures, an ANN has the best
performance compared to MLR when the Indian precipitation was included as one of the
predictors, also better than the ANN using the three stable predictors mentioned above.
Based on the split sample technique, MLR-OLS and MLR-LAD have marginal
differences over R? values. Still, MLR-LAD generally outperforms MLR-OLS in the
remaining three performance measures (RMSE, MAE, and BIAS). On the other hand,
based on the drop-one jackknife technique, the performance measures values for MLR-
OLS and MLR-LAD were generally comparable. However, in most cases MLR-LAD
performance skills were relatively better than the MLR-OLS. The differences between
the non-jackknifed and the jackknifed performance measures for MLR-OLS are generally
higher than the values in the MLR-LAD models. This finding may suggest that the

MLR-LAD is more stable and robust for such applications. The ANN (Model III)
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improved the forecast skill measures over MLR models, and MLR-LAD show better
results compared to MLR-OLS for the same validation period. The results of MLR
models are comparable with the model I results. The ANN (Model III) showed better
performance over model I. Generally, the results indicate that multsite models using
ANN show improvement in the forecasting measures compared to a single site, and the
MLR-LAD shows improved results compared to the MLR-OLS. Generally, multivariate
CCA models outperformed the univariate models over all lead seasons. Also, CCA
preserved the cross-correlation between the river flows for the four locations.

The results obtained for MLR and the ANN indicate that a linear relationship
dominates the association between SST predictors and the Nile River flows, which
confirms recent results from Awadalla (2000). ANN models outperformed MLR models
when using Indian precipitation of October of year (-3) with the Pacific SST and Guinea
previous year precipitation. This indicates that the performance of the model depends on
the combination of the predictors used. However, success has been achieved in training
the networks to learn the flows for each of the locations and making reasonable flow
predictions.

Generally, in the various forecast models, the year-to-year variability was
reproduced.  Although there are years when the magnitude of the anomaly is
underestimated or overestimated, the phase of the flow was frequently well predicted.
The predicted flows follow the fluctuations of the streamflows up and down, but did not
match exactly the actual observed values. However, fair similarity between the observed
and the predicted flow amounts are noticed. As demonstrated, the performance remains

high even with a relatively shorter calibration period or a longer period. Comparing the
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different models (MLR, PCR, ANN, and CCA) and the different validation techniques
(split sampling and jackknife drop-one) indicates that the predictors used are quite stable
and robust for the Nile River flows.

The Pacific Ocean SSTs have a higher contribution to the Nile River flows at Aswan
and the Blue Nile River flows variability as compared to the Atlantic and the Indian
Oceans. The Pacific Ocean SST anomalies are correlated more strongly with the Blue
Nile River flood and have well defined correlation pools (regions) in the concomitant,
JASO (0), and the subsequent, NDJF (+1) seasons, compared to the preceding seasons.
The SST correlation region size during these seasons reduces from the east equatorial
Pacific to the west equatorial Pacific. This covers the known Nifiol2, Nifo3, Nifio34,
and Nifio4 regions and researchers describe these seasons as the transition and the
maturity stages for ENSO, respectively. This is also consistent with the previous studies
associating the ENSO index with the Nile River flows. In addition, the strongest
connections between the Blue Nile River flows and SST in the eastern and the central
Pacific Ocean during the concomitant and the subsequent seasons may indicate an active
role of the Blue Nile River basin hydrology in the large-scale ENSO phenomena. It was
also found that at each ENSO stage significant correlation region between the SST and
the Blue Nile River flows are consistent with ENSO development, which suggests that
the evolution of ENSO signal is clearly an important component in the large-scale
interaction between SST and the Blue Nile River flows. In addition, the first principal
component for the Blue Nile river predictors has a significant and inverse correlation
with the SOI (July to December) at all lead seasons. The correlation decreases as the

lead-time increases and ranges from —0.60 to -0.38. Similarly, the first principal
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component for the Nile River flows at Aswan predictors are significantly and inversely
correlated with the SOI (July to December) at all lead seasons except for JASO (-3). The
correlation decreases as the lead-time increases and ranges from —0.60 to —0.34. This
shows how the ENSO phase dominates the Nile River flows.

Some of the highly correlated regions in the oceans, at times appear to be
associated with well defined developments in the oceanic-atmospheric system such as,
North Pacific Pattern SST region (30° N°-65, 100° E-140° W), Nifio3 (5° N°-5° S, 150°
W-90° W), and cyclone sources regions. Sea surface temperature in the Caribbean Sea
shows a positive correlation of about 0.5 with the Blue Nile River flow for lead season
JASO (-1). This region extends west to the east Pacific Ocean with the same correlation
magnitude. The whole region was defined by Elsner and Kara (1999) as a tropical
cyclone source. This suggests that it may be worth considering other climatic variables
as driving forces in the Nile River hydrology.

El Nifio southern oscillation (ENSO) influences suggest that a majority of
predictors come from the east-west seesaw in the Pacific-Indian Oceans, and NAO
influences suggest that a majority of the predictors come from the north-south seesaw in
the Atlantic Ocean. The stable predictors of the Nile River flow are related to these two
large scale phenomenon. As might be expected, the correlations are strongest in the
Indian-Pacific seesaw, the regions closest to the anomalous warm waters in the equatorial
eastern Pacific associated with El Nifio. This supports the findings of the other studies
which associated the ENSO with the Nile River’s flows. It is particularly noteworthy that
most predictors in the season prior to the Nile River flood season (JASO) for the Nile

River flows at Aswan and Blue Nile River flows are significantly correlated with the July
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to December (JASOND) SOI. This suggests that the atmopsheric changes taking place
over the Blue Nile River basin in the seasons immediately preceding the high flows have
considerable influence in determining the performance of the following season.

Measured by the adjusted R? and agreement coefficient (p), the Atbara River shows
higher response (predictability) to the large scale variables followed by the Blue Nile
River, the Nile River at Aswan and the Sobat River. However, at the first three lead
seasons the Blue Nile River, the Nile River at Aswan and the Sobat River show close
values of the agreement coefficient. It worth noting that the Atbara River and the Blue
Nile River originate in the Ethiopian Plateau and the Sobat River flows partially from the
east African basin and the Ethiopian Plateau. Thus, the Sobat River flows may be highly
damped by the flows from the east African basin and shows weaker association with the
large-scale variables. In addition, the Atbara River is located in the northern part of the
Plateau and the Blue Nile River is located in the central part of the Plateau and the Sobat
River in the southern part of the plateau. Thus, this indicates that the association between
the river flows and the large-scale variables reduced from the north to the south. It could
also be concluded that the signal observed in the Nile River flows at Aswan is mainly due
the large-scale variables association with the Blue Nile River and the Atbara River flows.
The difference in response to large-scale signals is one that requires further research.

A crucial step in developing empirical formulae for long-range forecasting requires
the selection of appropriate predictors. This has been guided by an objective search
among a large number of predictors. The stability and consistency of the predictor-
predictand relationship has been examined by evaluating the 21-, 25-, and 3 1-year sliding

window correlation coefficients. In addition, the selected predictors were also tested for

158

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



a significant correlation over the 15-year running window, and those that remained
significant were identified. Stable predictors were identified for the Nile River and each
of its tributaries. At different lead seasons, there are 15 predictors for the Sobat River
flows, 22 for the Blue Nile River flows, 25 for the Atbara River flows and 23 for the Nile
River at Aswan. This indicates that there are different driving forces between the Blue
Nile River, the Atbara River and the Sobat River flows even though the Blue Nile River
and the Atbara River basins are within the Ethiopian Plateau and much of the Sobat River
flows originate from the Ethiopian Plateau.

The predictability of the selected stable predictors was tested for the most important
sites: the Nile River flows at Aswan and the Blue Nile River flows. In MAMIJ (0), the
best four stable predictors explain (validated adjusted R?) 69% of the variability of the
Nile River flows at Aswan and 77% of the variability of the Blue Nile River flows. The
first (in time) three stable predictors explain 67% and 68% of the variability at the two
sites during ASON (-1), respectively. These predictors show a stable predictability under
different methods (MLR, ANN), using different validation techniques (split sampling and
drop-one jackknife) and for different calibration periods (1953-1972, 1953-1977).
Though the predictors were selected by trial and error from a pool of the stable
predictors, they were found to represent different driving forces: the Pacific Ocean, the
Atlantic Ocean, the Guinea precipitation in western Africa and the SST of Northern
Australia. It is worth noting that, Indian summer monsoon, Guinea precipitation in
western Africa and the Nile River flows have strong association which may indicate
possible connection between their climatic driving forces. The neural network method

using the precipitation of October of the year (-3), Guinea precipitation and the Pacific
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Ocean’s SSTs outperformed MLR models and the results shown above. However, the
split sample technique was used which resulted in a shorter validation period. In
addition, the BIAS was very high compared to the drop-one jackknife technique.

The seesaw emerged as a more stable predictor having higher correlations with the
river flows compared to the single site predictors. The seesaw is defined as the SST
difference between two regions oppositely correlated with river flows i.e. one region has
a positive correlation and the other has a negative correlation (referred to as dipole). The
various forecast models for the Blue Nile River flow, including the more stable predictors
and the seesaw technique, improved over the forecasts using only the single region
predictors. This is because the seesaw predictors are generally more stable and have a
higher correlation with river flows compared to the single site predictors. This is also
attributed to the higher variability extracted by PC, with an average of 46% compared to
about 32% without including the seesaw predictors. In addition, the models using the
seesaw predictors are simpler (parsimonious) compared to the ones using the single
region. When including the seesaw predictors, the number of PCs used in the final
regression models was typically less than the number of PCs in the single region
predictors. It was also noticed that the stable seesaw predictors in some cases
outnumbered the stable single site predictors. Except for the Sobat River flow, the longer
lead-time stable predictors are mostly seesaw variables. It might be argued that SST
gradient is a measure of intensity and is better suited for examining the connection
between large-scale forcing and the Nile River hydrology than one station SST. The

degree to which these oscillations (seesaw) interact, is not well understood, however, the
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overall relationship between the seesaw indices and the hydrological variables is very
consistent and physically reasonable.

Further consideration for the Nile River flows from the African lakes, the upper
White Nile River flows (defined as difference between Malakal flows on the White Nile
and Doleib flows on the Sobat River) was tested for connection with large-scale
variables. Amarasekera et al. (1997) stated that a strong ENSO signal is expected in
annual Blue Nile and Atbara River discharges, but the White Nile River is highly damped
by flows from equatorial lakes and marshes in the Sudd region and shows very little
association with ENSO. The running window criteria adopted to select the stable
predictors for the other Nile tributaries was relaxed for the upper White Nile River flow.
Instead a predictor was considered to be stable if its correlation with river flows is
significant over 25- and 3l-year running windows. This confirmed the weaker
connection between the large-scale variables and the upper White Nile River flows
compared to the other Nile River tributaries. Tributaries originating from the Ethiopian
Plateau have more stable predictors compared to the upper White Nile River and the
Sobat River though about 50% of the Sobat River flows are from the Ethiopian Plateau.
Despite this relaxed criteria, only six predictors were identified. It was also noticed that
about 50% of the Sobat River and the upper White Nile River predictors were from the
Atlantic Ocean while the other tributaries are dominated by the Pacific-Indian Oceans
predictors.

The previous August to November rainfall over Guinea is strongly and positively
related with the Blue Nile River flow (r = 0.63) for the period 1953-1989. This

association appears to be one of the strongest of any of the individual predictors. This
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indicates that the Guinea rainfall is a potential predictor for the Nile River flow with a
lead-time of 11 months. The significant positive correlation of the Nile River flows and
Guinea’s previous year precipitation can be interpreted as contributing to moist air in the
Ethiopian Plateau through evapotranspiration processes from that region and thus is
associated positively with the river flows anomalies. Seleshi (1991) attributed the cause
of Ethiopian rainfall to the flow of moist air from high pressures systems over the Gulf of
Guinea towards the low pressure center in Arabia. Gray et al. (1993) and Elsner and
Schmertmann (1993) reported the strong association between hurricanes over the Atlantic
basin and the previous year western Africa rainfall. Gray et al. (1992} attributed this to
feedback on the monsoon circulation from one year to the next. This may be the same
cause for the strong connection between the Nile River flow and the previous year’s
Guinea precipitation, and the feedback may contribute to the moisture of the Blue Nile
River basin as mentioned above. This also confirms the Nile River flows predictive
signals in the Atlantic Ocean.

The Nile flows during the flood season (July to October) are strongly correlated
with the Indian summer monsoon (June to September) in the same year. The Indian
summer monsoon for the period 1953-1989 is associated with the Nile River flows at
Aswan, Blue Nile River flows, Atbara River flows and the Sobat River flows by a linear
correlation coefficient of 0.67, 0.70, 0.57 and 0.15, respectively. These four Nile River
tributaries have correlations with the previous year’s (August to November) precipitation
over Guinea (Western Africa) of, 0.63, 0.61, 0.26 and 0.29, respectively. The Indian

summer monsoon precipitation has a correlation of 0.37 with the previous year’s Guinea
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precipitation. The linear associations between the three regions suggest the
interconnection between their climatic driving forces.

It’s clear from this analysis that the hydro-climatic connections between the large-
scale variables and the Nile River flows are strong. The gradients are emerging as better
predictors, especially at larger lead-times. The question of why there exists strong long-
lead correlation has yet to be answered. Whatever the answer to this question might be,
the strong correlations presented in this dissertation are evidence of physical

teleconnections that appear to drive Nile basin hydrology.
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9. CONCLUSIONS

The main objective of this research was to investigate connections between the Nile
River flows and its tributaries with atmospheric-oceanic variables and to develop long-
range forecasting models. Correlation analysis was used to establish the connection
between the Nile River flows and leading climatic indicators. Additionally, connections
between historical gridded seasonally SST data from the Oceans and the Nile River flows
are explored to establish a basis for quantitative contribution of the Oceans in the Nile
River flows variability. Statistical models based on multiple linear regression (MLR),
principal component analysis (PCA), neural networks (NN) and canonical correlation
analysis (CCA) were developed to forecast the Nile River flows and its tributaries. The
models based on PCA showed better improvement in forecasting accuracy over models
developed in terms of the original variables and the multivariate models improve the
forecasting skills over the univariate models.

Guided by an objective search, more stable predictors for the Nile River flows have
been identified to operate on a long-time scale, other than those previously used. The
main conclusion we can draw is the existence of a long-range potential predictability of
the Nile River flows based on large scale variables. This predictability is shown to be
highest in the preceding season and decrease as the lead-time increases. The strong
correlations presented in this research are evidence of physical teleconnections that

appear to drive the hydrology of the Nile River as well as other of the Ethiopian Plateau
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climate. In addition, the strongest connections between the Blue Nile River flows and

SST in the eastern and the central Pacific Ocean with latter seasons (JASO(0), NDJF(+1))

may indicate an active role of the Blue Nile River hydrology in the large-scale

phenomena such as ENSO. It was also found that at each ENSO stage significant
correlation region between the SST and the Blue Nile River flows are consistent with

ENSO development, which suggests that the evolution of the ENSO signal is clearly an

important component in the large-scale interaction between SST and the Blue Nile River

flows.
During the course of this research the following specific conclusions were reached:

1) The existence of a long-range potential predictability of the Nile River flows based on
large scale variables such as SST and Guinea precipitation in western Africa. This
predictability is shown to be highest in the preceding season and decrease as the lead-
time increases.

2) It was found that SST variability associated with the Nile River flows, as selected by
correlation analysis linked the eastern Pacific Ocean with the western Pacific Ocean
and the Indian Ocean, and the North Atlantic Ocean with the South Atlantic in an
interbasin mode.

3) The research developed stable predictors for the flows of the Nile River and its
tributaries.

4) The validated forecasting procedure using the stable predictors was capable of
explaining up to about 67% of the Nile River flows variability, 10 months before the

occurrence of peak flood in September.
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5) The seesaw emerged as a more stable predictor having higher correlation with the
river flows compared to the single site predictors.

6) The Nile rivers from the Ethiopian Plateau have stronger connections with the large-
scale variables. In addition their predictors outnumbered those for rivers partially
(the Sobat River) or totally (the upper White Nile River) originating from the central
African basin.

7) From step (6), the Blue Nile River and Atbara River are mainly responsible for the
large-scale variables signal observed in the aggregated flows at Aswan.

8) The forecasting models are proven to be stable under different validation procedures
(Jackknife drop-one and split sampling procedure), different sample sizes and under
different methods (MLR-OLS, MLR-LAD, PCR, CCA and ANN).

9) The research has demonstrated that the Pacific Ocean shows the highest contribution
to the Nile river flows variability followed by the Atlantic Ocean and then the Indian
Ocean.

10) The results from the ANN and the MLR models demonstrate that linear association
dominates the relationship between the Nile River flows and the selected predictors.

11) The CCA multivariate approach improved the performance measures over the
univariate models.

12) The ANN multisite approach (model III) improved the performance measures over
the single site models.

13) The statistics for equations based on PCA showed improvement in forecasting

performance over equations developed using original variables.
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14) Indian summer monsoon, Guinea precipitation in western Africa and the Nile River
flows have a strong association which may indicate an association with their climatic
forcings.

15)MLR-LAD and MLR-OLS have more comparable results when using drop-one
Jackknife validation technique than the split sample validation technique. Generally,
MLR-LAD outperformed MLR-OLS when using the latter validation technique. In
addition, the difference between the non-jackknifed and the jackknifed performance
measures for the MLR-OLS are generally higher than their corresponding values in
the MLR-LAD models. This may suggest that MLR-LAD is more stable and robust
for such applications. However, MLR-LAD has relatively higher BIAS values
compared to MLR-OLS in drop-one validation technique and lower in the split
sample technique.

16) Atbara River flows show higher response to large scale variables measured by the
adjusted R? and the coefficient of agreement (p) followed by the Blue Nile River,
Nile River at Aswan and the Sobat River.

17)It was found that the Blue Nile River flows were associated with the ENSO
development in the eastern Pacific Ocean at its various stages and regions as defined

by Rasmusson and carpenter (1982).
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10. RECOMMENDATIONS FOR FUTURE RESEARCH

In light of the results reached during the course of this research, the following

recommendations for future work are made:

1)

2)

4)

5)

To investigate the connection that may exist between the selected stable Nile River
predictors and the large scale climatic phenomenon such as ENSO and NAO, and to
investigate the capability (potentiality) of using these relationships (if they exist) to
further forecast these large scale variables.

With the availability of the stable predictors for the Nile River flows, a further study
should be conducted to investigate their potential predictability for other
hydroclimatic variables, particularly the large river flows such as: the Amazon, the
Niger, the Mississippi, the Congo and the Parana.

Further study on the climatic forcing connections between Nile basin hydrology, the
Indian monsoon and the Guinea precipitation in western Africa.

For operational purposes, this study should be extended for monthly forecast of the
Nile River flows. The first attempt could be to forecast the flood season on a monthly
basis (July, August, September, and October) using the stable predictors established
in this study.

A study to extend the methodology developed during this research for the oceans
SSTs contribution to the Nile River flows variability further to the combined two

oceans contribution (Pacific and Atlantic, Pacific and Indian, and Indian and
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Atlantic). In addition, this methodology could be investigated on other Nile River
tributaries, and other hydroclimatic variables, and other large rivers such as those
listed in step 2.

6) Further investigation in the response strength at the different locations.
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Correlation: SST NDJF(+ 1) and Blue Nile flow JASO(O)

GrADE: OOLA/NOES 190880 —10«-F4~00:08

Fig. A; Cont.
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GerADE: COLANGES ROOO—11—1 8= 10133

Correlation: SST JASSAéaan)ond Atbara river flow

Fig. A; Correlation maps for the Atbara River flows (July to October) and the
SST at various lead seasons shown at the top of each graphs
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C lation: SST MAMJ —2) and Atbara river flow
orrela JAéo 20)

Fig. A; Cont.
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: SST NDJUF -1 and Atbara river fiow
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GrADE: COLANGES 2000—1 1 —=18—10:80

Fig. A; Cont.
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GraDES: COLA/IGES 2000=11—18—t8his

Fig. A; Cont.
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Fig. A; Cont.
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Correlation: SST MAMJ (—5‘2
A J

la Nile River flo at
sawam ‘20) hd

<
SO
- w

R4

e XN e

Correlation: SST JASO (—5)
Asawan JA

v

OrADS: COLA/NOER 2000=1 1 =Fo— 1 5:08

Fig. A4 Correlation maps for the Main Nile River flows at Aswan (July to October) and
SST at various lead seasons shown at the top of each graphs
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Nile River flow at

Asawan J

Correlation: SST MAMJ —_—- an Nile River flow at
¢ SO ?O)

Fig. A4 Cont.
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GrADE: OOLANECS 2000—713 —J4¢~171eY

Correlation: SST NDJF (—3) an

Nile River flow at
Asawan JASO )

Al

OrADE: COLA/IOKE 2000~1 1 —24=17134

Fig. A4 Cont.
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Correlation: SST MAMJ —_—3 and_ Nile River flow at
i A.wan( JASO (O)

ug .,

SraADE: COLA/ORS 2000=3 1 =1 8—T12:I3*

Nile River flow at

Fig. A4 Cont.
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Correlation: SST NDJF (—2 and Nile River flow at
Aswan JASO (O)

Correlation: SST MAMJ (—2 and Nile River flow at
Aswan JASO (O)

Fig. A4 Cont.
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Correiation: SST JASO (—2 and Nile River flow at
Aswan JASO (O)
s Te &

Correlation: SST NDJF (—1 and Nile River flow at
Aswan JASO (O)
Ay

Fig. A4 Cont.
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Correlation: SST NDJF (O

Nile River flow at
Aswanrn J b)
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r v Te

GrADS: COLANOES 200Q—% t —1 46— 1R:40

Correlation: SST MAMJ (O on? Nile River flow at
Aswan JASO o)
v : ] fl }

Fig. A4 Cont.
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Correlation: SST MAMJ (—1 ar&col)Nilo River flow at

Aswan J o

Correlation: SST JASO (—1 and Nile River flow at
Aaswan JASO (O)

Fig. A4 Cont.
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APPENDIX B
TABLES OF PREDICTORS FOR THE NILE RIVER
AND IT’S TRIBUTARIES USED IN

TABLES S5-5, 5-6, 5-7 and 5-8
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Appendix B, Locations of the stable predictors and their respective correlation coefficient with the Sobat

River flows for (JASO) for various leading seasons for the models developed in Tables 5-5.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LLOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
1 February (-3) | N..P. Pattern | 65° N—30°N 100°E—140° W -0.36
2 April (-3) P. Delgada -0.42
3| July () NAO)_stdG -041
4 JASO (-3) Pacific 35°S 145° W -0.47 Indian 00° 50°E 035 -0.56
5 JASO (-3) Atlantic 00° 00° -0.42
6 JASO (-3) Indian 00° 50°F 0.35
17 OND (-3) S. Atlantic 00° »20°S I0°W10°E 0.44 Atlantic 40°N-30°N 70° W-60" W 0.46 -0.54
8 January(-2) S. Atlantic 00° »20°S 30°WI0°E 047
9 NDJF (-2) Indian 05°N-»05° S 20°W-05°E 0.51
10 NDJF (-2) Atlantic 40°N 30°W -0.37 Atlantic 05°N-05° S 20°W-035°E 0.51 -0.54
B NDJF (-2) Atlantic 40°N 30w -0.37 Atlantic 25°N 70°W 0.44 -0.52
12 MAMI (-2) Atlantic 40°N o°w -0.37 Atiantic 10°S 20°W 0.39 -0.53
13 MAMI (-2) Avlantic 40° N W 0.42
14 MAMIJ(-2) | Atlantic 10°8 0°W 0.39
15 MAMI (-2) Pacific 40°S I150°E 0.41
16 MAMI (-2) | Indian 00°-»10°S 40°W-20°W 037
17 June (-2) Jakarta-SLP -0.35
18 July (-2) SW-iceland 043
19 JASO (-2) Pacific 30°$-»40°S 179° W—165° W 0.42
20 MAMI (-1) Pacific 30°S—»40°S 150° W 160° W 0.44
21 JASO (-1) Pacific 20°N 130° W -0.49
22 JASO(-1) Pacific 40°S 140°E -0.60
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Appendix B; Locations of the stable predictors and their respective correlation coefficient with the Blue Nile
River flows for (JASO) for various leading seasons for the models developed in Tables 5-6.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
l February (-3) | Jakarta -0.55
2 MAMJ (-:3) | Atlantic 8S-128 00° —05° E 039 | Pacific 50°N-»30°N 135°E179°F 037 |-048
3 MAMI (-3) | Atlantic 88128 00° »05° £ 039 | Pacific 20° S—30°S 170°W—145°W | 048 [ -0.59
4 MAMIJ (-3) | Atlantic 8S-128 00° »05° E 039 [ Pacific 40° N-»30°N 179° W 155° W 042 [-057
5 MAMJ (-3) | Pacific 00°515°S 150° E-165°E 2039 | Pacific 20°S-»30°S 170° W—»145° W 048 | -0.58
6 JASO(-3) | Pacific 08° N—»00° 145° E—»155°E 042 | Pacific 10°S-»30°S 175° W»165° W 033 | -049
7 JASO (-3) Pacific 08° N—»00° 45°E-155°F -0.42 Pacific 50°N-»30°N 120°E—150°F 043 | -058
8 JASO(-3) | Pacific 08° N—»00° 145° E155°E 042 [ Pacific 45° N-»40°N 150° W 140° W 042 [ -049
9 JASO(-3) | Pacific 20°N-»05°N 130°E -0.52 | Pacific 10°S—30°S 175° W-»165° W 033 | -062
10 JASO(-3) | Pacific 20°N-05°N 130°E -0.52 | Pacific 50°N-»30°N 120°E-150°E 043 | -0.64
] JASO(-3) | Pacific 20°N-05°N 130°E -0.52 | Pacific 45° N-»40°N 150° W—>140° W 042 [-05
12 JASO(-3) | Indian 10°N-05°S 85° E95°E 047 | Pacific 50°N-»30°N 120°E~150°E 043 [ -0.55
13 JASO(-3) [ Indian 10°N-»05°S 85° E95°E 047 | Pacific 45° N-»40°N 150° W 140° W 042 |-052
14 JASO(:3) | Atlantic 30°S—40°S 15° W—00° 041 [ Alantic 40°N-30°N 70° W-»60° W 047 | -0.56
15 JASO(-3) | Indian 10°N-05°S 85° E—95°E 047 | Pacific 45°N-»32°N 120° E»140°E 047 |[-0.57
16 JASO(:3) | Indian 10° N-»05°S 85° E95°E 047 [ Pacific 45° N-40°N 160° W—»140° W 042 | -060
17 JASO(3) | Pacific 08° N—»00° 140° E-150°E 042 | Pacific 12°S527°S 179° W—»165° W 033 | -0.53
18 JASO(-3) | Pacific 08° N-»00° 140° E-»150° E 042 | Pacific 45°N-32°N 120°E—140°E 047 | -0.61
19 JASO(-3) | Pacific 08° N—»00° 140° E-»150° E 042 | Pacific 45° N-»40°N 160° W-»140° W 042 | -0.56
20 JASO(-3) | Pacific 22°N-10°N 125°E-130°E 060 | Pacific 45°N-32°N 120° E->140°E 047 | -0.60
21 JASO(-3) [ Pacific 2°N-10°N 125 E5130° -0.60
22 NDJF (-2) Indian 15°5925°S 50°E-S5°E -0.40 | Pacific 45°N-»35°N 160° W—»140° W 057 |-064
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Appendix B3 Locations of the stable predictors and their respective correlation coefficient with the Atbara

River flows for (JASO) for various leading seasons for the models developed in Tables 5-7.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.

| MAMIJ (-3) | Atlantic 02° N-»00° I°W30° W -0.39 Atlantic 44°s 0w 0.36 -0.48
2 MAMJ (-3) | Atlantic 05°N-»12°S 05° W—00° -0.54 Atlantic 44°S 0w 0.36 -0.58
3 MAMIJ (-3) | Atlantic 08°S-12°S 00° 505° E 049 Atlantic 4°S 0°wW 0.36 -0.59
4 MAMJ (-3) | Pacific 20°N-05°N 150° E—»160° E -0.49 Indian 30°S-»35°S 70°E—->80°E 041 -0.53
5 MAMIS (-3) | Pacific 54° N-»48° N 179° W170° W -0.44 Pacific 28°S-»38°S 150° W—100° W 0.35 -0.47
6 MAMI (-3) | Pacific 20°N-»05°N 150° E—160° E -0.49 Pacific 28°S38°S 150° W—100° W 035 -0.54
7 MAMI (-3) | Pacific 22°N-»15°N 170° E5150° W -0.49 Indian 30°S-»35°S 70°E—->80°E 04) -0.56
8 MAMI (-3) Pacific 22°N->15°N 170° E>150° W -0.49 Pacific 28°S-»38°S 150° W—100" W 0.35 -0.52
9 MAMI (-3) Atlantic 05°N-»12°S 05° W—00° -0.54

10 MAM!J (-3) Atlantic 08°S—»12°S 00° 505° E -0.49

1 MAMJ (3) | Pacific 20°N-»05°N 150°E—160°E -0.49

12 MAMJ (-3) Pacific 22°N-»15°N 170° E-150° W -0.49

13 JASO(-3) Pacific 20°N-05°N 150°E->160° E -0.49 Indian 35°8S-40°S 60° E-90°F 0.33 -0.53

14 JASO (-3) Pacific 20°N-»10°N 130°E->170°F -0.51 Indian 35°8§40°S 60° E-»90°F 033 -0.48

15 JASO (-3) Atlantic 38°S44°S 40° W-20° W -0.40

16 JASO(3) Pacific 25°N-20°N 170° E-150° W 047

17 JASO (-3) Pacific 20°N-10°N 130°E-170°E -0.51

18 NDJF (-2) Atlantic 20°N->10°N 30° W-20° W -0.44

19 NDJF (-2) Pacific 25°N->18°N 160° W->140° W -0.37

20 NDIJF (-2) Pacific 20°N-»10°N 150°E->179°E -0.42

21 NDJF (-2) Atlantic 20°N-10°N 30°W20° W -0.44 Atlantic 40°N-30°N 70° Wo60" W 0.46 0.59

22 January (-2) | Ponta Dclgada 0.62
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Appendix B4 Locations of the stable predictors and their respective correlation coefficient with the Nile River
flows at Aswan for (JASO) for various leading seasons for the models developed in Tables 5-8.

NO. LEAD- LOCATION | LATITUDE LONGITUDE CORR LOCATION | LATITUDE LONGITUDE CORR | SEESAW
SEASON CORR.
l MAMI (-3) | Atlantic 08°S—»12°S 00° »05°E -0.37 Pacific 20°S»30°S 170° W 145° W 0.48 -0.57
2 MAMI (-3) | Pacific 00°»15°S 150° E-165°E -0.33 Pacific 20°S-30°S 170° W 145° W 048 0.54
3 MAMI (-3) | Pacific 00° —15°S 150°E—»165°E -0.33 Pacific 40°N—30°N 179° W—155° W 040 -0.45
4 JASO (-3) Pacific 08° N—»00° 140° E—150°E -0.42 Pacific 12°S-27°8 179° W—»165° W 032 -048
5 JASO (-3) Pacific 08° N—00° 140°E-150°E -0.42 Pacific 45°N-32°N 120°E-140°E 048 -0.60
6 JASO (-3) Indian 10°N-05°§ 85°E—-95°E -0.43 Pacific 45°N-»32°N 120°E-140°E 048 -0.56
7 JASO (-3) Pacific 45°N-»32°N 120 E-40°E 048
8 JASO (-3) Pacific 20° N-05° N 130°E -0.44 Pacific 10°S-30°S 175° W 165" W -0.56
9 JASO (-3) Pacific 20°N-05°N 130°E -0.44 Pacific 50°N-30°N 120° E-»150° E 045 <0.62
10 JASO (-3) Indian 10°N-05°S 85°E-95°E -0.43 Pacific 50°N-»30°N 120° E-150° E 045 -0.54
] JASO (-3) Pacific 08° N—»00° 145°E155°E -0.42 Pacific 10°S-30°S 175° W 165°W -0.46
12 JASO (-3) Pacific 08° N-»00° 145 E155° 0.42 Pacific 50° N230°N 1200 E-150°F 045 -0.58
13 NDIJF (-2) Atlantic 30°N-20°N W WH75°W 047
14 NDJF (-2) Atlantic 40°N-30°N 70° W-60° W 0.57
15 NDIJF (-2) Indian 20°N-»15°N 50° E—60° E -0.38
16 NDJF (-2) Atlantic 30°N20°N 30°W20" W -0.37 Atlantic A0°N-30°N 70° W-60" W 0.57 -0.61
17 NDJF (-2) Indian 15°S»25°8 50°E-»55°F -0.38 Pacific 45°N-»35°N 160° W—140° W 0.54 -0.61
18 NDJF (-2) Indian 20°N-I5°N S50°E~»60°F -0.38 Pacific 45°N35°N 160° W—140° W 0.54 -0.60
19 NDJF (-2) Indian 20°N-»I5°N 50°E-»60°F -0.38 Pacific 40°N-30°N 160° W 140° W 038 -0.51
20 NDJF (-2) Pacific 30°§35°S 90° W>80° W -0.39 Pacific 45°N-35°N 160° W—140° W 0.54 -0.61
21 NDJF (-2) Pacific 10° N-00° 148° E—155°E -0.40 Pacific 45°N-35°N 160° W—140° W 0.54 -0.62
2 NDIJF (-2) Pacific 10° N-00° 148° £ 55°E -0.40 Pacific 40°N-»30°N 140°E-»160°E 038 -0.50
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APPENDIX C

CORRELATION OF SLIDING WINDOWS
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Fig. C,. The changes in correlation coefficients as a function of time between the Sobat
River flows and various predictors (predictors are numbered as in Table 6-1).
Correlations were computed in 31-, 25-, and 21-year running windows.
Horizontal dotted line shows correlation significant at 5% level.

Note that all correlations have been plotted downward
regardless of their signs.
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Fig. C,. The changes in correlation coefficients as a function of time between the Blue
Nile River flows and various predictors (predictors are numbered as in Table 6-2).
Correlations were computed in 31-, 25-, and 21-year running windows.
Horizontal dotted line shows correlation significant at 5% level.

Note that all correlations have been plotted downward
regardless of their signs.
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Fig. C;. The changes in correlation coefficients as a function of time between the Atbara
River flows and various predictors (predictors are numbered as in Table 6-3).
Correlations were computed in 31-, 25-, and 21-year running windows.
Horizontal dotted line shows correlation significant at 5% level.

Note that all correlations have been plotted downward
regardless of their signs.
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Fig. C,4. The changes in correlation coefficients as a function of time between the Nile
river at Aswan flows and various predictors (predictors are numbered as in Table 6-4).
Correlations were computed in 31-, 25-, and 21-year running windows. Horizontal
dotted line shows correlation significant at 5% level. Note that all correlations
have been plotted downward regardless of their signs.
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