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Abstract

The Sahel region located in Western Africa is well known for its high rainfall variability.

Severe and recurring droughts have plagued the region during the last three decades of

the 20th century, while heavy precipitation events (with return periods of up to 1,200

years) were reported between 2007 and 2014. Vulnerability to extreme events is partly

due to the fact that people are not prepared to cope with them. It would be of great

benefit to farmers if information about the magnitudes of precipitation and streamflow

in the upcoming rainy season were available a few months before; they could then switch

to more adapted crops and farm management systems if required. Such information

would also be useful for other sectors of the economy, such as hydropower production,

domestic/industrial water consumption, fishing and navigation.

A logical solution to the above problem would be seasonal rainfall and streamflow

forecasting, which would allow to generate knowledge about the upcoming rainy season

based on information available before it’s beginning. The research in this thesis sought to

improve seasonal rainfall and streamflow forecasting in the Sahel by developing statistical

rainfall and streamflow seasonal forecasting models. Sea surface temperature (SST) were

used as pools of predictor. The developed method allowed for a systematic search of the

best period to calculate the predictor before it was used to predict average rainfall or

streamflow over the upcoming rainy season.

Eight statistical models consisted of various statistical methods including linear and

polynomial regressions were developed in this study. Two main approaches for seasonal

streamflow forecasting were developed here: 1) A two steps streamflow forecasting ap-

proach (called the indirect method) which first linked the average SST over a period

prior to the date of forecast to average rainfall amount in the upcoming rainy season

using the eight statistical models, then linked the rainfall amount to streamflow using a

rainfall-runoff model (Soil and Water Assessment Tool (SWAT)). In this approach, the

forecasted rainfall was disaggregated to daily time step using a simple approach (the

fragment method) before being fed into SWAT. 2) A one step streamflow forecasting

approach (called as the direct method) which linked the average SST over a period prior

to the date of forecast to the average streamflow in the upcoming rainy season using the

eight statistical models.

To decrease the uncertainty due to model selection, Bayesian Model Averaging (BMA)

was also applied. This method is able to explore the possibility of combining all available

potential predictors (instead of selecting one based on an arbitrary criterion). The BMA
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is also capability to produce the probability density of the forecast which allows end-

users to visualize the density of expected value and assess the level of uncertainty of the

generated forecast. Finally, the economic value of forecast system was estimated using a

simple economic approach (the cost/loss ratio method).

Each developed method was evaluated using three well known model efficiency crite-

ria: the Nash-Sutcliffe coefficient (Ef ), the coefficient of determination (R2) and the Hit

score (H). The proposed models showed equivalent or better rainfall forecasting skills

than most research conducted in the Sahel region. The linear model driven by the Pacific

SST produced the best rainfall forecasts (Ef = 0.82, R2 = 0.83, and H = 82%) at a lead

time of up to 12 months. The rainfall forecasting model based on polynomial regression

and forced by the Atlantic ocean SST can be used using a lead time of up to 5 months

and had a slightly lower performance (Ef = 0.80, R2 = 0.81, and H = 82%). Despite

the fact that the natural relationship between rainfall and SST is nonlinear, this study

found that good results can be achieved using linear models.

For streamflow forecasting, the direct method using polynomial regression performed

slightly better than the indirect method (Ef = 0.74, R2 = 0.76, and H = 84% for the

direct method; Ef = 0.70, R2 = 0.69, and H = 77% for the indirect method). The direct

method was driven by the Pacific SST and had five months lead time. The indirect

method was driven by the Atlantic SST and had six months lead time. No significant

difference was found in terms of performance between BMA and the linear regression

models based on a single perdictor for streamflow forecasting. However, BMA was able

to provide a probabilistic forecast that accounts for model selection uncertainty, while

the linear regression model had a longer lead time.

The economic value of forecasts developed using the direct and indirect methods were

estimated using the cost/loss ratio method. It was found that the direct method had a

better value than the indirect method. The value of the forecast declined with higher

return periods for all methods. Results also showed that for the particular watershed

under investigation, the direct method provided a better information for flood protection.

This research has demonstrated the possibility of decent seasonal streamflow forecast-

ing in the Sirba watershed, using the tropical Pacific and Atlantic SSTs as predictors.

The findings of this study can be used to improve the performance of seasonal streamflow

forecasting in the Sahel. A package implementing the statistical models developed in this

study was developed so that end users can apply them for seasonal rainfall or streamflow

forecasting in any region they are interested in, and using any predictor they may want

to try.
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Chapter 1

Introduction

1.1 Problem statement

The Sahel region is a semi-arid area located along the southern edge of the Sahara desert

extending from the Atlantic coast of Africa to Ethiopia. The area is well-known for high

climate variability, which makes it difficult to employ water allocation management in

advance. High inter-annual rainfall variability and an increase in aridity in the region

over the last three decades were reported by several authors (Brooks, 2004; Lu and Del-

worth, 2005). Lu and Delworth (2005) reported rainfall decreases of 20 to 50% in the

region between 1950 and 2000. However, Samimi et al. (2012) found exceptionally heavy

precipitation, with return periods up to 1,200 years, during the 2007 rainy season in one

Sahelian watershed. Extreme precipitation events in the region gained international me-

dia attention from 2007 to 2014. In addition, in August 2013 rice fields along the Niger

River, and more than 7,000 other farms, were flooded due to the heavy precipitation

(IRIN, 2013). Recurring extreme events of both low and high precipitations have dam-

aged several sectors of the local economy. The sector most often impacted is rainfed

agriculture, as productivity drops in years with below normal rainfall, and can also be

devastated by flooding.

The damages mentioned above occurred largely because the amount of rainfall or the

peak water level in a given area was either too high or low for the crops being cultivated.

If rainfall information was available a few months before a rainy season, farmers could

switch to a crop or a farm management scheme that would be most appropriate for the

upcoming rainy season. Any technique that can predict an upcoming rainy season a few

months in advance, could improve agricultural yields by increasing stakeholders’ degree

1
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of preparedness. The forecasts would be useful to other water users as well, including

hydropower producers and municipalities relying on surface water for domestic and/or

industrial consumption. Seasonal forecasting is defined as the best available prediction

of what the climate will be like in the next few months. It can be accomplished through

dynamical or statistical approaches. Dynamical models are based on relatively accurate

simulations of the physical processes that drive interactions between the atmosphere, land

and ocean, and they can account for nonlinearities and feedback loops in these interac-

tions. In contrast, statistical models rely on stationary relationships between predictors

and predictands (Schepen et al., 2012). Although, dynamical models are theoretically

more likely to provide skillful forecasts (Marengo et al., 2003; Palmer, 1986), they are

computationally intensive. As well, seasonal forecasting with dynamical models specif-

ically for precipitation often has outputs with low temporal and/or spatial resolutions,

and require an additional downscaling step for local impact studies (Busuioc et al., 2008;

Wetterhall et al., 2011). Raje and Mujumdar (2011), who studied three downscaling

methods for daily precipitation in the Panjab region of India, declared that the out-

put resolution of some types of general circulation models (GCMs) was inadequate for

runoff simulation. Thus, statistical models play a prominent role in applications requiring

higher temporal and spatial scales.

Seasonal forecasts in the Sahel region are presently issued by two institutions: the

African Center of Meteorological Application and Development (ACMAD) and the

Agrhymet Regional Center (ARC). They both use a Climate Predictability Tool (CPT)

to link sea surface temperature (SST) to monthly or seasonal rainfall (ACMD and ARC)

or streamflow (ARC) data. CPT uses multiple linear regressions to link a grid predictor

to a predictand. These forecasts were compared to those developed by international

climate centers at an annual meeting of PRESAO (Prevision Saisonniere en Afrique de

l’Ouest), and the consensus forecast was issued categorically; that is, probability of above

normal, normal, and below normal precipitation or streamflow. Though this application

has been applied for more than a decade, droughts and floods still regularly affect the

local economy, and usually surprise the authorities. The low predictive skill of PRESAO

was confirmed by Konte (2011), who used the rank probability skill score and relative

operating characteristic to evaluate its performance in Senegal from 1998 to 2010. He

found that the forecast reliability varied according to geographical location in the region,

but overall, the forecasts were better than the climatology only 54 % of the time. This

highlights the need for increased effort to develop better forecasting approaches, and for

a forecast format that will be more straightforward and end-users friendly.
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1.2 Thesis objectives

1.2.1 Main objective

The main objective of this research study is to develop a scientifically sound, seasonal

streamflow forecasting approach that can help decision makers assess the effects of rain-

fall/streamflow variability on a number of key sectors proactively. The approach would

significantly improve the quality and usefulness of forecast outputs, by systematically

searching for the best lead time and averaging period to select the best predictor for a

given watershed. It would also accommodate both linear and non-linear relationships be-

tween predictors and predictands (precipitation/streamflow), and extend seasonal precip-

itation forecasting to streamflows using a rainfall runoff model. In addition, a framework

for assessing the economic value of the forecast systems will be developed.

A case study was conducted on the Sirba Watershed, and guidelines and algorithms

are provided for users to apply the application to other watersheds in the region.

1.2.2 Secondary objectives

The study has the following secondary objectives:

1. Evaluate existing precipitation forecasting methods in the Sahel region.

2. Introduce new statistical models for seasonal precipitation and streamflow forecast-

ing, and compare their performances to the approaches already in use.

3. Implement and test a temporal disaggregation method to produce forecasts for use

as a rainfall-runoff model.

4. Implement and calibrate a rainfall-runoff model.

5. Generate hydrological forecasts, using temporally disaggregated rainfall forecasts

and the hydrological model developed in secondary objective 4.

6. Assess the quality of the hydrological forecasts, and compare them to current prac-

tices.

7. Develop a framework to evaluate the benefit of the forecast systems and optimize

their usage.
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1.3 Novelty

• So far, only linear models and an arbitrary selection of aggregate predictors are

currently used by local organizations to forecast rainfall or streamflow events in

the Sahel region, with limited success. The approaches developed in this study will

allow for a systematic search of the optimal region, in order to select the predictor,

the optimal lead time and a non-linear mapping function between the predictors

and the predictands.

• The seasonal forecasts presently issued to end users in the Sahel region are difficult

to use. The seasonal precipitation forecasts issued by the African Centre of Me-

teorological Applications for Development (ACMAD) are typically probabilities of

the occurrence of three categorical events (i.e. below normal, normal, and above

normal precipitation). An example of the forecast is presented in Figure 1.1 such

forecasts are of little value to end users as, a) they apply to large areas and dis-

regards local conditions; b) they are not quantitative and c) they do not produce

time series of precipitation that could be used with an impact model. The end

result of this thesis will be a probabilistic set of hydrographs that can be used to

provide inundation risk management.

• The case study using the cost/lost ratio method to estimate forecast value is one

of the first to demonstrate how a set of probabilistic seasonal forecasts can be used

to optimize water resources management in the Sahel region.

1.4 Scope of work

Seasonal rainfall and streamflow forecasting, temporal disaggregation and rainfall-runoff

transformation can be performed using many predictors, techniques and models. The

scope of this study is limited to the following.

• Though the approaches are general and can be applied anywhere, they were specif-

ically conducted on the Sirba watershed, located between the countries of Niger

and Burkina Faso.

• Only sea surface temperature (SST) was employed as a predictor to forecast rain-

fall/streamflow in the study area.
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• The temporal disaggregation method used in this study was the fragment method.

However, various implementations of the fragment method were tested.

1.5 Study area

The area used to represent the Sahel in this study was the Sirba watershed. This basin

is located in Niger and Burkina Faso, and has an area of approximately 37,000 km 2. The

reasons for selecting this watershed are as follows:

• Water from the Sirba watershed is the main cause of flooding during the rainy

season in Niamey, the capital of Niger. Being able to predict exceptionally high

flows from the Sirba will be beneficial for flood protection in Niamey.

• The Sirba basin is located near the center of the Sahel region. Consequently, the

climate characteristics of both the northern Sahel (the Sahara desert) and the

southern Sahel (the Sudanian Savanna) can be found in the basin. The basin is

therefore representative of many medium size watersheds in the Sahel.

• A number of climate stations inside and around the basin collect climate data at

the daily time scale. Additionally, long series of historical precipitation data were

available for use.

• A relatively long time series of streamflow observations at the outlet (i.e. the

GarbeKorou station) was available for the study.

The details of the study site and the observed data are discussed further in Chapter 4.

1.6 Organization of the thesis

The thesis is organized in eight chapters, the focus of which is stated below:

Chapter 1: This chapter includes the problem statement, the objectives and scope of

the research, and a brief description of study area.

Chapter 2 :This chapter provides a comprehensive literature review. Teleconnections,

statistical approaches used for seasonal forecasting, particulary in Sahel, are dis-

cussed. Hydrological models used for streamflow forecasting, specifically the Soil

and Water Assessment Tool (SWAT) are presented as well.
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Chapter 3: The theory behind specific statistical methods, including principal compo-

nent analysis, canonical correlation analysis, stepwise regression, simple/multiple

linear regression, polynomial regression are presented. The concepts of rainfall-

runoff transformation (with a focus on the SWAT model) are presented. The

cost/loss ratio method used to estimate economic value of the forecast systems, are

also described in this chapter.

Chapter 4: This chapter investigates the climate and geographic information of the

Sahel region, including social and economic factors. The characteristics of the

Sirba basin are also presented.

Chapter 5: The proposed methodologies for seasonal precipitation and streamflow fore-

casting are explained in this chapter. The implementation and calibration of the

SWAT model of the Sirba basin are presented. A description of all the data sets

used or generated in this study, using either statistical or the rainfall-runoff model,

is provided. Finally, the methods used to estimate the model uncertainty and

the use of the cost/loss ratio method for economic value estimation of streamflow

forecasts is described.

Chapter 6: An evaluation of the performance of the proposed models is conducted in

this chapter. Their relative performances are discussed and compared to that of

existing models. The economic values of streamflow forecasts using each method

are presented and discussed.

Chapter 7: The MATLAB package implementing the proposed statistical models is

described. A step by step user guide is also provided.

Chapter 8: The findings of the study as well as suggestions for future research are

presented.
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Figure 1.1: Example of seasonal precipitation forecast issued by the African Center for

Meteorological Applications for Development (ACMAD) in 2010



Chapter 2

Literature review

2.1 Teleconnections

An understanding of teleconnection has played an important role in climatological and

hydrological studies for more than several decades. Teleconnection is the linkage of cli-

mate variables between two different areas which may be next to each other or a great

distance apart (Hatzaki et al, 2007; Kwon et al., 2009; Liu and Alexander, 2007). The

term ’teleconnection’ generally refers to the atmospheric circulation on larger than con-

tinental scales which affects climate in other areas on local or larger scales. Rowell

(2001), and Sheridan and Lee (2012) determined that an understanding of teleconnec-

tion mechanisms in an individual region can extend the knowledge of frequency changes

in circulation and weather patterns. It can also increase understanding of surface con-

dition patterns which could help predict seasonal weather on a local scale. Chase et al.

(2005) summarized that teleconnections can be due to two mechanisms: the variabil-

ity of circulation in time and space between atmosphere and oceans (e.g. the Hadley

cell, subtropical jet streams and monsoons); and the disturbance of inherent circulations

might cause prolonged changes in general atmospheric circulations that could affect other

regions in different ways.

Examples of well-known large scale circulation patterns are presented in the next

section, and the relationships with local climate and hydrologic variables in different

regions are clarified. Finally, the effects of sea surface temperature (SST) on Sahel

precipitation and other hydrologic variables are revealed.

8
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2.1.1 Large-scale atmospheric and oceanic indices

The interactions between atmospheric and oceanic circulations that affect local climate

and hydrologic variables have been of interest in several areas for the last decade. At-

mospheric and oceanic patterns, such as SST, the El-Nino-Southern Oscillation (ENSO)

and the North Atlantic Oscillation (NAO), and their relationships to local variables have

been investigated extensively. Their specific patterns could lead to the occurrence of

extreme events in particular locations. As this current study focuses on precipitation

and streamflow forecasting, only teleconnection indices that influence these variables are

reviewed. The climatic and oceanic indices commonly used in various studies are as

follows:

2.1.1.1 Sea surface temperature

SST is the ocean water temperature at the surface. A variety of techniques are used

to measure this such as temperature recording devices on shorelines, ships and buoys.

These measurements deliver SST data at different levels of detail, depending on the

location of the device or if the data is collected by different ships. The limitation of

this method is the difficulty of obtaining SST data at a global scale. However, almost

all SST measurements of the world’s oceans can be accessed when weather satellites are

available. The satellite sensors can measure the difference in wavelength amplitudes,

which vary with ocean temperature.

SSTs at global and regional scales are useful to link to variables at a local scale.

Maity and Kumar (2007) investigated Indian summer rainfalls during monsoon seasons

regarding correlations to SST, land surface temperature and ocean-land temperature con-

trast. Their results showed that SST influenced the occurrence of rainfall more than the

other indices, particularly the SST of the tropical eastern Pacific Ocean. Srivastava et

al. (2002) also researched the relationships between large scale atmospheric and oceanic

patterns and the Indian summer rainfall monsoon. They used outgoing long wave radi-

ation and the SST over the North Atlantic Oceans as indices, and found that the Indian

summer rainfalls were associated with these two variables. Diro et al. (2011) focused

on the teleconnections between SSTs and the summer rainfall variability in Ethiopia in

eastern Africa. They found associations between the equatorial Pacific SST and rainfall

over northeast and western Ethiopia; the warm phase of the SST led to rainfall reduction

and vice versa. The Atlantic SST near the Gulf of Guinea also corresponded to rainfalls,

with its warm phase leading to rainfall decrease in northern and central Ethiopia. The



Literature review 10

precipitation variability over southern Africa was also examined and showed association

with the variation of SST over the Pacific Ocean (Mirsa, 2003). Keener et al. (2010)

linked SST to precipitation, streamflow and nitrate concentration in the Little River

Watershed in Georgia USA. They reported that the decrease of ocean temperature was

noticeable from El Nino (1997 to 1998) to La Nina (1998 to 1999). Their results seem-

ingly revealed that ENSO affected precipitation and streamflow and caused a change of

nitrate load in the river.

2.1.1.2 El Nino Southern Oscillation

The El Nino Southern Oscillation (ENSO) is an ocean-atmosphere phenomenon that

occurs mainly in the tropical Pacific Ocean. ENSO refers to a fluctuation of the ocean

temperature that is higher than average, known as El Nino. The El Nino event has a

connection to the Southern Oscillation Index (SOI) which indicates the difference in sea

level pressure between Tahiti and Darwin. The mean sea level pressure at Tahiti is less

than at Darwin (around -8), which corresponds to the El Nino. This phenomenon is

recognized as a major force that causes variations in climate patterns in many areas of

the globe.

ENSO events are frequently analyzed to indicate variations in regional climate pat-

terns. The winter severity indices in the Great Lake basin, which were simply character-

ized as warm, normal and cold winters were investigated for the relationships to ENSO

by Rodionov and Assel (2000). They found that a higher frequency of warm winters

corresponded to positive ENSO events; cold winters were more complicated and required

integration of more than two atmospheric indices to define their patterns. Shaman and

Tziperman (2011) identified the association of ENSO with precipitation in southwestern

Europe, and found that ENSO events were responsible for the precipitation decrease

during the wet season (September to December). ENSO also played a dominant role

in precipitation in eastern and southern Africa, while the tropical Atlantic SST was

highly correlated to western and west equatorial Africa rainfalls. The results of multiple

regression models driven by the two climate indices (ENSO and the tropical Atlantic

SST) explained the relationships between the indices and Sahel and Guinea rainfalls

(Camberlin et al., 2001). Chiew and McMahon (2002) found that streamflow in Africa

showed a moderate relationship to ENSO. Low flows in northern and southeast Africa

were associated with ENSO.
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2.1.1.3 North Atlantic Oscillation

The North Atlantic Oscillation (NAO) is the variations in low pressure around Iceland

and high pressure near the Azores (a region of Portugal). High intensity of this pressure

pattern between the two locations is termed a positive phase, and weakening of the

pattern a negative phase. The NAO patterns were found to be related to regional climate

in global areas, such as U.S., Europe and Africa.

Linderholm et al. (2009) linked droughts in Europe to the summer NAO. The pos-

itive phase of the summer NAO was responsible for dry and wet episodes in northern

and southern Europe respectively. Lopez-Bustins et al. (2008) searched for correlations

between Iberian winter precipitation trends and three teleconnection indices: the Arc-

tic Oscillation (AO), NAO, and the Western Mediterranean Oscillation (WeMO). They

found positive agreements between the precipitation and AO and NAO, and a negative

trend with WeMO. Krichak et al. (2014) investigated relationships between five large-

scale circulation patterns and extreme precipitation events in the Euro-Mediterranean

region. The NAO and AO indices had negative relationships to extreme precipitation in

the western Mediterranean, while positive relationships were found between ENSO and

the Scandinavian and eastern Atlantic/western Russian patterns. The eastern Mediter-

ranean was also positively related to the eastern Atlantic/western Russian patterns.

Numerous studies have investigated the relationships between local climatic and hy-

drologic variables, and the large scale patterns of atmosphere and oceans. However, the

physical mechanisms and dynamic aspects of those relationships have not yet been fully

explained (Chase et al., 2005; Srivastava et al., 2002).

2.1.2 Teleconnections between SST and the Sahel rainfall

Over the past ten years, many studies have attempted to determine the impact of large-

scale climate/ocean indices on rainfall variability in the Sahel region. SSTs are considered

one of the most prominent climate/ocean patterns linked to Sahel rainfall. An increase

in SSTs could cause a high rate of evaporation corresponding to wet episodes in some

regions, as well as higher sea levels in some ocean areas (Singh, 2001).
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2.1.2.1 Physical mechanisms between tropical SSTs and the Sahel rainfall

Variations of Sahel rainfall are chiefly associated with temperatures of the ocean surfaces

and the movement of warm and cold SST in the oceans. SST anomalies influence the

changes of atmospheric circulation patterns on both local and regional scales. An area of

atmospheric subsidence improves rainfall reduction, while atmospheric convection results

in increased rainfall. Mohino et al. (2011) and Palmer (1986) found that the tropical

circulation related to the variation of both Pacific and Atlantic SSTs accounted for

seasonal rainfall variability over western Africa. Rowell (2001) also determined that the

Sahel rainfall fluctuation was substantially regulated by various SST patterns around the

globe. However, this research only focuses on using Pacific and Atlantic ocean SSTs for

seasonal forecasting, and thus describes only the physical mechanisms between the SSTs

and Sahel rainfall.

A movement of warm SST, particularly in the tropical Pacific region, strongly influ-

ences changes in location of anomalous subsidence over western Africa responding to wet

and dry episodes in the area (Rowell, 2001). Movement of warm SST from the tropical

region to the easternmost central Pacific and western Indian Oceans, leads to an in-

crease in high convective heating (convergence at low level and divergence at high level)

over the two areas (Mohino et al., 2011). This enhances large atmospheric subsidence

over the northeastern equatorial Atlantic, the Sahel region, the South of Sahara and the

Middle East. The atmospheric subsidence causes instability in convective heating and

increases mean sea level pressure, resulting in decreased moisture from the oceans to the

Sahel region influenced rainfall reduction (Palmer, 1986). The warmest SST temporar-

ily remains at the eastern central Pacific for a while, then the movement of warm SST

from the eastern Pacific Ocean, combined with cooler in tropical Atlantic and maritime

continent (Indonesia, New Guinea and Malaysia) SSTs and warmer Indian Ocean SST,

are associated with anomalous subsidence decreases, resulting in rainfall increases in the

Sahel (Rodriguez-Fonseca et al., 2011). These mechanisms correspond to the study of

Rowell (2001) depicted in Figure 2.1, which shows the combination of the change of

SST, location and the direction of the Kelvin and Rossby waves influencing to the Sahel

rainfall variability. Strong ENSO, which is warmest SST in the eastern Pacific, combined

with warm SST in the Indian Ocean, causes dry conditions (narrow convective clouds)

in the Sahel (shown in Figure 2-1 (a)), while anomalous SST in western Pacific (shown

in Figure 2-1 (c)) is associated with rainfall increase over western Africa. More details

of the impact of the Rossby and Kelvin waves can be found in Rowell (2001).
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While the tropical Pacific SST is associated with large scale atmospheric circulation

across the Pacific Ocean to western Africa, the Atlantic SST anomalies influence nearby

Sahel precipitation through changes of sea level pressure gradient. Zheng et al. (1999)

showed the interaction between a warm spring Atlantic SST (April to June) and western

African rainfall. They concluded that positive SST anomalies in the spring caused African

rainfall reductions in the same season, but led to rainfall increases in the following summer

and autumn seasons. Rowell (2001) also indicated that the Sahel drought was associated

with a warm phase of the Atlantic SST. The physical mechanism behind this phenomenon

was explained by Zheng et al. (1999), who showed that positive SST anomalies in spring

caused immediate warming air currents over the ocean, leading to a decrease of density

gradient between ocean and land that resulted in a reduction of monsoon strength in the

spring. Following this, precipitation over land increased in summer (when the strength

of the positive SST anomaly was reduced) due to the influence of advection by the large

scale circulation increase. This enhanced moisture over land was also affected by an

increase in greenhouse trapping, which raises the air temperature over land and induces

a strong monsoon signal. Biasutti et al. (2004) investigated how changes in the tropical

Atlantic SST affected the Sahel rainfall. Their simulations showed that movement of the

Intertropical Convergence Zone (ITCZ) was related to changes of SST at a seasonal scale.

The ITCZ naturally locates over the warmest area of the ocean, and is the main factor

driving the Western African Monsoon (WAM). SST variability responds to a change of

the boundary layer of the atmosphere, specifically the advection of temperature anomalies

from the northern Atlantic over the Sahara, and the advection of moisture from the Gulf

of Guinea and equatorial Africa to the Sahel (Biasutti et al., 2004). Rodriguez-Fonseca

et al. (2011) concluded that the mechanisms of changes of SSTs corresponded to rainfall

variability in the Sahel. This is clearly illustrated in Figure 2.2 , which shows that SST

variations in all tropical regions, combined with other factors such as Rossby wave (high

latitude air circulation moving westward) and Kelvin wave, cause fluctuation in rainfall

over the Sahel.

2.1.2.2 Relationships between SST and rainfall in the Sahel

Folland et al. (1986) investigated changes in wet and dry periods in the Sahel region

that were driven by worldwide SSTs, and found that SST patterns accounted for shifts

of tropical atmospheric circulation related to rainfall variability in the Sahel. Giannini

et al. (2003) found correlations between the SST of all oceans in a tropical region and

Sahel rainfall. This conclusion is similar to Ward’s (1992) who stated that the variation
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Figure 2.1: Schematic of SST anomalies, Rossby wave and Kevin wave impact on rainfall

variability over the Sahel (Rowell, 2001)
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Figure 2.2: Diagrams of the mechanism between the West African Monsoon and SST: a)

Mediterranean b) tropical Atlantic c) tropical Pacific and d) global tropical SST forcing

(Rodriguez-Fonseca et al., 2011)
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in Sahel rainfall was due to the tropical Atlantic and other oceans.

Hunt (2000) studied the correlation between prolonged rainfall in the Sahel as repro-

duced by a couple atmospheric-oceanic CSRIO model and the Pacific SST, and found

a negative correlation of -0.39 between the Sahel rainfall and the low latitude Pacific

SST. Rowell (2001) confirmed the teleconnection between summer rainfall over the Sahel

and the tropical Pacific SST, and found associations of the local rainfall to the temper-

atures of the western Pacific and the eastern Indian oceans. The impact of changes in

Pacific and Indian SSTs on dry conditions over the Sahel was also verified by Mohino

et al. (2011). Increasing SST in these oceans was the cause of a dry season in Sahel.

Palmer (1986) explained that rainfall reduction over the western Sahel was influenced

by the Pacific and Atlantic Oceans, while the Indian Ocean was responsible for rainfall

decreases in the eastern Sahel. Biasutti et al. (2008) concluded that the Sahel rainfall

had a negative correlation with the tropical Indo-Pacific SSTs, but a positive correlation

with the tropical Atlantic meridional SST gradient. Janicot et al. (2001) linked the

inter-annual variability of the 1954 to 1973, July-August Sahel rainfall (during a wet

period and transitions to a dry period) to the tropical Atlantic and western equatorial

Indian Ocean SSTs. The dry season showed positive correlations with both SSTs, while

the wet rainy season had negative correlations. Furthermore, rainfall events from 1970

to 1989 (the dry period) negatively correlated with the eastern equatorial and tropical

Pacific SSTs (ENSO event). Lu and Delworth (2005) used a climate model to investigate

teleconnections between the tropical oceans with Sahel droughts. Though all tropics

were associated with Sahel dry periods, the greatest impact on drought was due to

changing SSTs in the Indian and Pacific oceans, rather than the Atlantic. Fontaine and

Janicot (1996) concluded that negative and positive SSTs in the northern and southern

Atlantic Ocean respectively were important to addressing drought seasons in the Sahel.

Rowell (2003) found that the Sahel rainfall variability was related to the changes in the

Mediterranean SST. Increasing the SST was responsible for high rainfall amounts, and

vice versa. High moisture content at low atmosphere levels naturally results in higher

rainfall. Studies of atmospheric modeling and analysis of observational climate data since

the 1980s confirm that rainfall variability in Sahel is naturally governed by SSTs (Held

et al., 2005).

Table 2.1 and 2.2 summarized the teleconnections between SSTs and Sahel rainfall.

It is worth noting that the dominant role of SST on rainfall varies in the aforemen-

tioned studies, due to the differences in time periods, data sources, specific SST area

and methodologies. However, all the studies found robust scientific evidence support-
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ing the use of SSTs for seasonal rainfall forecasting in the Sahel. Further details of the

teleconnections between SSTs and Sahel rainfall can be found in Biasutti and Giannini

(2006), Caminade and Terray (2010), Folland et al. (1991), Lough (1986), Xue and

Shukla (1998).

2.1.3 Teleconnections between other variables and the Sahel

rainfall

Other well-known, large scale atmospheric patterns connected with local rainfalls in the

Sahel region include sea level pressure (SLP), the North Atlantic Oscillation (NAO),

the El Nino Southern Oscillation (ENSO). Raicich et al. (2003) studied the connection

between SLP and Sahel rainfall and concluded that the rainfall was apparently influenced

by the SLP of the Mediterranean and the Etesian wind strength. Ward (1992) found that

the low SLP in the tropical Pacific near New Guinea accounted for wet seasons in the

Sahel. Haarsma et al. (2005) explained the physical mechanisms between mean sea level

pressure (MSLP) and rainfall in the Sahel. Decreasing MSLP over the Sahara resulted in

increasing surface air temperature, which led to higher rainfall in the Sahel. Linderholm

et al. (2009) explored the relationship between wet and dry seasons in the Sahel, and

summer NAO. Though, they found that dryness was associated with the positive summer

NAO, the physical mechanism behind this relationship was undetermined. Wolter (1989)

found that the Southern Oscillation was connected to Sahel rainfall especially in the

Pacific and Indian oceans. In addition, the Atlantic Multidecadal Oscillation (AMO)

also induced droughts in the Sahel (Knight et al., 2006).

2.2 Seasonal forecasting

Seasonal forecasting is a prediction of changes in average weather or hydrologic conditions

over the subsequent few months (Udall and Hoerling, 2005). It can be achieved various

ways, which are generally divided into three groups: dynamic models, statistical models

and dynamic and statistical model combinations. Dynamic models consist of algorithms

representing the interactions between atmosphere, ocean and land conditions. Statistical

models account for the trends and statistical parameters of variables to be investigated.

The combination of dynamic and statistical models initially develops variables using

dynamic models, then applies statistical analysis to determine interactions with local

conditions. Seasonal forecasting is of great benefit to decision-makers in various sectors,
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including agriculture, water resource management and disaster mitigation. Garric et

al (2002) indicated that seasonal rainfall forecasting was important for northern Africa

because rainfall generally occurs in monsoon season, which varies strongly at interannual

scales.

2.2.1 Seasonal precipitation forecasting

Seasonal precipitation forecasting can be achieved using dynamic or statistical models. A

general circulation model (GCM), a dynamic model, is widely known but has limitations

including computational access and the use of forecasted outputs at a local scale when

the model is implemented. Consequently, statistical models are preferable for seasonal

forecasting, particularly when studying local impacts. The following section discusses

researching seasonal precipitation using both approaches.

2.2.1.1 Seasonal precipitation forecasting using dynamic models

GCMs are large, and complex applications based on physical laws, such as Newton’s law

of motion and the laws of thermodynamics. They are typically divided into three groups:

atmospheric general circulation models (AGCMs), oceanic general circulation models

(OGCMs) and coupled general circulation models (CGCMs). AGCMs consider atmo-

spheric processes, including dynamical, physical and chemical activities, and OGCMs

consider oceanic circulation. CGCMs integrate the interaction between atmospheric and

oceanic processes to simulate an atmospheric-oceanic circulation system.

GCMs have been widely used to forecast seasonal precipitation in various regions,

including the Sahel. The most common variable forced into these models is SST.

Marengo et al. (2003) studied regional rainfall predictability in various areas, includ-

ing central Australia, India and eastern Africa, at a seasonal time scale using AGCM

(CPTEC/COLA) driven by SST. Though, reliable forecasts were achieved in most ar-

eas, some required the El Nino and La Nina conditions. Giannini et al. (2003) used

AGCM forced by observed SSTs from 1930 to 2000 to estimate oceanic influence on

Sahel July-August-September (JAS) precipitation variability. The correlation coefficient

(R) between the forecasted and observed rainfalls was approximately 0.6. Ndiaye et al.

(2011) forecasted the seasonal Sahel rainfall using several AGCMs and CGCMs. Results

revealed that the forecasting skill of AGCMs driven by observed SSTs for seasonal rainfall

prediction was low. However, the skill improved at one month lead times when statistical

post-processing and the predicted low-level wind field over the tropical Atlantic and West
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Africa were applied; the R value between predicted and observed rainfall increasing to

0.6. Ndiaye et al. (2009) predicted the JAS Sahel rainfall using a GCM forced by SST

combined with a model output statistic, and obtained a correlation skill of approximately

0.55 with a one month lead time. Garric et al. (2002) compared the performances of

a dynamic atmospheric model known as ARPEGE and a simple regression model for

precipitation prediction during a monsoon season. They found that the ARPEGE was

less capable than the statistical model for forecasting, but more successful at generating

the variability of large scale monsoon circulation. July-September Sahel rainfall were

forecasted using GCM forced by worldwide SST patterns (Rowell et al., 1992). The R

value between simulation and observed precipitation was 0.87 at one month lead time,

and gradually decreased with longer time lags.

As mentioned, the main limitations of dynamical models are their high computational

costs, and the volume of resources require to issue the forecasts. Furthermore, because

their outputs have low spatial resolution, additional steps are required to complete the

analysis. Raje and Mujumdar (2011) found that the resolution of variables provided by

GCMs was inadequate for generating runoff in most study areas. GCM predicted fields

are available at low spatial scales of approximately 2.5 x 2.5 degrees. Thus, downscaling

approaches are required to forecast precipitation and streamflow at a practical spatial

scale (Sankarasubramanian et al., 2008).

2.2.1.2 Seasonal precipitation forecasting using statistical models

Due to the high variability of rainfall, statistical models also play an important role in

seasonal rainfall simulations (Chow et al, 1988). The models use historical observations

as predictands, and climate or oceanic indices as predictors. Both linear and non-linear

regressions have been applied to describe the connections between predictors and predic-

tands (Collins et al, 2004; Rajeevan et al., 2005; Chambers, 2003).

Statistic methods have been used in various regions to predict local climate and

hydrologic variables. For example, Ward and Folland (1991) forecasted rainfall in the

North Nordeste of Brazil using multiple linear regression and linear discriminant analysis.

The models were driven by the tropical Atlantic and Pacific SSTs, and they revealed

that 50% rainfall variance or more could be forecasted with the statistical techniques.

Gissila et al. (2004) conducted cluster analysis for rainfall forecasting in Ethiopia, a

location with high spatial rainfall variability. They also used linear regression forced

by the SST of the tropical western Indian Ocean and Nino index one season before the

target rainy season for each section, and found that applying the cluster method was
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a key to successful rainfall forecasting in this area. Mason (1998) employed quadratic

discriminant analysis to forecast rainfall in South Africa three and six months in advance,

using the SSTs in the Indian, South Atlantic and Pacific oceans. High forecasting skills

were also achieved in many countries in South Africa. Mutai et al. (1998) tested the

abilities of linear discriminant analysis and multiple linear regression for seasonal rainfall

forecasting in eastern Africa using the tropical SST patterns of the Pacific, Indian and

Atlantic oceans specifically. They found that rainfall prediction with zero lead time was

possible with these methods. Wang et al (2012) employed Bayesian model averaging

(BMA) to merge forecasts from multiple statistical models for rainfall forecasting, and

found that merged forecasts developed forecasting skills more effectively, and were reliable

to represent uncertainty spread. Luo et al. (2007) used BMA for seasonal forecasts of

SST over the equatorial Pacific and precipitation over the Ohio River basin, and showed

that BMA successfully generated forecasts with smaller root mean square error and rank

probability score compared to climate models. Since statistical seasonal forecasting in

the Sahel is the focus of this study, more details of the research conducted in the region

are presented in the following section.

Most seasonal rainfall forecasting studies conducted in the Sahel region frequently

used SST as a predictor. Abedokun (1979) used lag correlation analysis to forecast rain-

fall, by initially searching for the relationship of rainfall data sets obtained from climate

stations. He divided the Sahel into three zones, and found that the best correlation (R)

with two month lag was 0.8 at the Lago station in southern Sahel and the inland Sahel

stations. Folland et al. (1991) applied two statistical models, stepwise linear regression

and stepwise linear discriminant analysis, to forecast the Sahel rainfall using global SSTs,

and generated a best forecast R of 0.72. Barnston et al. (1996) used canonical correla-

tion analysis (CCA) to forecast precipitation in Africa at lead times of up to 13 months,

using four consecutive three month periods of global SSTs. They found the ability of the

model to forecast rainfall over Sahel with one month lead time was a relatively moderate

R of 0.33. The Sahel precipitation was also forecasted using SSTs in the equatorial At-

lantic, equatorial Indian, eastern equatorial Pacific, southern tropical Indian oceans as

well as rainfall averaged over the Guinea Coast as predictors (Garric et al., 2002). They

applied linear and multiple linear regressions, and obtained a best generated forecast us-

ing rainfall averaged of the previous monsoon (12 month lead time) with R of 0.67. Mo

and Thiaw (2002) used an ensemble canonical correlation method with SSTs to predict

rainfall in the Sahel, and stream functions at one month lead time as predictors. Their

best output was achieved using the ensemble mean between SST and stream function,
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with an R of 0.40. Badr et al. (2014) tested ten statistical methods with various large

scale variables in different areas, using principal component analysis (PCA) to combine

all-purpose predictors. Artificial Neural Network was the best method, with an R of

0.71. Table 2.3 and 2.4 summarized the statistical methods used for seasonal rainfall

forecasting in the Sahel and their forecasting performance.

2.2.2 Seasonal streamflow forecasting

Seasonal streamflow forecasts provide valuable information for water allocation and flood

protection. Two main methods are widely used to simulate river flows: physically based

hydrological models and statistical models. Hydrological models are capable of simulating

streamflows based on relevant physical processes in the real world, and they probably

generate more accurate forecasts than statistical models. However, they need to be

forced with numerous related parameters and climate variables from either observations

or climate model generation, and these prerequisites often make it difficult for users

to get reliable forecasts. The forecasting skill of seasonal hydrological models could be

improved with more effective climate predictions or initial condition estimates (Yossef et

al., 2013).

Statistical models are the other option for seasonal streamflow forecasting. They

generate statistical relationships between significant variables that are available prior

to forecasted date. Statistical models require far less information than physical based

hydrological models, but their simulations are more sensitive and they only analyze

data characteristics, no physical processes are considered. However, statistical models

can simulate acceptable outputs several months in advance, unlike hydrological models

which usually can only provided acceptable forecasts with shorter lead times (one to

three months) (McCuen et al., 1979; Shukla and Lettenmaier, 2011).

There is a distinct need for more research on seasonal streamflow forecasting in the

Sahel region. Investigating current works with statistical and hydrological models devel-

oped in other regions would improve understanding of the methodologies and the models’

capabilities. Both linear and non-linear regression can be found in seasonal streamflow

forecasting when statistical approaches are applied.



Literature review 24

T
ab

le
2.

3:
P
er

fo
rm

an
ce

s
of

st
at

is
ti
ca

l
se

as
on

al
m

o
d
el

s
in

th
e

S
ah

el
re

gi
on

as
p
u
b
li
sh

ed
in

va
ri
ou

s
st

u
d
ie

s

A
u
th

o
r

(s
)

S
ta

ti
st

ic
a
l
m

e
th

o
d
s1

/
P

re
d
ic

to
r

(s
)

P
re

d
ic

ta
n
d

R
e
su

lt
s2

/
L
e
a
d

ti
m

e

A
b
ed

ok
u
n

(1
97

9)
L
in

ea
r

re
gr

es
si

on
m

o
d
el

R
ai

n
fa

ll
s

of
th

e

S
ou

th
of

S
ah

el
;

R
ai

n
fa

ll
R
v

0.
8

2
m

on
th

s

F
ol

la
n
d

et
al

.

(1
99

1)

E
m

p
ir
ic

al
or

th
og

on
al

fu
n
ct

io
n

(E
O

F
)/

S
te

p
-

w
is

e
li
n
ea

r
re

gr
es

si
on

/

S
te

p
w

is
e

li
n
ea

r
d
is

cr
im

i-

n
at

io
n

W
or

ld
w

id
e

S
S
T

s

R
ai

n
fa

ll
R

=
0.

72
1

m
on

th
s

B
ar

n
st

on
et

al
.

(1
99

6)

E
O

F
/C

C
A

G
lo

b
al

S
S
T

R
ai

n
fa

ll
R

=
0.

33
1

m
on

th
s

G
ar

ri
c

et
al

.
(2

00
2)

S
im

p
le

/
m

u
lt
ip

le
li
n
ea

r

re
gr

es
si

on

S
S
T

s/
R

ai
n
fa

ll
R

ai
n
fa

ll
R

=
0.

67
12

m
on

th
s

M
o

an
d

T
h
ia

w

(2
00

2)

E
n
se

m
b
le

ca
n
on

ic
al

co
r-

re
la

ti
on

S
S
T

s/
S
tr

ea
m

-

fu
n
ct

io
n

R
ai

n
fa

ll
R

=
0.

4
1

m
on

th
s

R
em

ar
k
:

1
/
:

A
ll

st
at

is
ti
ca

l
m

et
h
o
d
s

w
er

e
te

st
ed

in
ea

ch
st

u
d
y.

2
/
:

B
es

t
re

su
lt

ge
n
er

at
ed

fr
om

ea
ch

st
u
d
y.



Literature review 25

T
ab

le
2.

4:
P
er

fo
rm

an
ce

s
of

st
at

is
ti
ca

l
se

as
on

al
m

o
d
el

s
in

th
e

S
ah

el
re

gi
on

as
p
u
b
li
sh

ed
in

va
ri
ou

s
st

u
d
ie

s
(c

on
’t
)

A
u
th

o
r

(s
)

S
ta

ti
st

ic
a
l
m

e
th

o
d
s1

/
P

re
d
ic

to
r

(s
)

P
re

d
ic

ta
n
d

R
e
su

lt
s2

/
L
e
a
d

ti
m

e

B
ad

r
et

al
.

(2
01

4)
-F

u
ll
-c

ov
ar

ia
te

ge
n
er

al
iz

ed
li
n
ea

r
m

o
d
el

-S
el

ec
te

d
ge

n
er

al
iz

ed
li
n
ea

r
m

o
d
el

b
as

ed
on

st
ep

w
is

e
se

le
ct

io
n

-F
u
ll
-c

ov
ar

ia
te

ge
n
er

al
iz

ed
ad

d
it
iv

e

m
o
d
el

-S
el

ec
te

d
ge

n
er

al
iz

ed
ad

d
it
iv

e
m

o
d
el

b
as

ed
on

p
en

al
iz

ed
te

rm
s

-M
u
lt
iv

ar
ia

te
ad

ap
ti
ve

re
gr

es
si

on

sp
li
n
e

-C
la

ss
ifi

ca
ti
on

an
d

re
gr

es
si

on
tr

ee
s

m
o
d
el

-B
ag

ge
d

cl
as

si
fi
ca

ti
on

an
d

re
gr

es
si

on

tr
ee

s
m

o
d
el

-B
ay

es
ia

n
ad

d
it
iv

e
re

gr
es

si
on

tr
ee

s

m
o
d
el

-R
an

d
om

fo
re

st
m

o
d
el

-A
rt

ifi
ci

al
n
eu

ra
l
n
et

w
or

k

-S
u
rf

ac
e

ai
r

te
m

-

p
er

at
u
re

-S
S
T

-S
ea

le
ve

l
p
re

ss
u
re

-S
O

I

-E
N

S
O

-A
M

O

-N
A

O

-H
u
rr

ic
an

e
m

ai
n

d
ev

el
op

m
en

t

-N
or

th
er

n
P
ac

ifi
c

P
at

te
rn

-P
ac

ifi
c

d
ec

ad
al

O
sc

il
la

ti
on

R
ai

n
fa

ll
R

=
0.

71
0

m
on

th
s

R
em

ar
k
:

1
/
:

A
ll

st
at

is
ti
ca

l
m

et
h
o
d
s

w
er

e
te

st
ed

in
ea

ch
st

u
d
y.

2
/
:

B
es

t
re

su
lt

ge
n
er

at
ed

fr
om

ea
ch

st
u
d
y.



Literature review 26

2.2.2.1 Hydrologic models

One of the conceptual rainfall-runoff models regularly used for hydrologic estimation and

forecasting is the Soil and Water Assessment Tool (SWAT). SWAT devised by the USDA

Agriculture Research Service, and has been continuously developed and enhance for al-

most 30 years. Gassman et al. (2007) indicated that SWAT is a watershed modeling

tool that strongly outperforms others in hydrologic schemes. SWAT has been adopted as

a part of the United States Environmental Protection Agency (USEPA) Better Assess-

ment Science Integrating Point and Nonpoint Sources (BASINS) software package, and

it is being used by various U.S. federal and state agencies. Trambauer et al. (2013) at-

tempted to find suitable models for hydrological drought forecasting in Africa at different

temporal and spatial scales. Of the 16 well-known hydrological models, SWAT was one

of the five of deemed suitable for African hydrological drought forecasting; the other did

not consider significant hydrological processes in arid regions, such as transmission losses

along the channel, re-infiltration and evaporation of surface runoff. SWAT has been

applied in many African hydrologic research studies, including climate change scenarios

(Amadou et al., 2014; Lubini and Adamowski, 2013; Sood et al., 2013), calibration and

sensitivity analysis applications (Mulungu and Munishi, 2007; Schuol and Abbaspour,

2006) and land use effects (Baker and Miller, 2013; Bossa et al., 2012; Mango et al.,

2011).

SWAT has rarely been used for streamflow forecasting in the Sahel, but it has been

applied in various other regions. Akiner and Akkoyunlu (2012) employed SWAT for

river flow forecasting in the Melen watershed in Turkey, achieving acceptable river flow

simulations using daily precipitation forecasts as the key input data. In addition, they

showed that the model’s reliability was dependent on an operation in the calibration

process. Jajarmizadeh et al. (2014) used the SWAT model for monthly streamflow

prediction in southern Iran. They compared SWAT performance to that of a support

vector machine model, and both showed satisfactory monthly flow predictions with only

minor differences. However, both models were unable to capture high flow periods.

Alansi et al. (2009) confirmed the efficiency of SWAT for flow forecasting in humid

tropical condition, when they used it to study the effects of land use change on flow in

the Upper Bernam River Basin, Malaysia.

Other rainfall-runoff models used for streamflow forecasting are discussed here. The

MWB and the SIMHYD models were employed to simulate streamflows in eastern Aus-

tralia (Wang et al., 2011). The SIMHYD, the most common model used in Australia,
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needs up to ten parameters, while the MWB requires only four parameters. They used

monthly rainfall and potential evaporation before the forecasted year at various time

scales (eg. one year and five years) and initial soil moisture and groundwater storage

conditions to simulate streamflows. The accuracy of their results varied each month.

Tuteja et al. (2011) used three rainfall-runoff models for streamflow forecasting in eight

catchments in Australia. Sacramento, SIMHYD and SMAR models were driven by rain-

fall forecast combinations of one month and three months lead time, and the potential

evapotranspiration data. SMAR was relatively outperformed by the other two models.

Shukla and Lettenmaier (2011) simulated seasonal hydrologic forecasts in the U.S. us-

ing a macro scale hydrological model known as the Variable Infiltration Capacity. They

forced the model with the initial hydrologic conditions and climate forecasts, and con-

cluded that better climate forecast and initial condition skills can potentially improve

the forecasting skill.

2.2.2.2 Statistical models

Eldaw et al. (2003) applied multiple linear regression and PCA to forecast the seasonal

river flow in the Nile River during flood season (July to October). They used the Pacific,

Atlantic and Indian ocean SSTs and Guinea precipitation, with every consecutive four

month period up to one year as predictors. Their best prediction for validation phase in-

dicated a coefficient of determination (R2) of 0.68, using the most suitable period between

August and November from the previous year as the predictor. The Pacific and Atlantic

SSTs were also employed to forecast streamflow in the continental United States with 12

month lead times by Tootle et al. (2007), using partial least squared regression. They

applied the LEPS score to estimate their simulations, and as it was greater than 10% the

forecasting skills were acceptable. Wang et al. (2009) used Bayesian joint probability for

seasonal streamflow forecasting in southeast Australia with ENSO indices and antecedent

streamflows as predictors. They obtained an acceptable LEPS skill score (30% or higher)

with one month lead time, which showed better forecasting skills than previous studies

in the same region. Piechota et al. (1998) forecasted every three-month streamflows av-

erage for an entire year in ten eastern Australian catchments, with the Pacific SST and

SOI as predictors. They used linear discrimination and linear combination as tools, and

estimated their results by categorizing the flows into three classes. If forecast probabili-

ties are similar to climatology no new information will be obtained. The performance of

models was better than the climatology in many stations and various seasons. Landman

et al. (2001) simulated streamflow forecasts over southern Africa, using SSTs at one and
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three month lead times to force the GCM to simulate geopotential height and relative

humidity at the first step. These results were then downscaled and statistical approaches

were applied to examine the relationship with local streamflows. Sankarasubramanian

et al. (2008) forecasted streamflows five months in advance for a reservoir system in the

Philippines, using both climate and statistical models. They first forced the ECHAM

4.5 GCM with SSTs and generated synthetic precipitation, then linked the precipitation

to monthly streamflows using principal component regression. The results showed that

monthly streamflows during October to February were correlated with the simulated

precipitation data that was generated via SSTs five months ahead.

Large scale atmospheric-oceanic patterns are not the only predictors of streamflow

forecasting, the initial states of land surface variables are also employed for the seasonal

forecasting. Initial conditions, such as streamflow or rainfall available up to three months

before forecasted date, are also suitable for characterizing the initial conditions of a basin

(Robertson and Wang 2012). McCuen et al. (1979) used base flow and snow water

equivalencies to forecast streamflow in south Utah. They developed various models

with multiple linear regression, stepwise regression and PCA, and got good results with

various lead times up to 12 months, with an R of 0.8 to 0.9. Maurer and Lettenmaier

(2003) attempted to improve the forecasting skills of runoff in the Mississippi River,

USA, by applying both climatic indices (i.e. SOI and AO) with soil moisture and snow

water equivalents as predictors, using multiple linear regression. Their results showed

that adding land surface variables significantly improved the model’s ability in many

areas. Applying Bayesian approach, (Kwon et al., 2009) used upland snow cover and

global SSTs as predictors of seasonal streamflow forecasting in the Yangtze River basin

China. Seasonal and peak flows were forecasted one season prior to the issued forecasts,

and the correlation coefficients between observations and forecasts were approximately

0.7 to 0.8 respectively. Other research studies of seasonal streamflow forecasting using

statistical models include Souza Filho and Lall (2003), Robertson et al. (2013), Abudu

et al. (2010), Berri and Flamenco (1999), Hamlet and Lettenmaier (1999) and Piechota

and Dracup (1999).
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2.3 Model calibration and validation

One of the main aspects of rainfall-runoff applications is identifying optimum values for

model parameters. Conceptual models such as SWAT typically have a large number of

parameters. Streamflow simulation, for example, consists of various factors (e.g. surface

runoff, return flow, evapotranspiration and channel transmission losses) which are com-

prised of several parameters that cannot be measured in the field. Therefore, searching

for suitable parameter values is done by repetitively adjusting the significant parame-

ters until simulated outputs correspond to observations. An approach is the calibration

process, and the criteria employed to measure how consistent data sets are with each

other are called calibration criteria or objective functions (Duan et al, 1994). The input

parameters lastly determined by the calibration are used to produce simulations in a

validation process (Moriasi et al., 2007). Yang et al. (2008) found that the uncertainties

in model structure, parameters and input data make this a challenging task in watershed

model calibration. Inadequate calibration is one of various reasons (e.g. short periods of

streamflow observation and lack of rainfall spatial variability in the watershed) for poor

hydrologic prediction using SWAT (Arnold et al., 2012).

2.3.1 The calibration of SWAT model

Since SWAT has a large number of parameters, a prior process known as sensitivity

analysis is applied to identify the significant parameters for a particular basin, and for

a variable of the interest. Sensitivity analysis determines the rate of change in the

simulation corresponding to the adjustment of parameter values (Arnold et al., 2012;

Moriasi et al., 2007). There are two methods of sensitivity analysis: local and global.

The local method changes parameter values one parameter at a time, and the global

method adjusts all parameters simultaneously. While using global sensitivity analysis

requires a large number of simulations, the local method leads to difficulty defining the

correct values for fixed parameters (Arnold et al., 2012). Sensitivity analysis ultimately

defines a set of significant parameters, and the values of these will then be adjusted in

the calibration process; which can be done using the auto calibration tools in SWAT or

by applying SWAT-CUP (SWAT calibration and uncertainty programs). SWAT-CUP

has been used to calibrate SWAT models in many research works (e.g. Jajarmizadeh et

al., 2013; Masih et al., 2001; Wang et al., 2014).

Model parameterization can be accomplished using one of these five approaches avail-

able in SWAT-CUP: sequential uncertainty fitting (SUFI2), particle swarm optimization
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(PSO), generalize likelihood uncertainty estimation (GLUE), parameter solution (Para-

Sol) and Markov chain Monte Carlo (MCMC). These techniques have differences in

perspective, and in objective functions they use for estimation; consequently, it is impos-

sible to clearly compare their calibration performance (Yang et al., 2008). Yang et al.

(2008) compared the performance of SUFI2, GLUE, Parasol and MCMC in terms of their

parameter distribution, simulation performance, uncertainty of model prediction and dif-

ficulty of implementation, as well as the computational effort required. They concluded

that GLUE, SUFI2 and ParaSol were computationally inexpensive compared to MCMC,

and that SUFI2 and GLUE were liable for all uncertainties (e.g. structural, input and

parameter) while Parasol was only responsible for parameter uncertainty. In addition,

GLUE, SUFI2 and MCMC had similar uncertainty prediction bands. Setegn et al. (2008)

employed SWAT for streamflow prediction in the Lake Tana Basin in Ethiopia. They

used SUFI2, GLUE and Parasol algorithms for the model calibration, and concluded

that all three approaches could minimize the differences between flow simulations and

observations. They also found that SUFI2 was an efficient algorithm, though it required

more iterative and manually alteration the range of significant parameters. Mamo and

Jain (2013) compared the efficiency of SUFI2 to Parasol, and concluded that SUFI2 was

superior for changing the objective estimation functions and modifying the parameter

ranges.

The performance of SUFI2 and GLUE were also compared by Luo et al. (2011)

and Nkonge et al. (2014). Luo et al. (2011) simulated discharge in a Japanese river

catchment, and applied SUFI2 and GLUE in the calibration step. Their results showed

that GLUE had insignificantly better performance than SUFI2, but SUFI2 was better

for simulations with the smallest sample size. Nkonge et al. (2014) used SUFI2 and

GLUE to calibrate the model for streamflow simulation in the upper Tana sub-watershed

in Kenya, and determined that SUFI2 was generally more efficienct than GLUE, with

lower computational cost. And similar to Ma et al.(2014), also found that SUFI2 had

higher performance than the other SWAT-CUP algorithms, and that it was widely used

for calibrating streamflow simulation, sediment yield and water quality.

SUFI2 applied a sampling method known as Latin Hypercube Sampling (LHS) to

define the values of specific parameters for a calibration period. LHS splits each pa-

rameter equally into n intervals (where n is the number of defined simulations), and

selects one sample from each interval according to the density of the interval (Wyss and

Jorgensen, 1998). The SUFI2 algorithm first determines the objective functions to be

used as estimation criteria, then defines the ranges of significant parameters for the first
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run of LHS; the ranges can be equal or smaller than the absolute ranges determined in

SWAT-CUP. Then n simulations with parameter combinations are run using LHS, with

n specified by the user. Following this, the sensitivity matrix known as the Jacobian ma-

trix, which is the ratio between the value of defined objective function and parameters, is

constructed. A Hessian matrix resulting from the multiplication of the Jacobian matrix

and its transpose is calculated, the parameter covariance matrix is computed, and the

95% confidence interval of the parameter is generated. Finally, the range of parameter is

updated, resulting in a smaller range. The details of the SUFI2 algorithm can be found

in Abbaspour (2012).

2.3.2 Model evaluation

There is no comprehensive information to completely explain the methods or criteria for

evaluating model accuracy (Moriasi et al., 2007). Moriasi et al. (2007) demonstrated

three quantitative statistics used to evaluate watershed simulations: standard regres-

sion, dimensionless index and error index. Standard regression techniques can determine

the strength of the linear relationship between observations and simulations, while di-

mensionless indices define relative model evaluation, and error indices resulted in the

deviation of simulated and observed data (graphical techniques can also be used for

visual comparison of the two data sets). The statistical criteria used extensively for esti-

mation in the calibration process are R2 and the Nash-Sutcliffe coefficient (Ef ) (Arnold

et al., 2012). The criteria can be seen in numerous research works related to rainfall-

runoff model simulations, for example Fiseha et al. (2013), Kushwaha and Jain (2013),

Ridwansyah et al. (2014), Saha et al. (2014), Setegn et al. (2014). R2 is a standard

regression statistic that indicates the proportion of observation variance described by the

model. R2 ranges from 0 to 1, with 0 representing no correlation, and values close to 1

representing high variance correlation. Ef is used to estimate the relative magnitude of

the variance of the residual compared to the variance of observation (Nash and Sutcliffe,

1970 cited in Moriasi et al., 2007). Ef values range from ∞ to 1, with 1 being perfect

simulation. Negative values of Ef refer to the use of average observations for predictions,

rather than simulated values.

Currently, there is no absolute value for each criterion to identify how well a model can

establish simulations (Arnold et al., 2012). Moriasi et al (2007) concluded that R2 values

higher than 0.5 most often signify acceptable simulation, and presented recommended

Ef value from various studies, as shown in Table 2.5. In comparisons of monthly and
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daily simulations, Ef values resulting from daily data seem to be higher than those from

monthly data, due to the increase in sampling size. The performance ratings of monthly

simulation reported by Moriasi et al. (2007) are illustrated in Table 2.6

2.4 Temporal disaggregation

Temporal resolution of input variables higher than monthly scale is usually required to

force in rainfall-runoff applications for hydrologic simulation and prediction (e.g. surface

runoff, streamflow and sediment yield). However, significant limitations of rainfall mea-

surements using rain gauges at high temporal scale are experienced globally, so reliable

data mostly are typically presented at a monthly or lower time step (Guenni and Bar-

dossy, 2002). Thus, temporal disaggregation methods are normally required to transform

data, in order to acquire the data in high temporal resolution.

The method of fragments, the basic temporal disaggregation approach, was first pro-

posed by Harms and Campbell (1967), and it has been continuously developed since.

The main challenge of this method is to find a suitable way to calculate the fragment

series used to multiply with the variable of interest. The fragment series are generated

using historic data (Maheepala and Perera, 1996). Mcmahon and Mein (1986) employed

this method to disaggregate annual flow forecasts to monthly flows by applying equations

to compute simulated monthly flows using monthly fragment series. These equations are

shown in Equation 2.1 and 2.2

Wij =
Fij

12∑

i=1

Fij

(2.1)

F ∗∗
ij = F ∗

j ∗ Wij (2.2)

where Wij is the monthly fragment flow of month i and year j, Fij is the monthly

historic data of month i and year j, and F ∗
j and F ∗∗

ij are the simulated annual flow from

a model of year i and the simulated monthly flow of month i and year j respectively.

Though, the method of fragments initially selects fragment series randomly, this random

selection does not provide satisfactory outputs related to the significant statistics (Wey,

2006). Mcmahon and Mein (1986) presented the key site approach to select the set of

fragment series. This method selects the set of fragments by considering the monthly

historic data with the closest magnitude to the generated annual flow.
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Table 2.5: Performance rating of daily simulations for Ef (Moriasi et al., 2007)

Model Value Performance

rating

Modeling phase Reference

HSPE >0.8 Satisfactory Calibration-validation Donigian et al. (1983)

APEX >0.40 Satisfactory Calibration-validation Ramanarayanan et al.

(1997)

SAC-SMA <0.70 Poor Autocalibration Gupta et al. (1999)

SAC-SMA >0.80 Efficient Autocalibration Gupta et al. (1999)

DHM >0.75 Good Calibration-validation Motovilov et al.

(1999)[a]

DHM >0.36

to 0.75

Satisfactory Calibration-validation Motovilov et al.

(1999)[a]

DHM <0.36 Unsatisfactory Calibration-validation Motovilov et al.

(1999)[a]

SWAT >0.65 Very good Calibration-validation Saleh et al. (2000)

SWAT 0.54 to

0.65

Adequate Calibration-validation Saleh et al. (2000)

SWAT >0.50 Satisfactory Calibration-validation Santhi et al. (2001);

adapted by Bracmort et

al. (2006)

SWAT >0.65 Satisfactory Calibration-validation Saleh et al.

(2004); adapted by

Narasimhan et al.

(2005)

[a] Adapted by Van Liew et al. (2003) and Fernandez et al. (2005)
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Table 2.6: Performance rating of monthly simulations for Ef (Moriasi et al., 2007)

Performance rating Ef value

Very good 0.75<Ef≤1.00

Good 0.65<Ef≤0.75

Satisfactory 0.50<Ef≤0.65

Unsatisfactory Ef ≤0.50

Srikanthan et al. (2002) used the method of fragments and the nonparametric model

to acquire monthly rainfall data throughout Australia, and concluded that both models

were equally capable of maintaining monthly rainfall characteristics. Wojcik and Buis-

hand (2003) combined a nearest-neighbour resampling approach and the method of frag-

ments to disaggregate daily precipitation and temperature for Maastricht, Netherlands to

6-hourly data, and found that the two methods could preserve a number of second order

statistics of both rainfall and temperature. The performance of the fragment method

was also compared to the Random Multiplicative Cascades and Randomized Bartlett

Lewis models for rainfall disaggregation from daily to hourly scale (Pui et al, 2009).

The results revealed that the method of fragments outperformed the other two models

in terms of reproducing statistic parameters closest to the observed data. However, this

method will only provide satisfactory outputs when a long record of historical rainfall

data is available.

Porter and Pink (1991) developed another method of fragments, which they dubbed

’the method of synthetic fragments’. As the method of fragments generates a monthly

fragment series which might have only a weak relationship to the original data set and

cause repetitive cyclic patterns (Wey, 2006; Maheepala and Perera, 1996), the method

of synthetic fragments was developed to address this type of problem. Similar to the

method of fragments, this approach produced the simulated annual data using applicable

models. The fragment series are generated by creating the synthetic data from various

methods (e.g. k-nearest neighbour), rather than using historic data as in the method

of fragments (Wey, 2006). The annual data computed from the monthly fragments that

closely conforms to the simulated data are selected to be used for disaggregation. After

computing the synthetic monthly fragments by the appropriate approaches, the monthly

series to be applied to the disaggregated simulated annual data are selected by Equation
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2.3

∝j=
n∑

i=1

((F ∗
ik − Wij)/(SDi

x))
2 (2.3)

where ∝j is the parameter for computing the minimum difference of the simulated

annual data using the models of year k and site i (F ∗
ik) with the annual data generated

by calculating the monthly fragments of year j and site i (Wij) and SDi
x is the standard

deviation of the historic data (Maheepala and Perera, 1996). Although, this method can

preserve the statistical properties of monthly data, it cannot maintain the correlation

between the last month of the past year and the first month of the following year. To

avoid this, data should be from the month with the minimum serial correlation in starting

year (Srikanthan and McMahon, 2001).

2.5 Conclusion and discussion of the literature re-

view

As indicated by diverse past works, there are teleconnections between large scale at-

mospheric - oceanic patterns, and climatic and hydrologic variables at regional or local

scale. This is one of keys to successful development of hydrological seasonal forecasting

in specific areas. The mechanisms of ENSO related to SST are responsible for rainfall

variations in West Africa, and many studies have strongly confirmed the predictability

of Sahel rainfall using the equatorial Pacific and Atlantic SSTs as predictors. Some re-

searchers investigated the capability of the Indian Ocean and the Mediterranean SSTs

for seasonal rainfall forecasting, but the teleconnection signals of the both indices are

apparently not as strong as the Pacific and Atlantic SSTs. Positive and negative corre-

lations of these SSTs to the Sahel rainfall depended on various factors and limitations

of these studies, including rainfall data, time period, the location of SST. More work

related to directly links of climate indices to streamflows in the Sahel is required, as only

the relationships between rainfalls and large-scale circulation patterns has been regularly

investigated in this region.

Seasonal rainfall forecasting in the Sahel was typically done using both dynamical and

statistical models. GCMs were widely used in the region, and they resulted in accept-

able to high forecasting skills using the correlation coefficient. However, the limitations

of GCMs in terms of high computation costs and low spatial resolution made seasonal
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rainfall forecasting difficult, so statistical models played a pivotal role. Various statisti-

cal methods were employed to forecast the Sahel rainfall, and the results ranged from

moderate to high forecasting skills using the correlation coefficient as an estimator. Most

research produced rainfall forecasts at zero to one month lead times, although one study

had outputs up to 12 months lead time, with moderate forecasting skill. All this work

confirms the potential of using statistical models driven by various indices such as SST,

ENSO and antecedent rainfalls, for seasonal rainfall forecasting. However, most fore-

casting studies in the Sahel were completed without considering streamflow forecasting,

which is highly important to the preparation for and alleviation of adverse events such

as droughts and flooding.

Seasonal streamflow forecasting can be accomplished using two main methods: hy-

drological models and statistical models. To forecast streamflow in advance, hydrological

models should be forced with forecasted rainfall and other climate variables. Here, SWAT

was selected as the tool to forecast streamflow on a monthly scale. SWAT is a physically

based model, commonly used for hydrologic variable simulations, such as streamflow, sed-

iment yield and nutrient loading. This study examined SWAT performance to forecast

streamflow in the Sahel. To obtain highly accurate streamflow forecasts using SWAT, the

calibration needs to be initially done. Various studies have tested and compared calibra-

tion methods. There are five approaches available to users for SWAT model calibration

in the SWAT-CUP application, and each has its own advantages and disadvantages (e.g.

GLUE, SUFI2 and Parasol applications with less computation costs); SUFI2 and GLUE

are responsible for all uncertainty sources. Calibrated model performance is estimated

using various criteria, R2, Ef and mean square error, for example.

Statistical methods have been used as tools to directly link streamflow to climatic-

oceanic indices in other regions, but few were conducted in Sahel. Outputs in the other

areas confirmed the possibility of predicting streamflow using large-scale circulation in-

dices, which is why direct linkages between SST to streamflow in the Sahel are examined

in this study. The method of fragments used to increase temporal scales is reviewed here.

The efficiency of this fragment method has been successful in many studies. Since using

this method to find appropriate fragment series to generate new higher temporal scale

data set is challenging, this work attempts to determine the most suitable way to acquire

the most accurate disaggregated data.
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Theory

This section presents all theories relating to this study. Though there are various statisti-

cal methods widely used for seasonal forecasting, only the four main approaches of prin-

cipal component analysis (PCA), canonical correlation analysis (CCA), simple/multiple

linear regressions and polynomial regression are described in details in this chapter. All

the concepts of hydrologic regime used to calculate streamflow based on the Soil and

Water Assessment Tool (SWAT) model are examined in the following section. Then

the techniques employed to evaluate the model’s performance, and the details of the

cost/loss ratio method used to estimate the economic value of the forecasting system are

explained.

3.1 Statistical techniques for seasonal forecasting

One of main objectives of this study is to apply statistical techniques to develop more

accurate forecasts on seasonal time scale. Statistical seasonal forecasting generally deals

with large scale atmospheric and oceanic patterns as independent variables. These data

are usually constructed as a grid of information consisting of a large number of data

sets. Thus appropriate methods for data reduction are necessary to decrease the data

sets that will be used in the regression analysis.

37
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3.1.1 Principal component analysis

PCA, sometimes known as empirical orthogonal function is possibly the most extensively

used analysis in multivariate statistical techniques (Wilks, 1995). McCuen et al. (1979)

and Tootle et al. (2007) indicated that PCA can overcome multicollinearlity in predictor

data. It is regularly used to reduce large volumes of data; decreasing data redundancy and

generating fewer data sets that account for variance and maintain general information of

original data set (Wilks, 1995). PCA applies mathematical concepts of general statistics

and linear algebra, such as covariance, standard deviation, eigenvectors and eigenvalues.

Step-by-step is used to produce the new data sets called principal components (PCs),

which are described in the following section.

Given that a data set called X is of interest. X contains K variables, and each element

consists of n observations. PCs are usually calculated from anomalies of the original data,

particularly if the data set consists of variables indicating different scales or units. The

method used to compute anomalies is simple subtraction of all values from the sample

mean, as shown in Equation 3.1.
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(3.1)

All anomalies of K variables and n observations are computed using the same process.

Finally, the original X data set is changed to the form of anomalies (X
′
) with the mean

values are zero; the physical dimensions, variances and inter-correlations remain the same

as the original data sets.

Then a variance-covariance matrix [S] of the X
′
data set (Equation 3.2) is generated

by calculating the variance of each K variable and the covariance between the variables,

with all variables in X
′

(K variables) paired to each other. The number of generated

variance and covariance data in the matrix [S] depends on the number of K. Equations

3.3 and 3.4 are used for variance and covariance calculations respectively. For example,

S1,1 in Equation 3.3 refers to the variance of the first variable (K1) and S1,2 in Equation

3.4 is the covariance of the pairwise relationship between the first (K1) and second (K2)

variables.
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S =
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(3.2)

V ar(S1,1) = [
n∑

i=1

(x
′

i − x̄
′
)2]/(n − 1) (3.3)

Cov(S1,2) = [
n∑

i=1

(x
′

i,k1 − x̄
′

k1)(x
′

i,k2 − x̄
′

k2)]/(n − 1) (3.4)

Eigenvector (e′) and eigenvalue (λ′) were then generated based on the variance-

covariance matrix [S]. The relationships between these three variables (i.e. [S], e′ and

λ′) are expressed in Equation 3.5 and 3.6. Each pair of eigenvectors and eigenvalues

must meet this function, and a simple linear algebra calculation helps to compute the

two variables. M pairs of eigenvector-eigenvalues are then generated, where M = K.

Wilks (1995) explained that the first pair of eigenvalue-eigenvectors can be defined by

considering the greatest number of eigenvalues, and the first eigenvector geometrically

responds to the largest variability of the given data [S].

[S]e′ = λe′ (3.5)

([S] − λ′[I])e′ = 0 (3.6)

Principal components (PCs) are then computed using Equation 3.7, where um repre-

sents the principal component (PC) (i.e u1 is the PC1). The first PC is the summation of

the multiplication of each element in the first eigenvector by the corresponding K vari-

able. The new axis is defined based on the first eigenvector, which is responsible for the

maximum joint variability of the data (Wilks, 1995). The second axis is perpendicular

to the first, and so on, as in Figure 3.1. The highest explained variance is found in the

first PC, and it decreases in the following PCs. Wilks (2011) compared anomalies of the

original data and the newly constructed data with PC1, as illustrated in Figure 3.2.

It is clear that the difference in anomalies between the raw data and the new data sets

generated by PC1 is insignificant.
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um = e
′T
m X

′
=

K∑

k=1

e
′
k,mx

′
k,m=1,2,3...m(3.7)

Figure 3.1: Examples of PC1 and PC2 in three variables (Wilks, 1995)

3.1.2 Canonical correlation analysis

Applying PCA to construct new data sets only accounts for the variability of indepen-

dent variables, while CCA, developed by Hotelling (1936), allows users to search for

interrelationships in linear form between multiple independent and dependent variables.

The typical form of CCA is shown in Equation 3.8.

Y1 + Y2 + Y3 + ... + Yn = X1 + X2 + X3 + ... + Xn (3.8)

To calculate canonical variables, both original data sets (i.e. independent and de-

pendent variables) are converted to anomalies as showing in Equation 3.1, thereby con-

structing a matrix of X
′
(IxJ) (for dependent variables) and Y

′
(IxK) (for independent

variables). Note that the number of observations of both X and Y must be equal, though

they can have a different number of variables. A covariance matrix of X and Y variables

[Sc ] (J + K, J + K) is then generated, as showing in Equation 3.9. [S(x,x)] and [S(y,y)]
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Figure 3.2: Anomalies of temperature data in two cities (black line) and their new series

constructed using PC1 (gray line) (Wilks, 2011)
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are the matrix of intercorrelation of variables in X and Y respectively, [S(x, y) ] is the

matrix of interrelationships between X and Y and [S(y, x)] is the transpose of [S(x, y)].

[
Sc

]
=





[
Sx,x

] [
Sx,y

]

[
Sy,x

] [
Sy,y

]



 (3.9)

Next, eigenvectors (e′) and eigenvalues (λ′) of the matrices [Mx] (JxJ) and [My]

(KxK) are calculated, as shown in Equation 3.10 and 3.11 respectively. A number

of eigenvalues are related to the minimum values of J and K (min (J,K)), and the

remaining eigenvalues of the matrix with higher variables will be equal zero (Wilks,

1995).

[
Mx

]
=
[
Sxx

]−1 [
Sxy

] [
Syy

]−1 [
Syx

]
(3.10)

[
My

]
=
[
Syy

]−1 [
Syx

] [
Sxx

]−1 [
Sxy

]
(3.11)

The square root of an eigenvalue is called the canonical correlation (r2
c ), and the re-

spective eigenvectors of the two matrices [Mx] and [My ] are known as canonical vectors

(am) and (bm), respectively. Eigenvalues allow users to measure the strength of relation-

ship between each pair of canonical variants, and canonical correlation can be used to

estimate the degree of shared variance between them.

Equations 3.12 and 3.13 show the relationship between canonical correlation and

the canonical vector of the two matrices (Wilks, 1995). The dimensions of am and bm

correspond to the minimum ranks of matrices Mx and My respectively.

[
Mx

]
am = r2

c,mam.m = 1, 2, 3, ...M (3.12)

[
My

]
bm = r2

c,mbm.m = 1, 2, 3, ...M (3.13)

Finally, new variables (canonical variants) of independent variable set (vm) and re-

sponse data set (wm) are constructed by multiplying their anomalies and canonical vec-

tors (Equations 3.14 and 3.15).

vm = aT
mx

′
=

l∑

i=1

am,ix
′

i,m = 1, 2, 3...,min(J,K) (3.14)
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wm = bT
my

′
=

l∑

i=1

bm,iy
′

i,m = 1, 2, 3...,min(J,K) (3.15)

3.1.3 Regression analysis

Regression analysis is a well-known statistical tool used to examine relationships between

variables of interest. Statistical relationships between dependent and independent vari-

ables are explained by an equation constructed using regression analysis. The degree of

influence of predictors (independent variables) on predictands (dependent variables) can

be defined after completion of the regression.

A hypothesis test is a method used to test a significant relationship between variables.

The null hypothesis and the alternative hypothesis will be stated as H0:β1=0 and H1:β1

6= 0 respectively, where β1 is a regression coefficient. If the regression coefficient is zero,

there is no relationship between independent and dependent variables. To confirm the

significant relationship between the variables for a non-zero of β1, a significant level (α)

must first be determined. The significant level is the probability of rejecting H0 when it

is true. Common significant levels are defined as 0.01, 0.05 and 0.1. If the significant level

of 0.05 is specified, 5% of false rejected H0 will be accepted. A lower number of significant

value indicates that there is more confidence to reject the null hypothesis. Then, a P-

value which is the strength of the evidence to reject the null hypothesis and support the

alternative hypothesis, is calculated. P-value can be calculated using various statistical

tests, such as Students t, Snedecors F and Chi-square, and they can be interpreted by

comparison with the significant level that is first determined. Hooper (2014) also stated

the interpretation of P-value as follows:

”P>0.10: No evidence against the null hypothesis. The data appear to be consistent

with the null hypothesis.

0.05<P≤0.10: Weak evidence against the null hypothesis in favor of the alternative.

0.01<P≤0.05: Moderate evidence against the null hypothesis in favor of the alternative.

0.001<P≤0.01: Strong evidence against the null hypothesis in favor of the alternative.

P≤0.001: Very strong evidence against the null hypothesis in favor of the alternative.”
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3.1.3.1 Simple linear regression

Simple linear regression is widely used in statistical forecasting. This method searches

for the relationship between an independent variable (x) and a dependent variable (y).

The simple correlation between these two data sets can be shown graphically, as in

Figure 3.3. The linear regression line in this figure, which is generated in the cloud

of scatter plots between the x and y variables, are produced by considering the least

error (e) of prediction y corresponding to observation x. This method is called least

squares regression or least squares error, as it determines the specific straight line that

minimizing the sum of the squared error for all observations of both data sets.

Figure 3.3: Linear regression line (Wilks, 2011).

Equation 3.16 represents the regression line in Figure 3.3. ŷ is the predicted value

of the dependent data, and a and b are the least squares intercept and slope of the line

respectively. The residual of observation y (ei) can be computed with Equation 3.17.

Thus, the response variable yi can be expressed in the another way (Equation 3.18) by

combining Equation 3.16 and 3.17.

ŷ = a + bx (3.16)

ei = yi − ŷ(xi) (3.17)
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yi = ŷ + ei = a + bx + ei (3.18)

Though, a computational tool can simply calculate a and b, it is important to identify

the equations used to compute these parameters. Wilks (2011) described the steps to

obtain the least squares intercept (a) and slope (b) to minimize the sum of square error.

The equation for the sum of the square error of residuals (Equation 3.19 ) is set and

solved using the basic calculus. Equation 3.20 and 3.21 are the derivatives of a and b,

and Equation 3.22 and 3.23 are the normal form of these derivatives when they are set

to zero.

n∑

i=1

(ei)
2 =

n∑

i=1

(yi − (a + bxi))
2 (3.19)

[∂
n∑

i=1

(yi − (a + bxi))
2]/∂a = −2

n∑

i=1

(yi − a − bxi)) = 0 (3.20)

[∂
n∑

i=1

(yi − (a + bxi))
2]/∂b = −2

n∑

i=1

xi(yi − a − bxi)) = 0 (3.21)

n∑

i=1

yi = na + b

n∑

i=1

xi (3.22)

n∑

i=1

xiyi = a
n∑

i=1

xi + b
n∑

i=1

(xi)
2 (3.23)

Finally, the simple models for a and b parameters are expressed as in Equations 3.24

and 3.25

b = {
n∑

i=1

[(xi − x̄)(yi − ȳ)]}/
n∑

i=1

[(xi − x̄)2 (3.24)

a = ȳ − bx̄ (3.25)

3.1.3.2 Multiple linear regression

The mathematics of multiple linear regression are similar to simple linear regression,

except multiple linear regression deals with several independent variables with only one

set of dependent variable. Therefore, the prediction equation of multiple linear regression

consists of various coefficients that correspond to given independent variables and one
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parameter for interception, as in Equation 3.26. A potential issue when applying multiple

linear regression is intercolineality between more than one predictor, which could produce

irrational regression coefficients (McCuen et al., 1979).

ŷ = a + b1x1 + b2x2 + b3x3... + bkxk (3.26)

Similar approaches to search for the a and b parameters and minimize the sum of

squares error of the residuals is also required. The difference is the number of coefficients.

Thus, matrix algebra is useful for solving these equations. Derivatives of Equation 3.27,

which are the example sum of squares error for two independent variables (x1,x2), are

presented in Equation 3.28 to 3.30. Chen (2014) presented the matrix form for computing

a and b for two independent variables, as shown in Equation 3.31.

n∑

i=1

(ei)
2 =

n∑

i=1

(yi − (a + b1x1(i) + b2x2(i)))
2 (3.27)

[∂
n∑

i=1

(yi − (a + b1x1(i) + b2x2(i)))
2]/∂a = −2

n∑

i=1

(yi − a − b1x1(i) − b2x2(i)) = 0 (3.28)

[∂
n∑

i=1

(yi− (a+b1x1(i) +b2x2(i)))
2]/∂b1 = −2

n∑

i=1

x1(i)(yi−a−b1x1(i)−b2x2(i)) = 0 (3.29)

[∂
n∑

i=1

(yi− (a+b1x1(i) +b2x2(i)))
2]/∂b2 = −2

n∑

i=1

x2(i)(yi−a−b1x1(i)−b2x2(i)) = 0 (3.30)
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


 (3.31)

3.1.3.3 Polynomial regression

As with the two previous models, polynomial regression also relies on least squares re-

gression. Simple and multiple linear regressions only determine relationships between

two or more variables by plotting them in a straight line. However, most relationships,

particularly in the climate and hydrological regimes, normally non-linear correlations.

The typical form of polynomial regression consists of different powers of independent
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variables (x). If the equation has only independent variables with degree powers of 1,

it will be multiple linear regression; non-linear regression is generated by degrees higher

than one. Equation 3.32 shows the general form of polynomial regression.

ŷ = a + b1xi + b2x
2
i + b3x

3
i + ... + bpx

p
i (3.32)

Polynomial regression also uses the sum of squares error method to search for the best

coefficients of a and b. The processes to solve for coefficients of independent variables

and interception are similar to multiple linear regression, expect for the degree powers

of independent variables. Chen (2014) provided an example of the matrix of two degree

polynomial equations as in Equation 3.33 to 3.37.

n∑

i=1

(ei)
2 =

n∑

i=1

(yi − (a + b1xi + b2x
2
i ))

2 (3.33)

[∂
n∑

i=1

(yi − (a + b1xi + b2x
2
i ))

2]/∂a = −2
n∑

i=1

(yi − a − b1xi − b2x
2
i ) = 0 (3.34)

[∂
n∑

i=1

(yi − (a + b1xi + b2x
2
i ))

2]/∂b1 = −2
n∑

i=1

xi(yi − a − b1xi − b2x
2
i ) = 0 (3.35)

[∂
n∑

i=1

(yi − (a + b1xi + b2x
2
i ))

2]/∂b2 = −2
n∑

i=1

x2
i (yi − a − b1xi − b2x

2
i ) = 0 (3.36)
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i yi
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
 (3.37)

3.1.3.4 Stepwise regression

Stepwise regression is a statistical method to find suitable candidate independent vari-

ables and exclude the unsuitable, so only the set of predictors showing high predictive

ability remains. This method is likely the practical for selecting suitable predictors for

the simulation (Wang et al., 2009). It can also reduce statistically significant intercorre-

lation between predictors (McCuen et al., 1979). There are two main types of stepwise

regression: forward and backward selections. Forward stepwise regression starts with no
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candidate variables in the model, then variable are added individually according to the

values of specific criteria. Backward stepwise regression begins with all the predictor vari-

ables in the model, then the least significant predictor is discarded for each calculation

until only significant variables remain.

a) Forward stepwise regression: No predictor variable is considered when forward

stepwise regression is first applied. Thus, the prediction ( ŷ) at the first step is

equal to the sample mean of the predictand data set, and only the intercept term

is in the equation 3.38.

ŷ = b0 (3.38)

Each candidate variable is then added in Equation 3.38 one at a time, and if there

are K variables, K equations need to be constructed and tested. The predictor,

its coefficient and new intercept value showing the highest values of the coefficient

of determination (R2), the smallest mean square error (MSE) and the largest F

ratio are applied, as in Equation 3.39. In this equation, x1 is the predictor which

meets those criteria.

ŷ = b0 + b1x1 (3.39)

The remaining independent variables (K − 1) are then added to Equation 3.39 to

determine the next best predictor. The same criteria are calculated for each K − 1

regression, and the best remaining predictor (x2) is added in the model, as shown

in Equation 3.40.

ŷ = b0 + b1x1 + b2x2 (3.40)

The next steps follow this pattern until all predictors are tested. One variable

is added to the previous equation each time, and all regression coefficients and

intercept terms change.

b) Backward stepwise regression: In contrast, backward stepwise regression typi-

cally begins with all the independent variables, and every K variable is forced into

the model with their coefficients and the intercept terms of the regression. The



Theory 49

independent variables are discarded individually, and the three criteria are calcu-

lated. The variable with the smallest R2 and F ratio and the largest MSE is then

removed from the equation, and a new equation is generated with different vari-

able coefficients and the intercept terms. Equation 3.41 is the initial stage of the

backward stepwise regression, and Equation 3.42 is the difference after removing

one variable.

ŷ = b0 + b1x1 + b2x2 + ...bkxk (3.41)

ŷ = b0 + b1x1 + b2x2 + ...bk−1xk−1 (3.42)

Wilks (2011) suggested that backward stepwise regression might not be practical

with regressions containing fewer observations than the number of variables (n <

K), since the data could include redundant and useless information. The criteria

for estimating regression equations generated by stepwise regression are explained

in the following section.

c) Criteria for stepwise regression estimation: Three criteria are commonly used

to estimate potential predictors in stepwise regression: R2, mean square error

(MSE) and F ratio. This section only discusses the last two, as R2 is described in

the forecast verification section.

• Mean square error (MSE): This is the square of the difference between each

pair of observations and predictions, as shown Equation 3.43. The square of

MSE leads to the possibility of large errors, particularly if the data sets contain

outliers. A perfect forecast has an MSE of zero; a higher MSE indicates a

model is less efficient.

MSE = 1/n
n∑

i=1

(ŷi − yi)
2 (3.43)

• F ratio: This is the ratio of mean square regression (MSR) and MSE, as shown

in Equation 3.44; the ratio can be calculated with Equation 3.45. A higher F

ratio refers to better performance of the regression line to explain the variance

of observations with small errors between observations and predictions.
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MSR = SSR/k = [
n∑

i=1

(ŷi − ȳ)]/k (3.44)

Fratio = MSR/MSE (3.45)

If no threshold is defined for stopping the stepwise regression process, both forward

and backward stepwise regression will continue (i.e. add and eliminate candidate

predictors) until all the predictors have been considered. Therefore, specific values

of R2, F ratio or MSE should be defined.

3.1.4 Bayesian model averaging

Bayesian model averaging (BMA) is a recent statistical method used for ensemble multi-

model forecasting. It allows a user to generate the posterior distribution of variables

of interest by assigning a weight to individual posterior distributions. The technique

is based on the framework of Bayesian data analysis, and can account for uncertainty

persistence in model selection by allocating higher weight to better predictions (Liang

et al., 2013; Wang et al., 2012). Madigan and Raftery (1994) compared the predictive

performance of the model averaging approach to rational selection of a single model, and

found higher forecasting skill in the results generated by the model averaging method.

Liang et al. (2013) compared the performance of the simple average method and BMA

to combine two hydrological models, and concluded that BMA gave better results and

provided more accurate simulation for peak flow events. Examples of the success of

BMA in the forecast community can be found in Casanova and Ahrens (2009); Duan et

al. (2007); Pokhrel et al. (2013) and Raftery et al. (2005).

3.1.4.1 Bayesian data analysis

Bayesian data analysis, based on Bayes’ theory of considering the conditional probabili-

ties of an event of interest, allows a user to infer the parameter values given the observed

data. A user can also assign different credibility across parameters when there is new

information available (Kruschke et al., 2012). Unlike the frequentist approach, Bayesian

analysis can develop the posterior distribution of variables calculated from all param-

eter spaces. Frequentist statistics produce only the point estimation of the maximum

likelihood approach, and provide a set of data with no distributional information.
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Bayesian data analysis consists of three main keys: the likelihood function, the prior

probability and the evidence. The mathematical function of Bayesian theory is shown in

Equation 3.46. p(X|Θ) is the likelihood function referring to the probability of observed

data, given a vector of parameter Θ. p(Θ) is the prior probability of parameter Θ,

indicating the current knowledge of parameters. Different credibility regarding the prior

knowledge of a user can be quantified to each parameter (Kruschke et al., 2012). Finally,

the evidence p(X) is the marginal likelihood that can be computed by an integral over

the parameter space; Equation 3.47 is applied to calculate the evidence. If there are

a large number of parameters in the parameter space, difficulty of integration over all

parameters will arise. Therefore, the Markov chain Monte Carlo (MCMC) approach

becomes an important key, as it can generate random samples without integrating all

parameters.

p(Θ|X) = p(X|Θ)p(Θ)/p(X) (3.46)

p(X) =

∫
p(D|Θ)p(Θ)d(Θ) (3.47)

3.1.4.2 Bayesian model averaging technique

Bayesian model averaging provides a coherent way combining the predictions of several

models based on their credibility. The final output of BMA is an average of the posterior

distributions of all models considered weighted by their posterior probability, as shown

in Equation 3.48. Equation 3.48 and 3.49 will apply only if all the models have the same

structure. In this work the candidate models are linear regression models with different

numbers of predictors; in order to have the same structure, the length of parameter

vector (θ) will be the size of the pool of potential predictors. When a predictor is

not included, the corresponding coefficient in θ is constrained to be zero. p(Θ|y,X) is

the posterior distribution of parameter (Θ) given the observed data set (y) and predictor

data X calculated from all models. p(Θ|Mk, y,X) is the posterior distribution of Θ given

the model Mk , the observed data y and the predictor X. M is the model space (M1,

M2, ..., Mk) which is the combinations of predictors. The posterior model probability,

p(Mk|X, y), sometimes called the model weight (wi) is the probability of each model’s

performance, given the data X and all wi (i=1,2,,k) add up to a total of 1. A weight

average (p(Mk|X, y)) can be estimated using Equation 3.49.
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p(Θ|y,X) =
K∑

k=1

p(Θ|Mk, y,X)p(Mk|X, y) (3.48)

p(Mk|X, y) = p(y|Mk, X)p(Mk)/p(y|X) = p(y|Mk, X)p(Mk)/
K∑

s=1

p(y|Ms, X)p(Ms)

(3.49)

Finally, the posterior mean of the predictand y given X is generated by the summation

of all multiplications of the model weight and the expected value of each yk given observed

data and model Mk. The posterior variance is also weighted using the posterior model

probability, p(Mk|X, y). Equations 3.50 and 3.51 show the methods used to estimate

the mean and variance of posterior probability respectively. The mean value from BMA

can be used in the same way as the results of multi-model forecasting, since probabilistic

forecasts are developed from several models (Liang et al., 2013).

E(y|X) =
K∑

k=0

ykp(Mk|X) (3.50)

V ar(y|X) =
K∑

k=0

(V ar(y|X,Mk) + y2
k)p(Mk|X) − E(y|X)2 (3.51)

3.2 Forecast verification

After all prediction processes are completed, the forecasted outputs are assessed for model

performance estimation. Krause et al. (2005) specified the benefits of model evaluation

as a) to define a quantitative estimation of model’s performance, b) to provide criteria for

model improvement by adjusting relevant parameters or modifying the model structure

and c) to compare model outputs with those of previous studies. Methods of verification

can be categorized by three types of output characteristic: deterministic, categorical and

probabilistic data. Regonda et al (2006) identified the important terminologies wildly

used for model verification as follows:

”-Accuracy: agreement of forecasts and observations, with few large errors.

-Bias: agreement of the means of observations and forecasts.

-Association: linear relationship between forecasts and observations.
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-Skill: forecast accuracy compared to climatology or random chance of observations.”

Numerous measurements are used to estimate model performance. The two tech-

niques most widely used to evaluate climate and hydrologic forecasting schemes are R2

and the Nash-Sutcliffe coefficient (Ef ) (Arnold et al., 2012; Krause et al, 2005). Though

outputs in this research are deterministic data. Categorical verification is employed

to determine variance by dividing forecasted and observed data into three categories;

below-normal, normal and above normal.

3.2.1 Coefficient of determination (R2)

R2 is traditionally used to measure the fit of a regression equation to observations (O)

and model predictions (P ). It can determine the proportion of variation of measurement

data (O) described or accounted for by the regression. Equation 3.52 shows the general

form of R2.

R2 = [(
n∑

i=1

(Oi − Ō)(Pi − P̄ ))/(
√ n∑

i=1

(Oi − Ō)2)(
√ n∑

i=1

(Pi − P̄ )2)]2 (3.52)

In a perfect model, R2 equals one. It is zero for an unsuccessful model, which means

there is no variation in the observation that can be explained by the prediction. An

example of the difference between successful and unsuccessful models by Wilks (2011) is

shown in Figure 3.4. In the figure, y and x are observations and predictions respectively.

The scatter is closely aligned with the regression line in Figure 3.4 (a), which represents

a good model. However, the scatter in Figure 3.4 (b) is relatively far from the regression

line and the line is close to the mean of response variable, which demonstrates the failure

of the model to predict y.

The slope and intercepts of regression equations can be considered as the relation-

ships between observations and predictions. The slope represents the relative relationship

between (x) and (y), while the intercept indicates the lag between predictions and ob-

servations. A slope of one and an intercept of zero define the best model (Moriasi et al.,

2007).

Another estimator frequently used to measure the correlation between measured and

simulated data based on standard regression is the correlation coefficient (R). This can

be calculated by the square root of R2 , as shown in Equation 3.53. R is used to estimate

the degree of linear relationship between two variables, and R2 indicates the proportion
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Figure 3.4: A fairly good regression (a) and ineffective model (b) (Wilks, 2011).

of the variance in observation data explained by the model (Moriasi et al., 2007). R

ranges from -1 (perfect negative correlation) to 1 (perfect positive correlation).

R =
√

R2 =
√

[(
n∑

i=1

(Oi − Ō)(Pi − P̄ ))/(
√ n∑

i=1

(Oi − Ō)2)(
√ n∑

i=1

(Pi − P̄ )2)]2 (3.53)

The disadvantages of these two criteria are their sensitivity to outliers, and insensi-

tivity to the proportional difference between observations and predictions respectively.

Misleading estimated model performances could occur if the data contains outliers. Mc-

Cuen et al. (1979) advised against using these two criteria alone. When the total variance

is relatively high, errors can be large. This leads to a high value of R even the average

error might be large. In addition, these criteria could indicate high agreement even if

there are a large proportional difference between simulations and measure data (Mori-

asi et al, 2007). Wilks (2011) showed an example of completely different scatter plots

between x and y, all with the same regression relationship and correlation coefficient in

Figure 3.5 .
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Figure 3.5: Examples of different scatter plots with the same regression line (Wilks,

1995).
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3.2.2 The Nash-Sutcliffe coefficient (Ef)

The Nash-Sutcliffe coefficient (Ef ), first proposed by Nash and Sutcliffe in 1970, is an

alternative method of evaluating model performance. It is used to determine the relative

magnitude of the residual variance and the observation variance (Moriasi et al, 2007).

Ef can be determined by computing the ratio of the sum of square error of observations

and predictions, and variance of the observations. Then, this ratio is subtracted with 1

(Gupta et al, 2009). Equation 3.54 shows the formula to compute Ef . The range of Ef

starts from -∝ to 1, with 1 being the perfect model. An Ef equal or less than 0 indicates

that the mean of observations should be used, rather than the simulated data (Moriasi

et al, 2007). Lian et al. (2007) indicated that a model can be evaluated as satisfactory

if the Ef value is 0.36 to 0.75, and evaluated as good if the value is above 0.75.

Ef = 1 − [(
n∑

i=1

(ŷi − yi)
2)/(

n∑

i=1

(yi − ȳ)2)] (3.54)

Though, there is little to no difference between R2 and Ef in simple regression models,

the difference can be seen with more complex models, such as multiple linear or poly-

nomial regressions. The disadvantage of Ef is related to the variance of the observation

data. For example, if two simulated results for two watersheds showing the same sys-

tematic errors compared to their observations for an entire period are evaluated using

Ef , over- or under- estimation could occur, depending on the variation of the measured

data.

To define the acceptable model for calibration, Santhi et al. (2001), Akiner and

Akkoyunlu (2012) indicated that Ef and R2 should be higher than 0.5 and 0.6 respec-

tively.

3.2.3 Hit score (H)

The two previous criteria are suitable for evaluating model performance with continuous

data. However, they both have drawbacks, as they rely on the variance of measured

data and outliers which could lead to incorrect conclusions of a model’s performance.

Therefore, this study evaluates model performance with the other option, by converting

continuous data to categorical data and using a common statistical tool, the Hit score (H)

as an estimator. This is accomplished by considering each individual value of continuous

variables that fall into a categorical set of data. Categorical data sets can be displayed in

an IXJ contingency table, the simplest being 2X2, which manages four combinations of
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events for each pair of forecasted and observed data. If the simulated and measured data

are classified by three categories (e.g. normal, below-normal and above-normal), this

contingency table will consist of nine combinations of events (Figure 3.6). The letters in

the tables represent the value of forecasts and observations in the same category. Thus,

the perfect model will zero for b and c in Figure 3.6 (a) and for s, t, u, a and y in Figure

3.6 (b).

Figure 3.6: 2x2 and 3x3 contingency tables (Wilks,2011).

Equations 3.55 and 3.56 are used to calculate H for 2x2 and 3x3 contingency

tables respectively. With this type of measurement, the properties of the prediction

and observation data (e.g. mean and variance) are not involved for assessment, as it

only measures the number of both data that fall into the same section. If H is a high

percentage, it means that the predictions correspond well to the observations, whereas a

low value indicates relatively low model performance. H ranges between 0 and 100%.

H = [(a + d)/n] ∗ 100 (3.55)

h = [(r + v + z)/n] ∗ 100 (3.56)
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3.2.4 Cross validation method

The cross validation method is an approach to arranging data by dividing it into two

sections and using both data sets as training and testing data. Using the cross validation

method can decrease overestimation in simulations, since the data sets used to generate

outputs are removed from those used to construct an empirical equation. There are

three main methods for cross validation; the k-fold cross validation, leave-one-out cross

validation, and repeated k-fold cross validation. The k-fold cross validation method

divides all available data into k sized segments. The data of k-1 sections are used in

the training data set, and the remaining sections are used in the testing data set. The

process repeats until all sections of data represent both training and testing data sets.

Leave-one-out cross validation follows a process similar to k-fold cross validation, but k

in this process is equal to the number of observations; Figure 3.7 illustrates the leave-

one-out cross validation method. Repeated k-fold cross validation repeats the process of

k-fold validation, but reshuffles the data before each new simulation (Refaeilzadeh et al.,

2008).

Figure 3.7: Leave one out cross validation procedure

3.3 Rainfall-runoff modelling

The limitations of techniques for measuring the significant parameters that are impor-

tant for understanding hydrological processes in a particular area are the main reason to

expand the use of rainfall-runoff modeling for hydrological scheme (Beven, 2012; Seibert,

1999). In addition, some current measurement techniques might provide unsatisfactory

results in terms of space and time, particularly in areas without gauge stations. Thus,

rainfall-runoff modelling is an effective alternative. It can help predict future events,
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thereby allowing decision makers to prepare for hydrologic problems by proactively im-

plementing measures such as, water resource management and flood protection (Beven ,

2012).

3.3.1 Definition of rainfall-runoff modelling

Rainfall-runoff modeling is a mathematical model used to convert rainfall amounts into

runoff hydrograph, with or without considering the physical processes in a given water-

shed or drainage area. Several definitions of rainfall-runoff modeling in the literatures

were complied by Dzubakova (2010). The simplest definition was defined by Moradkhani

and Sorooshian (2009), who stated that rainfall-runoff modeling is a tool to represent the

reality of the world system. Wainwright and Mulligan (2004) and Huggett (1980) added

more details to complexity of model. They defined that the model should convert the

complexity of a system to the simplest way to understand it, and the best model should

have minimal parameters. Black et al. (2011) focused on user requirements, and con-

cluded that best practice modeling should meet users’ main objectives of by developing

and implementing methods for all applications in the model.

3.3.2 Rainfall-runoff model classification

Rainfall-runoff models can be classified into a variety of categories, depending on their

characteristics. If models are classified by the complexity of their mechanisms, they can

generally be divided into three categories. Or, if models are classified by the type of model

mathematics, they can be classified into two classes. Details of the model classification

are follow:

3.3.2.1 Model classification by complexity

- Empirical models: The simplest type of rainfall-runoff modeling is the empirical

model, also known as the black box or metric model (Dzubakova, 2010). This model

is based on simple equations typically constructed from observed data, normally

applies regression relationships to fit the equations (Vaze et al., 2012). Vaze et

al. (2012) also indicated that predictors commonly used for empirical models are

rainfall, evapotranspiration, ground water level and observed flows from nearby

stations. Empirical models do not consider to physical processes in the catchment,

and treat the watershed as single units. Thus, a physically complex watershed
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(e.g. slope and soil variations) might not be suitable for this type of model. In

addition, empirical equations generated in one watershed should not be applied

to other basins with different characteristics, since the equations were constructed

from the measured data in a specific area.

- Conceptual models: Conceptual rainfall-runoff models generally consider water

storage in a catchment, such as ground water, or the water storing in soil and

vegetation. These models use mathematical equations governing the storage types,

and their complexity ranges from simple mass balance equations to the complex

non-linear partial differential equations (Beven, 2012). Most conceptual models

consider the basin as a lump area and treat all physical variables the same across

the watershed (Vaze et al., 2012). Since these models are physical based, there could

be some parameters that cannot be measured, but still necessary. In theses case,

the calibration process might be the best way to obtain these parameters. Examples

for rainfall-runoff conceptual models are IHACRES and SIMHYD (Whyte et al.,

2011; Ye et al., 1997) .

- Physically based model This type of rainfall-runoff modeling focuses on under-

standing all the physical parameters related to a hydrologic cycle. Physically based

models divide a catchment into sub-catchments or grid cells. The values of the pa-

rameters in the same grid cell are the same for the entire grid, and they are different

from others due to the disparities in the physical characteristics of the segments.

These models can explain watershed behavior in detail, but they can be difficult

to use since a large number of parameters must be forced to the models. Examples

of physically based model are the Systeme Hydrologique Europeen: SHE model

and the Soil and Water Assessment Tool (SWAT) (Feyen et al., 2000; White et al.,

2011).

3.3.2.2 Spatial classification

Each rainfall-runoff model treats the catchment area differently, and they can be divided

into two classes; single unit and spatial discretization. The single unit (lumped) model

considers the entire catchment as a homogeneous area. All physical characteristics are

assumed to be equal for the entire watershed, and the spatial variability of parameters

is disregarded. The lumped model can generate river flows only at the outlet of the

main basin. The distributed model (the spatial discretization model) partitions a basin

into smaller sections according to previously defined criteria, and all variables in the
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catchment vary spatially. Each sub-basin or segment has specific inputs, outputs and

individual parameter values, all of which are different from other sub-basins.

3.3.2.3 Randomness of the output

Rainfall-runoff models can also be categorized by considering the type of the output. The

deterministic type always produce the same outputs whenever the same sets of inputs are

forced in the models, because the model algorithms are fixed and no random processes

are involved. Stochastic models refer to various sets of output, even if the same data

sets are introduced as input layers. This type of model randomly generates relevant

parameters in the models.

3.3.3 Soil and Water Assessment Tool (SWAT)

Algorithms, parameters and variables used in the Soil and Water Assessment Tool

(SWAT) are briefly discussed here; more details can be found in Neitsch et al. (2011).

SWAT was first developed at the USDA Agriculture Research Service. It allows users to

simulate physical processes (e.g. water and sediment movement, nutrient cycles, man-

agement practices) in complex basins with high variation in soil, land use and geography.

SWAT uses the water balance equation as the governing term as shown in Equa-

tion 3.57. Only the main equations of each variable in the water balance equation are

considered in the following sections.

SWt = SW0 +
n∑

i=1

(Rday − Qsurf − Ea − Wseep − Qgw) (3.57)

SWt and SW0 are the water content in the soil on the final day t and the initial

water content in the soil on day i (mm H2O). Rday is the amount of precipitation on

day i (mm H2O). Qsurf is the surface runoff on day i (mm H2O). Ea is the amount of

evapotranspiration on day i (mm H2O). Wseep and Qgw are the amount of water exiting

the bottom of the soil profile on day i and the amount of the return flow on day i (mm

H2O).



Theory 62

3.3.3.1 Precipitation

Measured precipitation is a required input for SWAT. Neitsch et al (2011) suggested that

measured precipitation in any period is a key to improve stream hydrograph simulation.

However, if there is no available precipitation or the input file is incomplete, SWAT

can use the WXGEN weather generator to address missing values in the input data.

Since precipitation affects relative humidity, solar radiation and temperature, the weather

generator initially develops daily precipitation or fills the gaps of missing data. The

distribution of generated precipitation is then used to simulate minimum and maximum

temperatures, relative humidity and solar radiation.

At the first stage, a wet or dry day is defined using the first-order Markov-chain

model, which assesses the probability of rain event on a given day by referring to dry or

wet episodes on the previous day. Users provide the probabilities of a wet day occurring

after a wet day (Pi (W/W)) and after a dry day (Pi (W/D)) for each month of the

year. SWAT then generates a random number between 0.1-1.0 for all days, which is then

compared to the probability defined in the preceding step. If the random number of a

given day is lower value than the wet-dry probability, that day is considered a rainy day

and vice versa. The amount of precipitation on a given wet day is then calculated using

either the skewed distribution or the exponential distribution.

3.3.3.2 Surface runoff

Surface runoff occurs when soil has reached its limit of infiltration, and the excess precipi-

tation flows over the surface. SWAT has two options to address surface runoff simulation;

the SCS curve number method and the Green & Ampt infiltration method.

• SCS curve number method: This method focuses on the amount of runoff

according to land use zones and soil types. Three main variables are required for

this surface runoff calculation (Qsurf ,(mm H2O), which are the amount of rainfall

(Rday,(mm H2O) ) on a given day, the initial abstraction before a runoff event (Ia,

(mm H2O) ) and the retention parameter (S,(mm H2O)). Equation 3.58 shows

the formula used for runoff calculation.

Qsurf = [(Rday − Ia)
2]/[(Rday − Ia + S)] (3.58)

The initial abstraction is usually obtained by multiplying the retention parameter

(S) by 0.2. The value of S varies according to the characteristics of the soil, land
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use and management practices. The SCS curve number (CN) is defined using the

difference of soil hydrologic groups, the antecedent soil moisture condition, land

use and land cover. Equation 3.59 shows the method to calculate the retention

parameter (in mm).

S = ((25, 400/CN) − 254) (3.59)

The range of CN is 40 to 100. Figure 3.8 illustrates the relationship between the

amount of rainfall, runoff and CN. The final equation for runoff calculation after

applying 0.2S in the Equation 3.58 is showed in Equation 3.60.

Qsurf = [(Rday − 0.2S)2]/[(Rday + 0.8S)] (3.60)

Figure 3.8: Relationship between rainfall, runoff and CN (Neitsch et al. (2011))

• Green & Ampt infiltration method The Green & Ampt infiltration method

is the other SWAT surface runoff simulation option. It assumes a homogeneous

soil profile and uniform antecedent moisture. To apply this method, sub-daily

precipitation must be input into SWAT. At each time step, SWAT uses the method
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to calculate the water infiltrating the soil and the water excess is considered as

surface runoff. The infiltration rate is acquired by Equation 3.61.

fint,t = Ke[1 + ((Ψwf .ΔΘv)/Finf,t)] (3.61)

where fint,t is the infiltration rate at time t (mm H2O). Ke is the Green & Ampt

effective hydraulic conductivity (mm/hr), which can be found using the saturated

hydraulic conductivity of the soil and the curve number value (Equation 3.62).

Ke = [((56.82)K0.286
sat )/((1 + 0.051)exp(0.062 ∗ CN))] − 2 (3.62)

Finf,t is the cumulative amount of water entering to the soil at time t (mm H2O).

It is found by computing the amount of cumulative infiltration prior to time t and

the amount of rainfall during the time step (RΔt) (mm H2O), as shown in Equation

3.63.

Finf,t = Finf,t−1 + RΔt (3.63)

Ψwf and ΔΘv is the wetting front matrix potential and the change in the amount

of water across the wetting front area respectively. Ψwf depends on the soil type

(i.e. the percentage of clay and sand content, mc and ms respectively) and the soil

permeability (�soil). Equation 3.64 and 3.65 indicate formulae used to compute

Ψwf and ΔΘv.

Ψwf = (10)exp











6.5309 − 7.32561(�soil) +0.001583(m2
c)

+3.809479(�2
soil) +0.000344(ms)(mc)

−0.049837(ms)(�soil +0.001608(m2
s)(�

2
soil)

+0.001602(m2
c)(�

2
soil) −0.0000136(m2

s)(mc)

−0.003479(m2
c)(�soil) −0.000799(m2

s)(�soil











(3.64)

ΔΘv = (1 − (SW/FC) ∗ (0.95 ∗ �soil)) (3.65)

SW is the amount of water in the soil profile subtracted from the soil water at wilting

point (mm H2O). FC is the soil water content in the soil profile at field capacity.

The peak runoff rate and the time of concentration is also determined by SWAT. Infor-

mation about these two variables can be found in (Neitsch et al (2011)).
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3.3.3.3 Evapotranspiration

Evapotranspiration is the process of water evaporation from the ground and vegetation,

and it is the main mechanism that removes water from a basin. Neitsch et al (2011)

found that approximately 62% of precipitation is removed from the watershed by evapo-

transpiration. Two main hydrological variables, potential evapotranspiration and actual

evapotranspiration, are explained in the following section.

a) Potential evapotranspiration: potential evapotranspiration (PET) is the maxi-

mum amount of water that could be removed from the watershed by both evapo-

ration and transpiration processes. SWAT has three options for this: the Penman-

Monteith, Priestley-Taylor and Hargreaves methods.

• The Penman-Monteith method: this method requires solar radiation, air

temperature, relative humidity and wind speed data. It can be partitioned

into two main terms: the effect of available radiation and the interaction

between surface and atmosphere (Pereira, 2004). Equation 3.66 presents this

method.

λE = [Δ.(Hnet − G) + ρair.Cp.((e
0
z − ez)/ra)]/Δ + γ.(1 + (rc/ra)) (3.66)

where λ is the latent heat flux density (MJ m−2 d−1). E is the evaporation

rate in depth (mm d−1). Δ is the slope of the curve between the saturation

vapor pressure and the air temperature (kPa C−1). Hnet and G are the net

radiation and the soil heat flux density respectively (MJ m−2 d−1). ρair is

the air density (kg m−3). cp is the specific of air at constant pressure (MJ

kg−1 C−1). e0
z and ez are the saturation vapor pressure and the ambient water

vapor pressure at height z respectively (kPa). γ is the psychrometric constant

(kPa C−1).rc and ra are the canopy resistance to water vapor transfer and the

aerodynamic resistance respectively (s m−1).

• The Priestley-Taylor method: this method is specifically applied when

the surface area in the catchment is wet. It defines the coefficient (αpet =

1.28) to multiply with the term of energy component, and does not accounted

for changes in low advection conditions. Thus, it could give an error if it

is used in an area with a significant advection component. The equation is

presented in Equation 3.67, in which λ is the latent heat of vaporization (MJ

kg−1) and E0 is the potential evapotranspiration on a given day (mm d−1).
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λE0 = αpet.(Δ/(Δ + γ)).(Hnet − G) (3.67)

• The Hargreaves method: this method requires only maximum and mini-

mum temperatures (Tmx and Tmn,C) as shown in Equation 3.68. Therefore,

it is useful for a location lacking other climate variables, such as wind speed

and humidity. H0 is the extraterrestrial radiation (MJ m−2 d−1) and T̄av is

the average temperature (C).

λE0 = 0.0023.H0.(Tmx − Tmn)0.5.(T̄av + 17.8) (3.68)

b) Actual evapotranspiration: the potential evapotranspiration calculated in the pre-

vious step is used to calculate the actual evapotranspiration. SWAT begins by

computing the actual evapotranspiration, considering the evaporation intercepted

by the vegetation. Then, the amount of water removed by plant transpiration is

determined. If there is snow in the catchment, the amount of sublimation is also

calculated, otherwise the evaporation from soil is directly computed. This study

only focuses on the evaporation from soil.

• Evaporation of intercept rainfall: this actual evaporation is calculated

from the amount of water held in the vegetation canopy of the watershed.

The final amount of water held in the canopy on a given day (Rint(f)) is

computed by subtracting the initial amount of water held in the vegetation

(Rint(i)) from the amount of water that evaporated from the canopy on a given

day (Ecan). The units of these variables are mmH2O and Equation 3.69 is

the equation of intercept rainfall evaporation. The amount of water remaining

in the canopy after this evaporation process (E
′

0) is adjusted by transpiration

and sublimation, or evaporation from the soil (Equation 3.70 ).

Rint(f) = Rint(i) − Ecan (3.69)

E
′

0 = E0 − Ecan (3.70)
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• Transpiration: this calculation is used only for The Priestley-Taylor and

Hargreaves methods. SWAT combines the transpiration calculation with the

Penman-Monteith method (details in Neitsch et al (2011)). The estimation of

transpiration is shown in Equation 3.71 and 3.72 where Et and E
′

0 are the

maximum transpiration on a given day, and the potential evapotranspiration

modified for evaporation of free water in the canopy (mmH2O). LAI is the

index of leaf area.

Et = [E
′

0(LAI)]/3.0; 0 ≤ LAI ≤ 3.0 (3.71)

Et = E
′

0; LAI > 3.0 (3.72)

• Evaporation from soil: The sublimation and soil evaporation is impacted

by the degree of shading in the area. The maximum amount of this evapo-

ration on a given day (Es, mmH2O) can be calculated using Equation 3.73,

where E ′
0 is the potential evapotranspiration modified for evaporation of free

water in the canopy (mmH2O) and covsol (Equation 3.74) is the index of soil

cover in the area where cv is the biomass and residue on the ground (kg ha−1).

Es = E ′
0.covsol (3.73)

covsol = exp(−5.0x10−5.cv) (3.74)

Then, SWAT calculates the evaporative demand between the different layers

of the soil (Esoil,z) using Equation 3.75 where z is the depth from the soil

surface.

Esoil,z = (E
′′

s )[z/(z + exp(2.374 − 0.00713.z))] (3.75)

3.3.3.4 The amount of water exiting the bottom of soil profile (Wseep)

The other process that reduces the amount of water from the hydrologic cycle in the

watershed is the movement of water out from the bottom of the soil profile. This reduc-

tion is specifically related to the soil characteristics of each area. The amount of water

exiting the lowest layer of the soil (Wseep) is the total of the water quantity coming out



Theory 68

from the lowest layer (Wperc,ly=n) and the bypass flow at the bottom of the soil (Wcrk,btm)

as shown in Equation 3.76.

Wseep = Wperc,ly=n + Wcrk,btm (3.76)

The amount of water that percolates from the soil layer (Wperc,ly) relies on the water

volume on a given day (SWly,excess) and the travel time of percolation (TTperc). In

addition, the time step is on an hourly scale (Δt). Equation 3.77 shows the equation

for Wperc,ly.

Wperc,ly = (SWly,excess)[1 − exp((−Δt)/TTperc)] (3.77)

The water available to percolate to the next layer is determined when the amount of

water in layer (SWly )exceeds the volume of water content at field capacity of the layer

(FCly). Thus, there is no water excess for the next layer if the soil is still capable of

holding water, as defined in Equation 3.78 and 3.79.

SWly,excess = SWly − FCly (3.78)

SWly,excess = 0 (3.79)

FCly can be estimated by the total water content at the wilting point (WPly), which

can be calculated using Equation 3.80 and the available water capacity of the soil layer

defined by users.

WPly = (0.40)[(mcρb)/100] (3.80)

Where ρb is the bulk density (i.e. the fraction of the solid mass to the total volume of

air, water and solids, Mg m−3). mb is the particle density, which is defined as a constant

of 2.65 Mg m−3.

The percolation travel time in Equation 3.77 is estimated using Equation 3.81.

SATly in this equation is the water content when the soil is saturated (mmH2O), and

Ksat is the hydraulic conductivity of the saturated soil (mm h−1).

TTperc = (SATly − FCly)/Ksat (3.81)

The bypass flow at the bottom of the soil (Wcrk, btm) in Equation 3.76 is estimated

using Equation 3.82. This variable relies on the formation of crakes (crk) in the soil,
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which can be determined by the total crack volume in the soil profile on a given day,

expressed as (mm). The methods to calculate the crack volume depend on the layer of

soil profile, and the water content in the soil compared to the soil water at field capacity.

Wcrk,btm = (0.5)(crk)(crkly=nn/depthly=nn) (3.82)

The initial crack volume (crkly, i) (mm) can be calculated using Equation 3.83, and

the maximum crack volume (crkmax,ly) (mm) by using Equation 3.84 with the coefficient

of crack flow at 0.10. crkmax in Equation 3.84 is the potential crack volume estimated

as a fraction of the total volume; this parameter must be prepared by users. zl,ly and

depthly are the depth from the surface to the bottom of the soil layer and the depth of

the soil layer (mm) respectively.

crkly,i = (crkmax,ly)[(coefcrk.FCiy.SWly)/(coefcrk.FCiy)] (3.83)

crkmax,ly = (0.916)crkmax.exp[−0.0012.zl,ly].depthly (3.84)

If the water content in the soil layer is higher than 90% of the filed capacity on a

given day, Equation 3.83 is applied, while Equation 3.85 is used when the soil water is

less than 90% of the field capacity. lcrk is the lag factor of crack, which is set in SWAT

at 0.99. crkly,d−1 is the volume of crack on the previous day (mm).

crkly = (lcrk)(crkly,d−1) + (1.0 − lcrk)(crkly,i) (3.85)

After surface runoff is calculated, water will penetrate the soil. The amount of rainfall

excess on a given day is related to the volume of cracks in the soil profile on that day.

The initial accumulated rainfall excess will be greater than zero if the volume of surface

runoff is higher than the volume of the total crake volume (crk) on the day. Therefore,

the amount of water moving to the soil profile is determined by subtracting of the amount

of rainfall after interception calculation on a day from the surface runoff on the same

day.
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3.3.3.5 Groundwater (Qgw)

Groundwater (Qgw) is stored in underground aquifers in the saturated zone, the top of

which is called the water table. Groundwater is recharged by precipitation that percolates

into the aquifers, and is one of many factors that affect streamflow. The area of stream

links to the movement of groundwater can increase or decrease the flow. Figure 3.9

shows the relationships between the level of water table and streamflow. Figure 3.9 (a)

indicates that a stream receives groundwater, and Figure 3.9 (d) shows how a river gains

and loses groundwater instantaneously. Figure 3.9 (c) and (d) illustrates the loss of

groundwater.

Figure 3.9: The relationships between groundwater and streamflow (Neitsch et al (2011))

Equation 3.86 is used to calculate the groundwater flow. Three variables should be

determined first: the hydraulic conductivity of the aquifer (Ksat) (mm/day), the height

of water table (hwtbl) (m) and the distance from the main stream to the border of the

groundwater system (Lgw) (m).

Qgw = [(8000.Ksat)/Lgw](hwtbl) (3.86)
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3.4 Economic value of forecasting system

Successful studies of seasonal climate and hydrologic forecasting are common in the fore-

casting community. However, the research from basic to apply until the potential prac-

tical benefits needs to be developed (Meza et al., 2008). In most areas with high climate

variability, critical decisions are made by local people and organizations. Seasonal climate

predictability combined with local economic information, can increase opportunities for

the development of powerful adverse weather risk management strategies, particularly

with respect to agriculture. The value of seasonal forecasts includes enhancing farmers’

preparedness, and increasing their ability to adapt products for the upcoming season.

Forecasting also help decision makers make rational choices to mitigate extreme events,

such as flooding or drought. Palmer (2002) stated that the ability to determine climate

risks is one of the keys to making reasonable economic decisions. He clarified that deci-

sion makers should not only be concerned about abnormal climate, but also the negative

social consequences of decreased crop yield, inaccessibility to infrastructure and property

damage of extreme weather events.

Forecast value can be defined as the assessment of the state of nature with and without

forecasts, combined with other socio-economic information, such as crop price and the

cost of preventative and protective actions (Meza et al., 2008). An approach of interest

for estimating the potential economic value of forecasts is the cost/lost ratio method, first

purposed by Thompson (1952). This simple static method was attractive to hydrologists

who want to estimate hydrologic forecasts such as heavy rainfall or flooding events. Lee

and Lee (2007) and Murphy (1976) mentioned that the advantage of the cost/lost ratio

method was the capability to explain realistic situations, which allows decision makers

to generate forecasts with a simple framework.

Palmer (2002) used the cost/loss ratio method to estimate the potential economic

value of probabilistic rainfall predictions developed from ensembles of weather and cli-

mate prediction systems (EPSs). He showed that increasing both model resolution and

ensemble size accounted to forecast values in all cost/loss ratios. Similar to Richardson

(2001), he also confirmed that the predictability and frequency of an event was different

when the ensemble size of EPSs was changed, which affected the alteration of a user’s

cost/loss ratio. However, though enhancing forecasting skills was intended to increase

overall benefits, this was not always achieved, even when the forecasting skills were more

positive (Richardson, 2001). Roulin (2007) also assessed the value of hydrological pre-

diction systems using the framework of cost/loss ratio decision model. He estimated the
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value of flood forecasts generated by the IRMB water balance model using the precipi-

tation forecasts, and concluded that the optimum economic value depended on the total

cost of actions to prevent damage and the loss amount. Lee and Lee (2007) modified the

cost/loss ratio method to profit/loss ratio, by maximizing profit instead of only expenses.

They recommended using a decision function and users’ subjective reliability for forecasts

that affect the continuous level of actions, and the value of profit/loss ratio to calculate

the economic value of forecasts. The cost/loss ratio application was also employed to

evaluate the economic value of forecast system in Fundel et al. (2013); Murphy (1977);

Mylne (2002).

The cost/loss ratio method is based on categorical forecasting focusing on a specific

adverse event. In each case, the two simplest approaches are assumed for decision makers:

doing nothing or taking action. In addition, the protective action is expected to totally

prevent all potential losses. Taking no protective actions regarding an extreme event

will cost amount L, while the actions for protection from an event will cost C. The four

combinations of events and actions taken, known as the expense matrix, is illustrated in

Table 3.1 (Richardson, 2012). If protective actions are taken with or without an adverse

event happening, it will cost C. While loss L will only occur if an adverse event takes

place without any actions taken.

Table 3.1: Expense matrix of the simple cost/loss decision model (Richardson, 2012)

Action taking Event occur Event occur

YES NO

YES C C

NO L 0
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Afterward, the assumption of no hydrologic forecasts available for decision makers is

set up, and applicable actions taken for each situation are based on the length of the

period of occurrence for the events. Only two options are available: always or never

taking protective actions (Richardson, 2012). If decision makers chose to always protect,

the cost will be C for every event (Ealways=C). The amount of loss from disregarding

an adverse event is related to the historical probability of that event occurring. The

ratio of how many times an event occurred in the past to all event occurrences is called

the climatology base rate (s); the calculation of s is described in the following section.

Thus, the amount of loss for each adverse event can be calculated by multiplying the

climatology base rate by the loss (Enever=sL).

In the previous assumption, decision makers only take the length of the long period of

observation into account, not the forecasting system. The expense based on climatology

(Eclimate) is found by considering the minimum average expense (Equation 3.87).

Eclimate = min(C, sL) (3.87)

If a stationary assumption is assumed for the future, the mean expense for taking

protective actions can be defined by multiplying C by the climatology base rate ratio

(Eperfect=sC).

Finally, forecast results are assessed by estimating their economic value. The con-

tingency table is required to measure the accuracy of the model to predict hydrologic

variables. The extreme event will be defined first, then a number of predictions that

are lower and higher than the event are counted and compared to observations. The

contingency table is showed in Table 3.2.

Table 3.2: Contingency table for a single extreme event (Richardson, 2012)

Event forecast Event observed

Yes No Marginal totals

Yes a b a+b

No c d c+d

Marginal totals a+c=ns b+d=n(1-s) a+b+c+d=n
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The base rate of climatology (s) can be computed using Equation 3.88, and the

expense based on forecast outputs can be determined by Equation 3.89. Equation 3.90

finds the value of a forecasting system, which is defined by the ratio of the difference

of the expense of forecasts and climate, to the difference of the expense of forecast and

perfect forecast. If V = 0 the forecasting system has no value, and only climatological

information can be used to make decisions. On the other hand, V= 1 refers to a perfect

forecast, from which a decision maker can get the most benefit from. Richardson (2001)

pointed out that the value of V was not the only influence of the forecasting system, as

climatological information and the cost/loss ratio defined by users were also affected.

s = (a + c)/n (3.88)

Eforecast = (a/n)C + (b/n)C + (c/n)L (3.89)

V = (Eclimate − Eforecast)/(Eclimate − Eperfect) (3.90)



Chapter 4

Study area

The purpose of this chapter is to provide the general characteristics of the Sahel, since

seasonal forecasting applications proposed in this study are focus on that area. Informa-

tion about the Sahel region, such as climate, topography and socio-economy, is discussed

in the first section, followed by the behavior of the main watershed in the Sahel, the

Niger River basin. Finally, the Sirba basin which was used as the study site to represent

the Sahel region, is examined.

4.1 Sahel

The Sahel region is located in the transition zone between the Sahara desert to the north

and savannah to the south (14N to 18N). It extends for approximately 5,000 km, from

the Atlantic Ocean on the west coast to the Red Sea on the east (Nicholson, 1995).

The eight countries located in the Sahel (Figure 4.1); Mauritania, Senegal, Mali, Niger,

Chad, the Sudan, Nigeria and Burkina Faso, have a total population of approximately

58 million. The major cities in the region are Dakar and St. Louis in Senegal, Niamey in

Niger, Tombouctou in Mali, Ndjamena in Chad, and Khartoum in the Sudan (Nicholson,

1995). The Sahel is known as one of the most vulnerable regions of the world (World

Bank, 2013). The main livelihoods of this area are livestock, fishing and agriculture, with

millet, sorghum, cowpea, groundnut and cotton being the dominant crops. The optimum

farming season is the three to four months with summer rainfall; irrigation is required the

rest of the year. Since agriculture is the main livelihood in this region, climate variability

can cause problems in terms of both social and economic issues. Kandji et al. (2006)

showed that droughts reoccur an average of two every five years, with different levels of
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severity. This causes acute uncertainty with respect to agricultural products, and leads

to social conflicts over food, security and poverty.

Figure 4.1: The Sahel region (U.N. Office for the Coordination of Humanitarian Affairs,

2013)

4.1.1 Climate characteristics

The Sahel region is a well-known for its significant interannual and interdecadal climate

variability, and prolonged periods of sustained drought. The primary climate character-

istic is warm and arid most of the year, with a two to four month summer monsoon.

There are two general climate zones in the area, arid and semi-arid. From approximately

October to June, sub-tropical high pressure and the Harmattan trade winds over north-

ern Africa produce aridity. In contrast, sub-tropical low pressure in the north from July

to September, including southern movement of the dry Harmattan trade winds, is strong

stimulus for humidity (Nicholson, 1995). Figure 4.2 displays the patterns of wind and

pressure over Africa in January and July/August, the dry and wet seasons of the Sahel

region respectively.

Brook (2004) contributed more details regarding rainfall incidence in the Sahel. The

rainfall gradient of the region is strongly toward the south, and the distribution is ap-

proximately 100 to 200 mm in the north and 500 to 600 mm in the south (see Figure 4.3).

Local rainfall in the region is mainly due to the West Africa Monsoon (WAM), which
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usually occurs from July to September. This WAM inherently consists of two separate

monsoons, one week and one strong (UNEP, 2012). Together, these monsoons are ca-

pable of producing up to 80 inches of rainfall in western Africa, toward the Ethiopian

mountains (Potts et al., 2013). The WAM is generated by interactions between land,

oceans and large scale patterns of atmospheric circulation (Messager et al., 2006). The

main factor associated with WAM occurrences is the Intertropical Convergence Zone

(ITCZ), which is a tropical rain belt resulting from converging tropical airflows from

outside the region that generate rising air currents with high moisture content, thereby

increasing rainfall events (Folland et al., 1991). Figure 4.4 shows the movement of the

ITCZ over the African continent. It moves to 10N around July then shifts southward in

January, which causes naturally dry conditions in the Sahel (Nicholson and Grist, 2001;

Mohino et al., 2011).

Thiaw and Mo (2005) and Messager et al (2006) suggested that the African easterly

jet (AEJ) is another factor driving local rainfall in Sahel. The AEJ consists of low-level

flows moving toward southern Africa, while upper-level flows moves easterly. Thiaw and

Mo (2005) also indicated that the movement of AEJ to the south is responsible for the

dry episodes in the Sahel. Nichoson and Grist (2001) came to the same conclusion in

their study, and showed that the location of AEJ could provide information regarding

dry or wet seasons in the region. The tropical Atlantic is another source of moisture for

the Sahel region. It depends on the convergence of water vapour that evaporated from

the southern tropical Atlantic Ocean. However, Klonne (2012) indicated that the most

significant moisture source in this area is water flowing across the coast of Guinea.

Even though, the average rainfall in the southern Sahel approaches 600 mm, the loss

due to evaporation is still relatively high. Brook (2004) indicated that rainfall of 500 to

600 mm occasionally occurred in the southern Sahel which is approximately similar as the

Great Plains of the United States where an agricultural activity is still successful. The

rainfall in Sahel is less effective and unreliable because rainfall events are inconsistent.

In addition, the soil cannot hold water for plant growth, and the high temperatures most

of the year lead to increased evaporation rate. Nicholson (1995) proposed that the high

evaporation rate in the area is due to the intensity of incoming solar radiation. Since

the Sahel is located in the lower latitudes there is little cloud cover for most of the year,

which allows a high degree of solar radiation.
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Figure 4.2: Wind circulation and pressure patterns over Africa during January and

July/August (Nichoson, 1995)
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Figure 4.3: Rainfall distribution over the Sahel (Ickowicz et al., 2012)

Figure 4.4: ITCZ movement along the Africa continent (Ker et al., 1978)
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4.1.2 Landscape and soils

The Sahel is a combination of arid and semi-arid zones. The south is largely flat savannah,

and a few scattered plateaus and mountain range toward the north (UNEP, 2012). The

area is mostly covered by vegetation in the south, which declines northward due to

less rainfall. Grasses cover most of region, and the dominant species are such as, corn,

sorghum and wheat. There are various plant species in southern Sahel, Acacia being the

most dominant. UNEP (2012) explained that the landscape in central Sahel is parkland

ecosystem, which is utilized mostly for agricultural activity. There are elevations of up

to 3,400 m in some areas of northern Sahel, including Mali, Niger, Mauritania and Chad.

The main Sahel water basins are the Niger and Senegal Rivers, including Lake Chad.

Soil in the Sahel can be divided into three categories: sandy Aeolian soils, which cover

approximately 50% of the area, iron-rich soils and lacustrine soils (Nicholson, 1995). The

sandy Aeolian soil consists mostly of materials that are transported and deposited by

wind. The iron-rich soil is composed of rock and sandstone, with loamy texture soil. The

structure of lacustrine soil is made up of sandy soils over a clay bottom layer. Soil in

southern Sahel has relatively few nutrients, due to leaching by rainfalls (UNEP, 2012).

4.1.3 Impacts of rainfall variability on social and economic as-

pects of the Sahel

Potts et al. (2013) reported that approximately 100 million of the world’s poorest peo-

ple live in the Sahel, and population growth in the region is significant, increasing from

about 30 million in 1950 to over 100 million in 2010. Figure 4.5 shows projected popu-

lation growth in the Sahel, which will reach 200 million in the late 2020s. Accelerating

population growth is one of the main issues leading to food insecurity in the area. The

main livelihoods of Sahelian people depend on agriculture, including cereal production,

sorghum, millet and cassava, and livestock. As well, some who live along rivers or by

the coast in the western coast live by fishing. Figure 4.6 illustrated the livelihood sys-

tem in the Sahel. More than 50% of the Sahel gross domestic product (GDP) is from

agricultural activities, which are largely rain-fed practices, followed by pastoralism with

approximately 40% of the GDP (UNEP, 2011).

The long periods of desiccation and occasional devastating flooding strongly impact

the people living in the area, particularly those involved in agriculture. There have been

sustained periods of drought from the late of 1960s to the 1990s, most severely in the

early 1970s and the early to mid-1980s. There are also periods of heavy rainfall, such as in
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2003 which lead to above average rainfall throughout 2004 (Brook, 2004). Hissler (2010)

studied the economic relationship between rainfall variability and agricultural products,

and found that the rainfall variability is responsible for the sensitivity of agricultural

production and growth of the economy. In addition, statistical evidence in his study

confirmed that climate variability causes fluctuations in GDP growth. UNEP (2011)

also reported that millions of farmers and ranchers were impacted by the severe drought

period of 1969 to 1974, and this caused a reduction in agricultural products that led to

widespread economic issue, from individual household income thru the national level.

World Bank (2013) highlighted the impact of climate variability on social issues and the

economy, and reported that the combination of devastating drought, food insecurity and

environmental disaggregation affected 17 million people in the Sahel.

With respect to the devastating flooding in the region discussed in the previous

section, it occurred mostly central Sahel, specifically in southern Burkina Faso, northern

Nigeria and southwestern Niger. Between 1985 and 2009, these countries experienced

up to ten severe floods, and up to twelve on the border of Benin and Niger and in some

parts of Nigeria (UNEP, 2011). UNEP (2011) also estimated the damage due to flooding

in the Sahel in 2010, and found that approximately 180,000 hectares of crops in Nigeria

were destroyed, and 140,000 hectares of agricultural land spoiled. Samimi et al. (2012)

reported severe flooding in 2007 with a return period of between 1 to 50 year and up,

and up to 1200 year in some regions, which caused great economic losses and limited the

availability of food.

4.2 The Niger River basin

The Niger River basin (Figure 4.7) located between 10N to 20N and 20W to 10E, is

the largest basin in the Sahel (Goulden and Few, 2011). Since most of the basin is in

the Sahel, its climate, topography and land characteristics are explained in the previous

section. This section focuses on the physical geography and water resources of the Niger

River basin, and the hydrologic regime of the Niger River.

The Niger River is the longest river in the western Africa and the third longest river

in Africa after the Nile and Congo. The Niger, which flows 4,200 km through Nigeria,

Mali, Niger, Algeria, Guinea, Cameroon, Burkina Faso, Benin, Ivory Coast and Chad,

has a drainage area of over 2.2 million km2 (FAO, 1997). The river consists of four

main systems: the upper Niger River, the inner delta, the middle Niger River and the

lower Niger River. The Sirba basin was chosen as the study site of this study, as it
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Figure 4.5: Past and projection of population growth in the Sahel during 1950-2100

(Potts et al., 2013)

Figure 4.6: Livelihood systems in the Sahel (Sahel and West Africa club, 2015 )
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is representative of the Sahel region and is located in the centre of the Niger River

system. The water of the Niger flows from the inner delta to the country of Niger. The

six main tributaries (Gorouol, Dargol, Sirba, Goroubi, Diamangou and Tapoa) in the

middle Niger River section that originate in Burkina Faso, and the three tributaries (the

Mekrou, Alibori and Sota) that originate in Benin, all discharge water to the Niger River.

(FAO, 1997).

The western African economy relies largely on the Niger River to provide water for

local consumption, hydropower generation and irrigation (BMZ, 2010). The Niger River

is extremely important, as it supports 100 million people living in the basin, particulary

in the West Sahel. The country of Niger, in particular, depends on upstreamflows of

the river (Goulden and Few, 2011). Dams in the Niger River generates approximately

6,000 gigawatt hours of hydropower for the population, and help store irrigation water

for farmers along the river (BMZ, 2010). Though the river is used for irrigation, rain-fed

agriculture is still the main livelihood for people growing crops.

The Niger River had an annual average flow approximately 32.5 km3 from 1970 to

1998 measured at Koulikoro station, Mali (BMZ, 2010). The flow conditions of the river

system primary are influenced by topography and climate in the region (Andersen et al.,

2005). The main source of water for the river is rainfall, most of which comes from the

mountains of Guinea and the West Africa Monsoon that normally occurs from July to

September. The consistency between the amount of rainfall and river flow, at Koulikoro

in Mali for example, is illustrated in Figure 4.8. There were sustained drought episodes

from 1970 to the late 1990s (Conway et al., 2009; Descroix et al., 2009); this agrees

with the BMZ report of 2010 (Figure 4.9). In this figure, the annual discharges of three

stations, Koulikoro in the Middle Niger, Mopti at the Nantika in the Inner Delta and

Niamey in the Middle Niger were compared. The wet period from approximately 1951

to 1970 was followed by the dry episode. The loss of water in this area is largely due

to evaporation rate and seepage loss. In addition, Andersen et al. (2005) reported that

river flow variability in the Niger River is influenced by groundwater. The variation of

groundwater due to the amount of rainfall causes fluctuations of river flow.
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Figure 4.7: The Niger River basin (Rosen, 2013)

4.3 The Sirba River basin

The Sirba watershed (Figure 4.10) is a trans-boundary basin located between the coun-

tries of Niger and Burkina Faso (latitude 12.2 to 14.5 N and longitude 1.4W to 1.7E). It

has an area of approximately 37,000 km2, most of which is in Burkina Faso. This basin

is a sub-basin of the Middle Niger basin, and it has three main tributaries (the Faga, Yeri

and Sirba), which originate in Burkina Faso and discharge to the Niger River at Garbe-

Kourou in Niger. The Faga River, at 360 km, is the longest tributary in the Sirba basin.

Taweye (1995) indicated that the Sirba River is one of the most important tributaries of

the Niger River in the integrated area of southwestern Niger, eastern Burkina Faso and

northern Mali. Descroix et al. (2009) provided the main hydrological characteristics of

the basin, as shown in Table 4.1. The climate of this area is semiarid south or semiarid

tropical, and the annual rainfall is approximately 300 to 750 mm (Andersen et al., 2005).

Since the entire Sirba basin is located in the Sahel region, most of its climatic char-

acteristics are similar to those described in the first section. The Sirba basin has two

distinct seasons, a wet summer and a dry winter. The wet season influenced by the WAM

starts about July, while the dry episode influenced by the Harmattan trade wind is from
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Figure 4.8: The comparison of annual rainfall and river flow of the Niger River (Conway

et al., 2009)

October to June. The highest temperature in the basin is approximately 42C in April

and the lowest is 17C in January.

The topography of the Sirba basin is low altitude plateau. The major soil types, based

on Anderson et al. (2005) and Picouet (1999) are ferralitic and tropical ferruginous soils,

both of which have high concentrations of iron and sand (Andersen et al., 2005). Ferralitic

soils are highly penetrable, with little capacity to hold water or nutrients (i.e. 1 mm of

available water per centimetre of soil). Tropical ferruginous soils are made up of sandy

soils at the surface combined with clay, and are also relatively incapable of holding water

(Mohamed-Saleem, 1984).

The basin includes eight provinces in Burkina Faso (Ganzourgou, Gnagna, Gourma,

Kourittenga, Namentenga, Sanmatenga, Seno and Sourn) and three departments of Niger

(Kollo, Say and Tera). All these areas are characterized as a rural, and the main liveli-

hoods rely on agriculture and livestock. Wilby (2008) indicated that Niger is one of the

most vulnerable countries in Africa in terms of food security and water scarcity.
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Figure 4.9: Comparison of river discharges of the Niger River at Koulikoro, Mopti and

Niamey (BMZ, 2010)

Figure 4.10: The Sirba River watershed
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Table 4.1: Main data of the hydrological regime in the Sirba basin at Garbe Kourou

(Descroix et al., 2009)

Data

Mean discharge (m3s−1) (1950-2007) 24.5

Area (km2) 38,750

Mean specific discharge (l s−1km−2) (1950-2007) 0.63

Mean rainfall depth (mm) (1950-2007) 18.3

Latitude of basin 12.2-14.5N

Longitude of basin 1.4W 1.7E



Chapter 5

Methodology

This chapter details the methodologies and data sets (input, output and intermediate)

used to achieve the thesis objectives. The first section provides a general overview of

the workflow in the thesis. Then, the characteristics of the input data are examined,

followed by a review of the generated data. Research activities are explained in the

next section. These are divided into six subsections of 1) statistical methods, 2) SST

data preparation 3) indirect methods for streamflow forecasting, 4) direct methods for

streamflow forecasting, 5) uncertainty analysis and 6) estimation of economic value of

streamflow forecast.

5.1 Overview of methodologies

The research activities and outcomes of the study objectives and sub-objectives are pre-

sented in Figure 5.1. The figure provides an overview of all methodologies applied in this

research. The links of each research activity to the sub-objectives discussed in Chapter

1 are clearly identified. The blue and green parallelograms represent input data and

generated information respectively. The rectangular boxes refer to methodological devel-

opments, such as statistical modeling, temporal disaggregation or economic evaluation of

the forecasts, or the generation of knowledge about the study area (i.e. development of

the SWAT model). This chapter provides relevant information about each type of input

data, activities and outcomes, as outlined below:

88
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Input data: The source and quality of the data, the reason for its selection, and its

spatial and temporal coverage/resolution are provided.

Generated information: Descriptions of the format of each generated data, and how

the data set are used to achieve specific objectives or sub-objectives are presented.

Research activities: This chapter details the techniques used in this study. The means

of evaluating the performance of the techniques is also discussed.

5.2 Input data

The details of the input data used for both rainfall and streamflow forecasting are pro-

vided in this section. These include data characteristics, data sources and the resolutions

of all data sets.

5.2.1 Observed daily precipitation

The daily precipitation data used in this research were obtained from climate stations and

prepared by Niger and Burkina Faso Meteorological Services. Though, there are several

stations in and around the Sirba basin, only daily rainfall data sets from climate stations

presenting missing data less than 10% over the entire observation period were selected

for this study. Finally, eleven rainfall time series, spanning 1960 to 2006, were applied

as input data in statistical models for rainfall and streamflow forecasting. Figure 5.2

displays the locations of the climate stations chosen for the study, and Table 5.1 shows the

details of the stations. Monthly rainfall climatology in the basin, as shown in Figure 5.3,

indicated that the highest amount of rainfall usually occurred from July to September

(JAS) which was consistent with various other studies relating to rainfall prediction in

the Sahel, including Barnston et al. (1996), Garric et al.(2002), Mo & Thiaw (2002),

and Raicich et al. (2003); these researchers also used JAS precipitation for a wet period

in the Sahel region in their studies.

The highest total rainfall amount was 777 mm in 1964 and the lowest was 370 mm

in 1984. The average annual rainfall and standard deviation from 1960 to 2006 was 529

mm and 100 mm respectively. The rainfall anomalies from 1960 to 2006, presented in

Figure 5.4, show that there is high rainfall variability in this area, particularly at the end

of the 1988 to 2006 period. The major dry episode in the basin was from 1970 to 1987,
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Figure 5.1: Overview of methodologies
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which corresponds with the findings of Nicholson and Palao (1993) who reported drought

episodes from 1968 to 1990 and Janicot et al. (2001) who referred to the dry conditions

of the Sahel beginning in 1970. Thus, the Sirba rainfall data used in this study is clearly

consistent with that of other studies conducted in the Sahel.

Figure 5.2: Climate stations in the Sirba basin
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Table 5.1: Rain gage station details

Station number Station name Longitude Latitude Country

200024 Gorgagji -0.52 14.03 Burkina Faso

200026 Dori -0.03 14.03 Burkina Faso

200047 Tougouri -0.5 13.32 Burkina Faso

200048 Dakiri -0.23 13.28 Burkina Faso

200082 Boulsa -0.57 12.65 Burkina Faso

200085 Bogande -0.13 12.98 Burkina Faso

200086 Piela -0.13 12.70 Burkina Faso

320002 Tera 0.82 14.03 Niger

320004 Tillabery 1.45 14.20 Niger

320005 Gotheye 1.58 13.82 Niger

320006 Torodi 1.80 13.12 Niger

Figure 5.3: Rainfall climatology collected from 11 climate stations
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Figure 5.4: Annual rainfall anomalies from 1960 to 2006

5.2.2 Sea surface temperature

As discussed in Chapter 2, various studies have shown distinct relationships between sea

surface temperature (SST) and rainfall, which was why SSTs were used as predictors in

the statistical models in this study. Gridded SST data sets from the Pacific and Atlantic

Oceans were used as initial pools of potential predictors for rainfall/streamflow forecast-

ing in the Sirba watershed. New potential predictors were generated by aggregating the

initial predictors over continuous periods of up to 18 months.

The tropical Pacific SST data ranges from 1970 to 2003, and is located within latitudes

29S to 29N and longitudes 124E to 70W, with a spatial resolution of 2x2 grid data (30

by 84 points) on the Celsius scale (Reynolds and Smith, 1994; Woodruff et al., 1993).

The data was prepared by the Climate Prediction Center of the National Oceanic and

Atmospheric Administration (NOAA) National Weather Service (US). The monthly time

scale Atlantic SST data ranges from 1964 to 2010, and consists of 25 points on the y-

axis (latitudes 19S to 29N) and 38 points on the x-axis (longitudes 59W to 15E). It was

obtained from the Meteorology and Water Resource Center of Ceara State, Brazil. Both

data sets were downloaded from the International Research Institute for Climate and
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Society. Figure 5.5 indicates the locations of the two data sets.

Figure 5.6 illustrates monthly climatology data of the tropical Pacific and Atlantic

SSTs, and clearly shows that the data sets are highly consistent. Surface temperature

of both oceans increased gradually from January to April and decreased from May to

August, then rose slightly to November and declined again in December. The maximum

and minimum temperatures of the Pacific Ocean SST were 26.1C and 25.7C respectively,

slightly higher than the Atlantic SST maximum and minimum of 25.8C and 25.2C respec-

tively throughout the entire period. Figure 5.7(a) and (b) display the SST climatology

of April (maximum) (a) and August (minimum) (b) over the two areas. For the Pacific

Ocean, the high temperatures were near Indonesia, in the mid- ocean and on the east

coast of Peru in April, then moved toward northern tropical region close to Japan in

August. The high SST in Atlantic Ocean was around Guinea, Ghana and Nigeria in

April, then shifted toward northern South America in August.

These two SST sets were introduced as input layers in all statistical models. Empirical

equations of the relationship between each SST and either local rainfall or streamflow

were established, and their forecasts were generated based on these relationships.

Figure 5.5: Locations of the Pacific and Atlantic SSTs
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Figure 5.6: Pacific and Atlantic SST climatology

5.2.3 Streamflow observations

Streamflow data used in this study were collected at the GarbeKorou station (latitude

13.73, longitude 1.90) on a daily time scale, and prepared by Direction of Water Re-

sources (Direction des Resources en Eau: DRE) of Niger. The data set covers from

1962 to 2002 (41 years) and has less than 10% missing data. The monthly time series

of streamflow from this period were built as in Figure 5.8, and this pattern shows con-

siderable agreement with the rainfall climatology illustrated in Figure 5.3. High flows

typically occurred from July to October in the summer rainfall season, and low flows

generally took place in the first five months of the year and approximately year end. The

annual average flow was approximately 27 m3/s and the standard deviation was 18 m3/s.

If only the July to September discharge was considered, the annual mean flow increased

to 86 m3/s with a standard deviation of 56 m3/s. The highest and lowest average annual

flows for this period were 235 m3/s in 1998 and 7 m3/s in 1968 respectively.

Observed streamflow anomalies are presented in Figure 5.9. It shows the prolonged

drought period from 1968 to 1987, as well as the serious flooding in the basin in 1988,

1991, 1994 and 1998 that corresponds to the positive rainfall anomalies in Figure 5.4.
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Figure 5.7: SST variability over the Pacific and Atlantic oceans in a) April (maximum

temperature) and b) August (minimum temperature)
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There are also opposing events when rainfalls and streamflows were inconsistent, such as

in 1963, 1966 and 1968. These could be due to errors of measurements or the complexity

of rainfall-runoff transformation processes.

Figure 5.8: Monthly observed streamflow from 1962 to 2002

Figure 5.9: Streamflow anomalies from 1962 to 2002
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5.2.4 Climate data

Climate data other than precipitation are described in this section. SWAT requires the

data of four climate variables: temperature, relative humidity, solar radiation and wind

speed. All the climate data used in this study were collected by National meteorological

offices of Burkina Faso and Niger. The characteristics of the data sets follow.

a) Temperature: SWAT requires maximum and minimum air temperatures on either

daily or sub-daily time scale. The variables are important due to their effect

on evaporation, which is the major process that removes water from the water-

shed. Temperature data are necessary to accurately calculate the water balance

in the basin, since they influence various physical, chemical and biological pro-

cesses (Neitsch et al., 2011). Two time series were available for this research, the

maximum and minimum daily temperatures from 1989 to 2002. The highest tem-

perature was approximately 42 C in April, and the lowest about 17 C in January.

During the July-September summer rainy season, the minimum and maximum

temperatures were 24 C and 36 C respectively.

b) Relative humidity Relative humidity can be calculated at a given temperature

from the ratio of actual vapor pressure to saturation vapor pressure. Daily relative

humidity is used in SWAT to estimate potential evaporation in the basin (Neitsch

et al., 2011). The data set was from 1980 to 1990, and SWAT used a weather

generator to simulate the missing data. The average relative humidity in the area

was 59% and the minimum and maximum were 15% and 100% respectively.

c) Solar radiation: SWAT requires solar radiation data since it is the main factor

controlling water movement in the land phase of the hydrologic cycle, and has a

significant influence on the rate of evaporation in the basin (Neitsch et al., 2011).

Similar to relative humidity, there were 11 years of solar radiation data available,

from 1980 to 1990. The weather generator acted the study period of 1989 to

2002, and the solar radiation data sets (average, maximum and minimum data)

were applied for streamflow forecasting. The average of solar radiation during the

observation period was 9Kw/m2. The minimum and maximum values were 0 and

12 Kw/m2.

d) Windspeed Wind speed data are used to estimate potential evapotranspiration and

transpiration (Neitsch et al., 2011). These were obtained from three climate sta-

tions over the period of 1980 to 1990, and the SWAT weather generator was applied
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to complete missing data. The average daily wind speed over the basin was 2.4

m/s, with a high of 12 m/s and a low of 0 m/s.

5.2.5 Land use

Land use is an important factor for computing runoff in the basin. Neitsch et al. (2002)

described land use as one of significant parameters used to produce an accurate estimation

of evapotranspiration. The source of the land use data for the Sirba watershed was the

USGS Global land Cover Characterization database, with a spatial resolution of one

kilometer (map available at http://www.waterbase.org). As discussed in Chapter 4, this

region is a rural area with most of the land use dedicated to agriculture and livestock.

More than half of the total area of the basin (53%) is savanna grassland, with pasture

and cropland making up about 23% each. The remaining area (1%) is sparsely vegetated,

shrub land and water. The land use map for the Sirba basin is shown in Figure 5.10.

5.2.6 Soil data

Soil characteristics are basically used to calculate runoff and infiltration rates, which

relate to water balance and are key factors for estimating the movement of water through

a soil profile. The soil data used in this study was prepared by the Food and Agriculture

Organization of the United Nations in 1995, with a spatial resolution of 10 kilometers

(map available at http://www.waterbase.org). Details of soil properties were obtained

from Reynolds et al. (1999). There is no variability in soil types as soil data is global

and has a low spatial resolution. The entire basin is sandy-loam soil (60% sand, 30% silt

and 10% clay).

5.2.7 Digital Elevation Map

A digital elevation map (DEM) displays the continuous elevation of a terrain, which is one

of three criteria used to partition the basin into hydrological response units (HRUs). The

African DEM is from Shuttle Radar Topography Mission data, processed by NASA and

the United States Geological Survey. The CGIAR Consortium for Spatial Information

(CGIAR-CSI) distributes this data set (Jarvis et al., 2008). This map can be used for

sub-watershed delineation in the basin, where the elevation range is from 0 to 454 meters.

Figure 5.10 shows the DEM of the Sirba watershed.
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Figure 5.10: Land use and DEM maps for the Sirba watershed
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5.3 Generated data

Forecasted data developed on various time scales are shown as green parallelograms

in Figure 5.1. Rainfalls were primarily generated first using statistical models, then

streamflows were constructed using both statistical and hydrological models.

5.3.1 Rainfall time series

Rainfalls were primarily forecasted on seasonal (JAS) time scales using statistical models

driven by SSTs as predictors. The performance of each model forced by SST data sets for

rainfall generation was estimated using the Nash-Sutcliffe coefficient (Ef ), the coefficient

of determination (R2) and the hit score (H). The details of each indicator are discussed

in Chapter 3. The seasonal rainfall forecasts were later disaggregated into daily time

scales to allow them to be used as input data for SWAT. The accuracy of the rainfall

forecasts before and after disaggregation are reported. The best time period of each SST

suitable for rainfall forecasting is also indicated.

5.3.2 Streamflow time series

Streamflows were forecasted using the SWAT model forced by rainfall forecasts (the in-

direct method), and statistical models using SSTs as predictors (the direct method).

The SWAT method generated monthly time series, while the other gave seasonal stream-

flow forecasts from July to September. In order to compare the performance of the

two approaches, seasonal streamflow forecasts were disaggregated to monthly flows. The

same criteria used to evaluate rainfall forecasting were applied to estimate the models’

performance for streamflow forecasting.

5.4 Research activities

This section describes all the procedures used in this study. It first details the statistical

models employed for both rainfall and streamflow forecasting, then explain the techniques

applied to prepare aggregate SSTs forced to statistical models. Steps for streamflow

forecasting using either SWAT (indirect) or only statistical (direct) models are then

detailed. Finally, the uncertainty analysis approach and the cost/loss ratio method used

for economic estimates of the forecasting systems are presented.
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5.4.1 Statistical models development

Linear and non-linear regressions were applied for rainfall and streamflow forecasting in

the Sirba basin. Additional steps were taken before using the regression approaches, in

order to obtain high predictive SST grid points and produce more accurate forecasts. All

combinations of statistical techniques were tested, and their forecasting performance are

explained.

The Pacific and Atlantic SSTs were used as predictors in the models. The SST data

sets had high dimensions of 2,460 for the Pacific and 950 for the Atlantic; thus, the

data required filtering to obtain only grid points with high correlation to predictands

(rainfall/streamflow). Principal component analysis (PCA) and canonical correlation

analysis (CCA) were then applied to reduce the number of data sets, and overcome the

multicollinearity of the SST data. A cross-validation method was applied to reduce over-

fitting of outputs generated by the models. Either multiple linear regression polynomial

regression of degree two to six was then applied to establish empirical equations for

hydrological simulations of rainfall and streamflow.

1) Screening most important SST grid points: Two techniques, R2 and Ef were

tested to determine their capability to filter SST grid data. If R2 was used, the

model specifically selected the grids of SST with a relationship to the predictand P-

value of less than 0.05. The remaining SST grid data were then ordered according

to their R2 value, and arbitrary assigned a number of the SST time series (Nmax)

from 10 to 200 with ten increments for use in PCA and CCA. For example, the first

set of SST data contains ten SST grid points, and these ten time SST series were

used as independent variables in PCA and CCA applications. Then 20 time SST

series were used in the second run, and so on. The process was repeated with the

different numbers of SST time series until 200 grid points were used as independent

variables.

If Ef was performed in the screening step instead of R2, a simulation was generated

using each SST grid point at the first step. The Ef value was then computed using

observations and forecasts, and the number of Ef depended on the amount of SST

grid data. All Ef data were then ordered from high to low, and Nmax was defined

to specifically maintain powerful predictors to use in PCA and CCA. This process

of changing Nmax to obtain various SST time series was repeated until 200 SST

grid points were applied in the models.
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2) Predictor vector dimension reduction methods: After running the previous

step, the SST grid data dimension ranged from 10 to 200 data points, with 10

increments. PCA and CCA were applied to reduce the number of grid data with the

same statistical information as the original predictor data sets. PCA constructed a

new variable data set with each data called a principal component (PC). How many

principal components (PCs) were generated using PCA, based on the number of

remaining SST grid points (Nmax) obtained after the screening step. For example,

if ten SST grid points are constrained to drive the statistical models, the number

of generated PCs is also ten. Stepwise regression was then applied to retain the

most effective PCs to build an empirical equation to use in the next step.

Similar to PCA, CCA has the ability to reduce the number of variables. The

difference between the two methods is the number of initial data sets used to

calculate new data. CCA considers intercorrelation between both predictors and

predictands, whereas PCA calculates new data sets using only predictor data. CCA

typically develops only one set of predictor. Thus, if CCA is used rather than PCA,

it is not necessary to apply stepwise regression before regression analysis.

3) Empirical model generation: Both linear and non-linear regressions were tested

to determine the best method for rainfall/streamflow forecasting. Simple and mul-

tiple linear regressions were performed after CCA and PCA applications. If only

one predictor data set remained after a predictor reduction process, simple linear

regression is used; otherwise multiple linear regression is applied instead. Polyno-

mial regressions of degree two to six were used for the non-linear regression model.

A one-year cross validation approach was performed to avoid overestimation bias;

both the predictor data set of the pervious year and the predictand data set of the

forecasts issue year were not involved in generating the empirical equation. The

coefficients of the equation were used to simulate response variables (i.e. rainfall

or streamflow) based on the SST of the year that was discarded at the first step.

This process was repeated until variables of all years were simulated. More details

of the processes used to manage data are described in the SST data preparation

section.



Methodology 104

The eight following statistical models were employed in this study. Model perfor-

mances were evaluated using three criterions. Figure 5.11 shows the general steps

of all statistical models.

• Model I: R2-PCA-Simple/Multiple linear regression

• Model II : R2-CCA-Simple/Multiple linear regression

• Model III : Ef -PCA-Simple/Multiple linear regression

• Model IV : Ef -CCA-Simple/Multiple linear regression

• Model V : R2-PCA-Polynomial regression

• Model V I : R2-CCA-Polynomial regression

• Model V II : Ef -PCA-Polynomial regression

• Model V III : Ef -CCA-Polynomial regression

The steps used for statistical models as follows:

For each aggregated SST, the cross validation method was applied to generate

forecasted rainfall/streamflow. Details of the steps for cross validation are explained

below.

a) For each period the SST was aggregated, the cross validation method was ap-

plied as follows (Figure 5.12):

i For each year Y in the period for which the SST of year Y-1 prior to the fore-

casted month of year Y, and rainfall/streamflow in the Sirba watershed

for year Y were available:

1. The SST of year Y-1 was removed from the SST grid.

2. The rainfall/streamflow of year Y was removed from the rainfall data

set.

3. The dimension of the remaining SST data set was reduced using the

methods described in Section 5.4.1 to obtain a smaller number of

predictors.

4. A regression was fitted between the SST and rainfall/streamflow time

series.

5. The fitted regression was used to simulate the rainfall/streamflow of

year Y.
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Figure 5.11: Statistical models



Methodology 106

[If the SST and rainfall/streamflow were from the same year (year Y),

only SST and rainfall/streamflow time series for year Y were removed in

the first step, before applying in the statistical models]

ii When the forecasted rainfall/streamflow was available for each year in the

historical period, the objective functions Ef , R2 and H were calculated

to estimate model performance.

b) For a given SST data set, the period that gave the best performance was

presented.

The statistical models used in this research involved repetitive steps, in order

to include all aggregate SST periods and Nmax values in the process. Thus,

the loops for programming in Figure 5.13 to 5.16 can help clarify all proce-

dures used to develop forecasted outputs. Though the figures show the model

practices for precipitation forecasting, streamflow forecasting also applied the

same procedures. Figure 5.13 shows an overview of three procedural sub-

processes of a) precipitation and SST data preparation, b) SST dimension

reduction and c) forecast generation. Figure 5.14 presents the loop, and ex-

plains how aggregate SSTs are generated in a specific period corresponding to

the seasonal precipitation to be forecasted. It also shows how to apply repe-

tition for the next aggregate SST generation for all years of the study period.

Figure 5.15 and 5.16 show the procedure used to decrease SST dimension

and develop the forecasts respectively.

5.4.2 SST data preparation

SST data were available on a monthly time scale, but it is common practice to prepare

SST averaged over longer periods, such as trimesters, before using them in seasonal

forecasting models. The choice of the period when the SST is averaged (known as the

SST averaging period) will affect the performance of the forecast. Since the best period

was not known in advance, SST data sets were aggregated over various periods with

different lengths and start dates. The periods started at the beginning of a calendar

month, and finished at the end of a calendar month. The beginning of a period had to

be later than or equal to January 1st of the previous year (i.e Y-1, where Y is the year

with the rainy season for which the forecast was issued). The end of the period had

to be prior to or equal to June 30th of year Y. Figure 5.17 demonstrates how all 171

periods corresponding to the above criteria were systematically arranged. The upper bar
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Figure 5.12: Cross validation process to generate forecasted rainfall/streamflow for each

SST averaging period
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Figure 5.13: Overview of procedure in the statistical models
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Figure 5.14: Aggregate SST and seasonal precipitation generation
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Figure 5.15: SST dimension reduction procedure
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Figure 5.16: Forecast Generation
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indicates all the months from January of the previous year (Y-1) to June of the year the

forecast is issued (Y). For example, in the first run only the SST of January (Y-1) was

selected a predictor. The SST average over January and February (Y-1) was used as a

predictor in the second run. This process was repeated at one month increment until

June (Y) was reached as the end of the period. Then, the SST of February (Y-1) was

used as a predictor followed by the SST average over February and March (Y-1). The

process was iterated until only the SST of June (Y) was used.

Figure 5.17: SST averaging periods

5.4.3 Streamflow forecasting using the indirect method

The section clarifies the methodology used to forecast streamflow with a physically based

model. Three main steps used to develop streamflow forecasts by SWAT are discussed:

1) generation of rainfall forecasts, 2) temporal disaggregation technique and 3) SWAT

model operation.

5.4.3.1 Generation of rainfall forecasts

This simulation employed daily local rainfall observations in the Sirba basin as predic-

tands and monthly SSTs as predictors. Seasonal rainfalls during July to September (JAS)

of the entire period (1960 to 2006) were considered for use in the statistical models. SST

averaging periods to be used as predictors were prepared as described in Section 5.4.2,

which meant there were 171 predictor data sets for each SST region, with different peri-

ods from January of the previous year until June of the year the forecasts were issued.
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Consequently, 171 seasonal rainfall forecasts (JAS) were produced using each statistical

model with only one Nmax. As stated above, the Nmax value was determined in order to

define the number of SST grid data to be used to drive the model. A number of Nmax

from 10 to 200 with 10 increments were put in the model for each run. Thus, 3,420

seasonal rainfall forecasts were developed with each statistical model and SST region for

all Nmax values.

All 3,420 forecasted rainfall time series were evaluated to determine the most accurate

rainfall forecast developed by assessing each SST region with three objective functions:

Ef , R2 and H. Though all three criteria were applied to measure model accuracy, Ef

was the key function used to select the best simulation as it is specifically designed for

estimating model performance with continuous variables and can indicate the difference

in magnitude between observations and simulations. The four generated seasonal rainfall

time series developed with either linear or non-linear regressions, and the Pacific or

Atlantic SSTs that showed the highest Ef were processed in the next step.

5.4.3.2 Temporal disaggregation technique

SWAT uses only daily or sub-daily precipitation data for hydrologic simulation, so the

seasonal forecasted rainfalls temporal resolution had to be increased to a daily scale.

This was done using the fragment method, which is the simplest method for tempo-

ral disaggregation. A difficulty of this technique is selecting the proper fragment series

to generate the most accurate daily rainfall. The fragment series was multiplied with

seasonal rainfall forecasts, there by producing daily rainfalls for a given year. Three frag-

ment series were generated using three different methods, and the best one for producing

daily rainfall forecasts corresponding to observations was applied to prepare the data for

the SWAT model in the next step.

a) Fragment series selection (F-I): This fragment series generation is based on the

original fragment method proposed by Harms and Campbell (1967). First, the

average daily rainfall observations over the Sirba basin were calculated using the

Theissen polygon method, then the average daily rainfalls from July to September

were aggregated to convert the time scale from daily to seasonal. With the excep-

tion of year i, the forecasted seasonal rainfall of all years (SRsim,yi, i = 1, 2...n; n

being the number of years in the study period) was compared to observed seasonal

rainfalls. The year j (j = 1, 2...n − 1) showing the amount of observed seasonal

rainfall (SRobs,yj) closest to SRsim,yi was selected to compute the fragment series,
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which can be generated by dividing the observed daily rainfall of year j (DRobs,yj)

bySRobs,yj . All fragment series were then multiplied with SRsim,yi and daily fore-

casted rainfalls of year i (DRsim,yi) were simulated. These processes were repeated

until all seasonal rainfall forecasts were changed to daily time scales. Since this

method was based on areal average rainfall observations, only one rainfall time

series was produced.

b) Fragment series selection II (F-II): This method did not apply the Theissen poly-

gon in the first step, but daily rainfall observations from all stations were considered

for the fragment series calculation. These daily rainfall observations from July to

September were aggregated to a seasonal scale, and SRsim,yi was compared to the

seasonal observed rainfalls of all years (except year i) and all stations. The sea-

sonal observation of a given year and a given station (SRobs,yj,stk; j = 1, 2...n − 1

and k = 1, 2...m; m being the number of station) showing the closest rainfall

amount to SRsim,yi was used to calculate the fragment series. The ratios of frag-

ment series were computed by dividing the observed daily rainfall of year j station

k (DRobs,yj,stk) by SRobs,yj,stk. Daily rainfall simulation of year i (DRsim,yi) were

then constructed by multiplying the forecasted seasonal rainfall with the fragment

series. These processes were repeated until the time scales of the rainfall simu-

lations of all years were increases to daily rainfall. Only one time series of daily

rainfall was produce by this method.

c) Fragment series selection III (F-III): The Theissen polygon was applied to gen-

erate areal average daily rainfall observations in the basin, then seasonal rainfall

observations (July to September) were computed. Similar to the method F-I, the

differences in seasonal rainfall simulations of a given year (SRsim,yi) and seasonal

rainfall observations of the entire period except year i were calculated, and the

year with the least difference between seasonal forecast and seasonal observation

was selected for fragment series calculation. Then, daily rainfalls of all stations of

the selected year were computed for the fragment series by dividing DRobs,yj,stk by

the corresponding observed seasonal rainfall SRobs,yj,stk. Daily rainfall forecasts of

year i for all stations were generated by multiplying (SRsim,yi) by the fragment se-

ries of all stations. These steps were repeated until the forecasted seasonal rainfalls

of all years were calculated. Thus, the number of disaggregated daily rainfall series

generated with this method depended on the number of stations in the basin.
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One time series of seasonal rainfall forecast was tested using all the above selection

methods. The fragment method producing the best disaggregated forecasts showing

high agreement with daily observations was selected for all rainfall forecasts generated

by either linear or non-linear regression and either the Pacific or Atlantic SSTs.

5.4.3.3 SWAT model application

This section provides the details related to streamflow generation using SWAT. The Arc-

SWAT, an ArcGIS-Arcview extension user input interface for SWAT, was primarily used

to generate all relevant files. Similar to most rainfall-runoff models, SWAT requires an

initial calibration process to determine the most suitable values of significant parameters

for the basin. The steps of parameter generation for streamflow simulation using Arc-

SWAT are first described, followed by the calibration process using observed rainfalls as

an input layer. Finally, the model with the optimal value of sensitive parameters was

applied to forecast flows using the daily rainfall forecasts rather than observed rainfalls,

and all outputs were compared. Figure 5.18 schematically displays the processes for

generating the SWAT model for the Sirba watershed.

a) SWAT simulation This section explains the procedures used to generate the in-

put/output files of the SWAT model for use in the Sirba basin, including the ap-

proaches for running the model and sensitivity analysis application for streamflow

generation. Details of all processes used in ArcSWAT can be found in Winchell et

al. (2007).

• Watershed delineation: This tool was used to automatically delineate sub-

watersheds for the basin based on DEM data. Stream networks and outlets of

sub- basins are generated using the watershed boundary and the spatial data

of rivers in the basin. Then the outlet of the entire watershed is defined. The

reservoirs in the basin are added manually. The information of study area

identified five dams in the Sirba basin, and they were also added in this step.

Ultimately, nine sub-basins were created by this process (Figure 5.2)

• HRU analysis: Hydrological response unit (HRU) is the combination of

unique land use, soil and slope in the sub-basin which is a lumped land area.

The HRU analysis function in ArcSWAT was used to overlay these three

classifications in order to determine HRUs and their distributions for each

sub-basin in the watershed. The hydrologic parameters for each HRU are
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Figure 5.18: The SWAT model generation for the Sirba basin



Methodology 117

different. The spatial maps of land use, soil and DEM of the Sirba basin from

Section 5.2 were uploaded to ArcSWAT. 34 HRUs were generated for the nine

sub-basins in the Sirba watershed (Figure 5.19)

• Import weather data: This tool was used to import five climate variables in

the basin to the model (i.e. rainfall, temperature, relative humidity, radiation

and wind speed). In the first step, the latitude and longitude of the weather

stations were put into the model, then the weather data were introduced in

ArcSWAT. A time scale of rainfall data needed to be defined. Since each

climate variable had a different time period. All missing values in the climate

data sets were replaced with the values generated using the weather generator.

In the first simulation only observed data were forced to SWAT in order to

prepare all required input files for continuous use in the calibration process.

• Input file generation: Database files containing all the information required

for SWAT were first built, then 15 main groups of input files (below) were

generated. The number of files in each group depends on how many sub-

basins and HRUs are created in the basin; details of input files can be found

in Neitsch et al. (2004). As the Sirba watershed had nine sub-basins and 34

HRUs, more than 200 input files were developed in this study.

– Configuration file (.fig)

– Soil data (.sol)

– Weather generator data (.wgn)

– Sub-basin general data (.sub)

– HRU general data (.hru)

– Main channel data (.rte)

– Groundwater data (.gw)

– Water use data (.wus)

– Management data (.mgt)

– Soil chemical data (.chm)

– Pond data (.pnd)

– Stream water quality data (.swq)

– Watershed general data (.bsn)

– Watershed water quality data (.wwq)

– Master watershed file (.cio)
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• Running SWAT: Output files can be generated using either the ArcSWAT

interface or the SWAT model formatted in a command line tool. The period

of simulation including the time scale of output needs to be defined. After

successfully running the SWAT model, the following seven output files were

constructed (see Neitsch et al. (2004)). All the input and output files were au-

tomatically saved in the TxtInOut folder, a key repository for the calibration

process.

– The input summary file (input.std)

– The output summary file (output.std)

– The HRU output file (output.hru)

– The sub-basin output file (output.sub)

– The main channel output file (output.rch)

– The HRU impoundment output file (output.wtr)

– The Reservoir output file (output.rsv)

• Sensitivity analysis: This function is available after creation of the TxtI-

nOut. It consists of three groups of parameters, flow, sediment and water

quality, that can be evaluated in the sensitivity analysis application. Since

this study focused on the discharge in the Sirba watershed, only parameters

relating to flow data were considered. The ten most sensitive parameters and

their ranges are shown in Table 5.2. For example, the first parameter influ-

encing flow generation was CN2, the moisture condition II curve number. It is

used to calculate a retention parameter, which is continuously applied to the

accumulated runoff in the basin. This parameter is significant only when the

SCS curve number procedure is applied. All these sensitivity parameters were

closely monitored in the calibration process discussed in the next section.

b) Calibration process To generate more accurate simulations with SWAT, the model

needs to be calibrated to find the optimal values of parameters describing the Sirba

basin behavior; to do this the SWAT Calibration and Uncertainty Program (the

SWAT-CUP) was applied for this purpose. This model has been widely used to

calibrate SWAT model (e.g. Masih et al., 2001, Jajarmizadeh et al., 2013, Wang

et al., 2014).
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Figure 5.19: HRU classification in the Sirba basin
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Table 5.2: Ten most sensitive parameters of the SWAT model for streamflow in the Sirba

watershed

Parameter Variable name in

SWAT

Range

Moisture condition II curve number CN2 20-90

Soil evaporation compensation coefficient ESCO 0.01-1

Available water capacity of the soil layer SOL AWC 0-1

Depth from soil surface to bottom of layer

(mm)

SOL Z 0-3500

Threshold water level in shallow aquifer for

base flow (mm H2O)

GWQMN 0-5000

Effective hydraulic conductivity (mm/hr) CH K2 0-150

Maximum canopy storage (mm) CANMX 0-100

Threshold depth of water in the shallow

aquifer for revap to occur (mm)

REVAPMN 0-500

Potential maximum leaf area index for the

plant

BLAI 0-12

Surface runoff lag coefficient SURLAG 1-24
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As mentioned in the previous section, for this step SWAT-CUP requires the TexI-

nOut folder containing the input/output files generated with ArcSWAT. Sequential

Uncertainty Fitting (SUFI2) in the SWAT-CUP was performed for model calibra-

tion. This method considers all potential sources of model uncertainties including

input data, conceptual models and parameters (Abbaspour, 2013). The value of

the ten parameters shown in Table 5.2 were adjusted based on their ranges. The

required information that must be specified for each run is as follows.

• Number of parameters

• Number of simulations

• SWAT output file name

• Number of interesting variables (Flow variable for this study)

• Total number of sub-basins

• The beginning/end years of simulation

• Observed data (Flow observation for this study)

The steps used to calibrate the model are briefly described below:

1. As an example, in the par inf.txt the most sensitive parameter (CN2.mgt) was

put in the model. The number of parameters and the number of simulations

for the first run were 1 and 500 respectively.

2. In the SUFI2 swEdit.def, again the first and last simulation numbers were

defined for example at 1 and 500 respectively.

3. In the Observed rch.txt, the streamflow observations at the outlet of Sirba

basin from 1989 to 2002 were determined. Missing values were deleted, and

the final number of data was indicated.

4. In the SUFI2 extract rch.def, a SWAT output file name was defined. For

example, this study is focusing on the stramflow simulation which is in the

output.rch file. The list of information required in the SUFI2 extract rch.def

is as follows:

- The number of variables for the simulation.

- The column number of the variables in the SWAT output file.

- The total number of sub-basins.
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- The number of sub-basins for the variables.

- The beginning and the end years of simulation.

- The time step of the simulation must be determined.

5. In the observed.txt, the streamflow observation has to be put in the model

again. SWAT-CUP requires determination of objective function used to esti-

mate simulations. This study used Ef as the criterion.

6. After carefully following the above steps, SUFI2 pre.bat was run. A Success-

ful running message indicates that there are no errors in all relevant files.

SUFI2 run.bat was applied in the next step for model calibration and then

SUFI2 post.bat was performed.

7. Calibration outputs are presented in various files. Summary Stat.txt shows

statistics of the best simulation corresponding to the threshold and objective

function selected in step (5). The best Par.txt shows the values of specified

parameters.

A number of simulations was arbitrarily set for each parameter and the optimum

value was estimated using Ef , then the most favourable value of each parameter

was assigned to the model. The best model had R2 and Ef of 0.83 and Hit score

(H) of 86%. Figure 5.20 illustrates outputs of model calibration comparing to

observed streamflows from 1989-2002.

c) Forecasted streamflow generation: Streamflow forecasts were generated with daily

rainfall forecasts driving the SWAT model, and the optimum values of parameters

obtained from the calibration process were used in the model. Four sets of fore-

casted daily rainfall forecasts using either SST region or regression method were

considered to force to the model. Other climate variables, including spatial data

used in the first run, were retained for use as input variables. Consequently, the

number of months in advance that river flow was forecasted depending on the lead

time of corresponding forecasted rainfall. Finally, the reliability and accuracy of

all simulations were estimated using Ef , R2 and H, and the results were compared

to the direct method discussed in the following section.
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Figure 5.20: Hydrographs of forecasted streamflows developed by the calibration process

compared to observations
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5.4.4 Streamflow forecasting using the direct method

Though SWAT can manage the physical interactions between climate, land and river

channels to generate streamflows in the basin, it requires significant amount of climate

data and basin characteristics. As the high computational cost of calibration can con-

strain seasonal streamflow forecasting, statistical applications are another option to di-

rectly forecast river flows. In this study, the statistical models explained in the Section

5.4.1 were applied to predict streamflows, with SSTs of both regions (the Pacific and

Atlantic Oceans) used as predictors and observed flows as predictands. Each SST data

set driven the model was prepared using all steps in Section 5.4.2. Streamflows were

directly modeled without taking the characteristics and physical processes of the basin

into account. This application was similar to that described in Section 5.4.3 (Generation

of rainfall forecasts) except for a difference in a predictand data set. The total number of

forecasted streamflow time series was equal to the number of forecasted rainfall time se-

ries. Only the best outputs constructed with either linear or non-linear regressions from

both predictors (Pacific and Atlantic SSTs) were used. They were then disaggregated

from seasonal to monthly forecasted flows in order to compare their performance to the

indirect method.

5.4.5 Uncertainty analysis

The accuracy and reliability of streamflow prediction depends on various factors, includ-

ing, input data, model parameters and model structure, and model errors are largely due

to the inherent uncertainties of these factors. Typically, a decision maker requires not

only deterministic simulations but uncertainty estimates as well, which are represented

by the model prediction interval (Shrestha and Solomatine, 2008). Integrating the simu-

lations and uncertainty estimates can enhance the capability of simulated data for to act

as a warning system, and contribute to water resource management policy in the future.

In this study, the basic technique used to estimate the prediction interval base on the

analysis of the model errors was applied. In addition, the performance of Bayesian model

averaging (BMA) to decrease uncertainty due to model selection was also assessed.
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5.4.5.1 Uncertainty analysis based on the analysis of model error

The framework discussed in this section was extended to provide information about un-

certainty in the forecasted precipitation (for the indirect method) and streamflow (for the

indirect and direct method). For the indirect method, it was assumed that the forecasted

precipitation would follow a normal distribution with the mean being the estimate of the

seasonal forecasting precipitation and the standard deviation being the standard devia-

tion of the residuals. This assumption allowed the calculation of n equiprobable values

of the total precipitation by taking n annual precipitation values with exceedance prob-

ability 1/2n, 3/2n, ..., (2n - 1)/2n, given the previously defined probability distribution

of the forecasted annual rainfall. Each value was disaggregated and fed into the SWAT

model of the Sirba watershed, resulting in n hydrographs representing the uncertainty in

the hydrologic forecast. A histogram displaying the relative probability of various flow

magnitudes can be plotted, and if n is large enough, the probability distribution of fu-

ture flow could be also plotted. The same methodology was applied for the flow forecasts

developed by the direct method. After the forecasted flow was successfully generated

using the statistical models, n hydrographs were directly constructed. The uncertainty

boundary was created, and model uncertainties could be evaluated by considering the

observed flows in the range of these bands.

5.4.5.2 Bayesian model averaging

Forecasting model applications that employ regression analysis usually select optimal

predictors and parameters by applying the maximum likelihood technique in a training

period. However, other predictors should not be ignored as considering all predictors

might lead to higher reliability forecasts, and give decision-makers higher confidence to

use the forecasts for water resource management. The Bayesian model averaging (BMA)

approach can overcome this issue, as it allows users to apply all predictors in the process.

An important benefit of the BMA approach is the capability to produce predictive density

of expected value and the standard error calculated from all models. It helps an end-user

visualize the expected value compared to the observation, and get an indication of the

range of the response variable. The level of uncertainty can be establish from the outputs.

The posterior probability of each model is typically generated based on the prior and

likelihood functions of the model; BMA combines all models to generate posterior model

distribution. Each model is weighted by its posterior model probability, and the final

outcome of BMA is a probabilistic forecast that can represent a forecasting uncertainty.
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Feldkircher and Zeugner (2009) developed a BMA package called BMS, which is well

used in statistical software known as R. Unlike regression statistics, BMA allows a user

to develop forecasts from all models in the model space. Similar as using the statistical

models, 171 aggregate periods were considered. Thus, the total number of independent

variables for streamflow prediction were 2,520x171 and 950x171, which can be used to

build models of 2(2,520x171) and 2(950x171) for the Pacific and Atlantic SSTs respectively.

Due to the extremely large number of models, several preprocessing steps were taken to

decrease them to an amount that is manageable using BMA. The overall process used to

develop the BMA model is illustrated in Figure 5.21. In order to avoid overestimation,

the cross-validation method was employed throughout the BMA process.

Let M1 1, M1 2, M1 3, ... , M18 18 denote aggregate SST period over January(Y-1),

January(Y-1) to February(Y-1), January(Y-1) to March(Y-1) , ..., June(Y) respectively.

i Reduction of the predictor set by selecting grid points with high predictive power

For each period of SST:

(1) All variables, each corresponding to a grid point and an averaging period, were

screened by assessing their linear relationships with observed streamflow. Only

variables strongly corresponding to observations with P-value less than 0.05

were selected.

(2) PCA was applied to the remaining variables and PCs were generated. Only

the first PC (PC1) that accounts for the highest variance of data was collected

for use in the next step.

(3) These above two steps were repeated until all 171 periods were addressed.

Finally, the number of predictor was decreased to 171 variables.

ii Due to the large number of predictor, there were 2171 models combinations in the

model space. All data were collected into 18 groups with each group containing

predictors obtained by averaging SST over a particular month. For example, M1 1,

M1 2, ..., M1 18 were in the first group (G1). M2 2, M2 3,..., M2 18 were in the

second group (G2), and so on. G1 consisted of the highest volume of predictors

with 18 data sets, while G18 had only one predictor (X18 18) Ultimately, 18 groups

of predictors were prepared to be used in BMA.
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iii For each group (G1 to G18):

(1) All variables were fed into BMA with a uniform prior probability condition to

ensure even allocation of their initial credibility. Posterior model probability

(PMP) was analytical for every variable in all models. All PMP values from

all modes were totaled, an action known as the posterior inclusion probability

(PIP). Higher PIP values highlight the predictors that are included in posterior

models more often, and thus are more important than those with lower PIP

values.

(2) To develop predictive density two types of BMA models (BMA1 and BMA2)

were tested, based on the criteria for selecting final predictors:

• BMA1: The variable with the highest PIP was selected for developing

the predictive density distribution.

• BMA2 : Since the top variables in some groups might have low PIP val-

ues, selecting only the highest PIP variables could lead to unintentionally

discarding meaningful variables, or keeping those with low PIP values in

the process. Thus, only variables with PIP above 0.6 were arbitrarily

selected in order to keep only high potential predictors in the process.

(3) This process was repeated until all 18 groups were implemented.

BMA1 and BMA2 were applied with a uniform prior probability, and predictive density

distributions were then developed. The expected value, variance and model size distribu-

tion, representing the average number of prior and posterior predictors, were generated.

5.4.6 Estimation of economic value of streamflow forecast

This section discusses the methodology used to assess the economic value of forecasts de-

veloped by indirect and direct methods. The basic cost/loss ratio method was employed

with different situations. Before estimating the potential benefits of streamflow forecasts,

specific thresholds need to be specified in order to measure the value of forecasts based

on each adverse event. The basic concept used to calculate the frequency analysis for

hydrology follows, then the steps used in the cost/loss ratio method are examined.

Frequency analysis is a technique used to estimate the probable frequency of occur-

rence of a given extreme event. In this study, the exceedance probabilities of streamflow

were arbitrarily defined as 0.5, 0.2 and 0.1; corresponding to a 50%, 20% and 10%
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Figure 5.21: Forecast generation using BMA



Methodology 129

chance of occurring in a given year. The recurrence intervals, also known as return pe-

riods, of these exceedance probabilities were 2, 5 and 10 year respectively. To estimate

the streamflow value for each return period, the probability distribution must initially fit

the observations. The most widely used distributions in hydrologic analysis are the log-

normal, the log-Pearson Type III and the normal distribution (McCuen, 2005). However,

in this study 11 distributions were tested in order to ensure the most fitting distribution

for the Sirba streamflow. Table 5.3 shows the characteristics, parameters and proba-

bility density functions of 11 distributions. As suggested by Rao and Hamed (2000), a

Chi-Square test was applied to estimate the flood frequency.

The Chi-Square test (χ2) measures how well observed data and expected data gen-

erated from a specific theoretical distribution fall in the same class interval. The range

of χ2 is in between 0 to ∞ while χ2 = 0 indicating that observations and expected fre-

quencies agree precisely. Equation 5.1 shows the method used to calculate χ2. Oj and

Ej are the observed and expected number of events in the class j and k is an arbitrary

number of classes (Rao and Hamed, 2000).

χ2 =
k∑

j=1

(Oj − Ej)
2

Ej

(5.1)

After obtaining the specific distribution effectively described the sample streamflow,

the specific flow values the 2, 5 and 10 year return periods can be defined.

Continuous forecast data were converted to categorical data based on the flows of the

2, 5 and 10 year return periods. Ten uncertainty data series based on normal distributions

of forecast results were also calculated and added to the contingency table to account for

forecast uncertainty. A number of data falling into each group were counted and used to

calculate economic values.

The cost/loss ratio model was then used to calculate the economic values of the forecasts.

Both those generated using the direct method and the SWAT model were evaluated for

their economic benefits. Equation 5.2 is the formula used to compute a forecasting value.

V = (Eclimate − Eforecast)/(Eclimate − Eperfect) (5.2)

V is the economic value of forecast system and it can be defined as the ratio of

the reduction in mean expense to the reduction of expense when perfect forecasts are

accessible (Richardson, 2012). Eclimate can be obtained by considering the minimum of

either cost of protective action (C) or the multiplication of the climatological base rate
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Table 5.3: Characteristics, parameters and PDF of eleven probability distributions

Distribution Characteristics Parameters PDF

Normal Symmetric distri-

butio

μ, σ f (x) = 1
σ
√

2π
exp[−1

2
(x−μ

σ
)2]

Log normal Positively skewed;

used when the log-

arithm of the data

is normal

μ, σ f (x) = 1
xσ

√
2π

exp[−1
2
( lnx−μ

σ
)2]

Three parame-

ters log normal

Positively skewed a, b, c f (x) = 1
(x−a)c

√
2π

exp(−[ln(x−a)−b]2

2c2
)

Exponential nor-

mal

Positively skewed a f(x) = {ae−ax, x ≥ 0 or 0 ≤ 0

Pearson type III Positively skewed a, b, c f (x) = 1
aΓ(b)

(x−c
a

)b−1exp(−x−c
a

)

Gamma Positively skewed a, b f(x) = 1
baΓ(a)

xa−1e
−x
b

Logistic Symmetric distri-

bution

μ, σ f (x) = 1
σ
∗ e−(x−μ)/σ

(1+e−(x−μ)/σ)2

Generalized

logistic

Positively or nega-

tively skewed rely-

ing on k

k,σ, μ f(x) =
(1+k( x−μ

σ
)−1−1

k )

σ(1+(1+k( x−μ
σ

)−1/k)2)

Extreme value Negative skewed μ, σ f (x) = σ−1exp(x−μ
σ

)exp(−exp(x−μ
σ

))

Generalized Ex-

treme value

Positively or nega-

tively skewed rely-

ing on k

ξ,μ, σ f (x) = 1
σ
(1 + ξz)

−1
ξ−1 exp(−[1 +

ξ(x−μ
σ

)]
−1
ξ )

Generalized

pareto

Positively skewed k, σ, θ f (x) = ( 1
σ
)(1 + k (x−θ)

σ
)−1− 1

k
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probability (s) and expense of loss (L) for each event [Eclimate = min(C, sL)]. Eforecast is

the likelihood base rate probabilities [Eforecast = F (1− s)C −Hs(L−C) + sL]. Eperfect

is the mean expense of the action would be taken when the extreme event was going to

occur [Eperfect = sC] (Richardson, 2012) . In this study, we varied the cost/loss ratio

ranged from 0 to 1, since decision makers would not take a protective action if the cost

was greater than the potential loss (Richardson, 2012). The economic values of both

forecasts are discussed in the next section, and the ranges of cost/loss ratio referring to

positive values of forecasting system were also clarified.



Chapter 6

Results

This chapter presents and discusses the results obtained from this research study. It

is organized in five sections: 1) streamflow forecasting using the indirect method; 2)

streamflow forecasting using the direct method; 3) a discussion of the advantages and

disadvantages of both the indirect and direct approaches for streamflow forecasting; 4)

quantification of the forecast uncertainty; and 5) estimation of the economic value of the

forecasts. The main findings for each topic are summarized at the end of the related

section.

6.1 Seasonal streamflow forecasting using the indi-

rect method

The purpose of this section is to analyze the performance of the indirect approach, which

consists of three steps:

1. Seasonal rainfall forecasting using statistical models.

2. Temporal disaggregation of the forecasted rainfall to the daily time step.

3. A rainfall-runoff transformation using the SWAT model.

The indirect method was applied using two different pools of predictors (the Atlantic or

the Pacific SSTs), two different screening methods (using R2 or Ef ) to select a limited

number of grid points), two different predictor dimension reduction techniques (CCA or

PCA) and finally two type of relationships (simple/multiple linear regressions or poly-

nomial regressions of degree two to six). All possible combinations of steps to generate

132
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a forecast using the indirect method after the predictor pool was chosen are shown in

Table 6.1. Each combination (referred herein as a model class) is given a number from

I to V III and will be referred in the remainder of as model XXX where XXX is the

number assigned in Table 6.1. Model XXXp will refer to the best model of class XXX

using the Pacific ocean as a predictor; model XXXa will refer to the best model of class

XXX using the Atlantic ocean as a predictor.

Because of the large number of individual models in each class (one model is build

for each potential predictor: refer to Chapter 5, Section 5.4.2), only the best one (i.e

the one that led to the best values of Ef , R2 and H) for a model class is discussed. For

a given pool of predictors (i.e the Atlantic or the Pacific SSTs), two forecasted rainfall

time series (generated with the best linear model and the best polynomial model) were

used to drive the SWAT model of the Sirba watershed.

6.1.1 Seasonal rainfall forecasting using linear models

This section focuses on the use of simple/multiple linear regression models for seasonal

rainfall forecasting. Even though there is no conceptual reason to have a linear relation-

ship between rainfall and SST, linear models are appealing because of their simplicity.

Either simple or multiple linear regressions was used at the final step depending on

whether one or several predictors were obtained after the screening and dimension re-

duction steps. Only the best model in each class and each pool of predictors (Atlantic

or Pacific oceans) was examined.

a)Models using the Pacific SST as pool of predictor: The Pacific SST data set

had 2,520 grid points. At each grid point, a time series of monthly SST from 1970 to

2003 was available. The time series at each grid point were aggregated over various

time periods (as described in Chapter 5, Section 5.4.2). Screening and predictor

dimension reduction steps (using values of Nmax from 10 to 200 with increments

of 10) were performed for each period to obtain the inputs for a model. The best

rainfall forecasts which yield the best value of Ef was retained.

As it is clear in Table 6.2, models that use PCA for predictor dimension reduction

(models Ip and IIp) perform significantly better than those models using CCA

(models IIIp and IVp). A positive value of Ef was obtained whenever PCA was

used; the use of CCA on the other hand always led to a negative value of Ef . The

best rainfall forecast was obtained with model IIp using the average from March to

June SST (Y-1) as predictor. This was achieved by using Nmax=90 (i.e. a maximum
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of 90 grid points were retained after the screening process). The performance of

model IIp was Ef = 0.39, R2 = 0.46 and H = 67%. The first principal component

(PC) that accounted for around 42 to 83% of the variance of the reduced predictor

data set was always selected in stepwise regression analysis. The best performance

achieved with model Ip was Ef = 0.26, R2 = 0.38 and H = 50% using the average

SST from February(Y) to March(Y).

The two statistical models that used CCA for predictor dimension reduction (mod-

els IIIp and IVp) yielded negative values of Ef (-3.91 for model IIIp used SST

averaging period of May (Y-1); -2.18 for model IVp used SST averaging period of

April (Y-1)) and therefore had no value for seasonal forecasting.

Figure 6.1 shows the time series of observed and forecasted rainfall on the Sirba

watershed, with the upper and lower panels displaying forecasts generated using

models that used PCA (models Ip and IIp ) and CCA (models IIIp and IVp ) as

dimension reduction technique respectively. Figure 6.1 (a) shows that forecasts is-

sued with model Ip were generally consistent with the observed precipitation, except

for 1975, 1982 and 1988 when a discrepancy between observations and predictions

was obvious, and 1994 when the forecast significantly underestimated the highest

rainfall observation. The performance of model IIp was similar to that of model Ip,

with the outputs largely agreeing with the observations for the entire period, ex-

cept in 1994 when it could not capture the magnitude of the observed precipitation.

Figure 6.1 (b) shows that the agreements between observations and simulations

developed using models IIIp and IVp were clearly lower than those generated using

models Ip and IIp. Model IIIp systematically under-predicted precipitation on the

Sirba watershed and model IVp clearly showed large simulation errors.

b) Models using the Atlantic SST as pool of predictors: PCA was again found

to be the best approach for predictor dimension reduction; model Ia outperformed

models IIa, IIIa and IVa. Model Ia used the average Atlantic SST from September(Y-

1) to December (Y-1) (six months lead time) and yielded a performance of Ef of

0.23, R2 of 0.29 and H of 48% (Table 6.2) using a value of Nmax = 50. The vari-

ance explained by the selected PCs was approximately 80%. Model IIa yielded

the second best results (Ef=0.13; R2=0.14; H =48% ) at a lead time of 5 months

(with the averaging period from July (Y-1) to January (Y)).

In contrast to the Pacific SST, a positive value of Ef was obtained with one model

using CCA for predictor dimension reduction (model IIIa) which was slightly better
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than model IIa. Model IIIa used March to June (Y-1) to forecast JAS rainfall (12

months lead time). The forecasting skills were however relatively low, with Ef ,

R2, and H of 0.16, 0.16 and 40% respectively. The best performance achieved with

model IVa was Ef = -0.05, R2=0.16 and H = 43%. It is therefore not a viable

seasonal forecasting model. All model performances using the Atlantic SST can be

found in Table 6.2.

Figure 6.2 displays forecasted rainfalls using the Atlantic SST as predictor. Fig-

ure 6.2 (a) shows predictions developed using model Ia and IIa. Overall, the rainfall

simulations had relatively good agreement with observations. Both PCA models

produced rainfall forecasts that somewhat agreed with observations, but they failed

to match the high and low extreme rainfalls of some years, including 1984, 1994

and 2000. Model IIIa yielded near constant rainfall forecasts for the entire study

period, as showed in Figure 6.2 (b), so it could not be used to predict high and low

rainfalls. Model IVa led to a marked overestimation in 1990.

6.1.2 Seasonal rainfall forecasting using polynomial models

The relationships between rainfall and other large scale ocean and atmospheric circulation

processes or hydrological variables (e.g. SST and streamflow) are inherently non-linear.

An attempt to capture that nonlinearity was done here by replacing the linear relation

in models I,II , III and IV by polynomial regressions of degree two to six (models V ,

V I , V II , V III).

a) Models using the Pacific SST as pool of predictors: Models Vp to V IIIp were

developed using the same processes as the linear models (models Ip to IVp respec-

tively), excluding the last stage when polynomial regression was applied. It was

found that using either R2 or Ef in the first step to select grid points (the screening

process) had no influence on the final set and on the final model performance . The

same time series of rainfall forecasts were produced when either R2 or Ef was used

as criteria to filter predictors. The best forecasts were generated by models using

PCA as predictor dimension reduction technique (models Vp and V Ip), with the

polynomial regression of degree three at the last stage. The optimal period for ag-

gregating SST for these models was January to February (Y) (4 months lead time);

which yielded a performance of Ef of 0.18, R2 of 0.22 and H of 50% (Table 6.2),

using a value of Nmax = 20. Increasing the degree of the polynomial equation did
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Figure 6.1: Observed and forecasted rainfall using the Pacific SST as predictor; a) models

Ip and IIp and b) models IIIp and IVp
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Figure 6.2: Observed and forecasted rainfall using the Atlantic SST; a) models Ia and

IIa and b) models IIIa and IVa
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not always improve forecasting performance. Models using polynomial regressions

of degree two to three performed better than those using higher degree polynomials.

Similarly to what was found previously, a very low performance was achieved when

CCA was used (Ef = -0.27 ; R2 = 0.05 and H = 42%). Figure 6.3 shows the ob-

served and forecasted rainfall time series using models Vp to V IIIp. As mentioned,

there was no difference between models Vp and V Ip, nor between models V IIp

and V IIIp; therefore only one time series of forecasts was shown in each chart.

Figure 6.3 (a) clearly shows that the forecasts followed the trend of observations,

except in 1980 and 1981. During dry periods, rainfall forecasts had high agreement

with observed rainfall, but discrepancies can be observed during wet years such as

1994, 1997 and 2002. Models V IIp and V IIIp in the second chart show opposite

trends between observations and forecasts in various years, including 1980, 1988,

1993, 1997 and 2001. Forecasts generated using V IIp and V IIIp were unable to

capture high and low rainfalls.

b) Models using the Atlantic SST as pool of predictors: When the Atlantic SST

was used in the non-linear models, the screening technique (R2 or Ef ) had an im-

pact on the forecasts. As shown in Table 6.2, model V Ia yielded the best forecasting

performance (Ef = 0.28, R2 = 0.32 and H =36%). It used the average Atlantic SST

from September (Y-1) to January (Y) as predictors, and linked it to the predictand

using polynomial regression of degree three. Model Va had a slightly lower perfor-

mance than model V Ia (Ef , R2 and H were 0.14, 0.17 and 53% respectively). The

model used polynomial regression of degree four to link the predictor (the average

SST from January (Y) to February (Y)) to the seasonal rainfall. Relatively decent

performance was achieved by model V IIa (the one using CCA) which yielded a

performance of Ef=0.18, R2=0.20 and H = 50% (Table 6.2) when the average

Atlantic SST from February (Y-1) to September (Y) was used. This was contrary

to model V IIIa which yielded a negative Ef and extremely low value of R2.

Figure 6.4 shows observed and forecasted rainfalls generated using models Va to

V IIIa. Models Va and V Ia produced acceptable forecasts as shown in Figure 6.4

(a). Their predictions were generally consistent with the trends of observations,

with some exceptions, such as in 1982 and 1983. However, they were unable to

predict rainfall during dry years (1984 and 2000) and wet years (1994). Figure 6.4

(b) shows the results generated by models V IIa and V IIIa. Model V IIa was almost

constant in the mid-1979 to 1991 period, but it predicted high rainfall seasons in
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1977 and 1994 better than model V IIIa. In addition, outputs developed by model

V IIIa often resulted in the opposite trends, such as in 1967, 1968, 1975 and 1983.

6.1.3 Seasonal rainfall forecasting: findings

Of all the rainfall forecasting models investigated in this thesis, model IIp (driven by the

Pacific SST, using Ef for predictor screening, PCA for predictor dimension reduction,

and finally a multiple linear relation between the retained predictors and the predictand)

generated the best forecasts with up to 12 months lead time. The next best model was

model V Ia with a lead time of 5 months. These results showed that the added effort of

fitting a more complex model with more parameters (therefore more flexibility) to link

SST to rainfall in the Sirba watershed did not pay out. These results are however only

valid for the Sirba watershed and the time period under investigation. Different results

could be achieved in other watersheds.

The performance of model IIp (R=0.68; R2=0.46) compared favourably with that of

seasonal forecasting models reported in Barnston et al. (1996), Garric et al. (2002) and

Mo and Thiaw (2002). Barnston et al. (1996) used canonical correlation analysis with

quasi-global SST as predictors to forecast rainfall in Africa, and the seasonal rainfall

forecasting in the Sahel region obtained a correlation coefficient of 0.33 at one month

lead time. Garric et al. (2002) used the Atlantic and Indian Oceans SST and the Nino-

3 index over the April to June period as predictors to forecast the monsoon rainfall

(JAS) over Central Sahel. They tested a simple regression for each predictor, and the

best correlation coefficients using the Nino-3 index were 0.34 to 0.53 (R2=0.12-0.29) at

various lead times. Mo and Thiaw (2002) applied an ensemble canonical correlation

prediction method to forecast JAS mean seasonal rainfall over the Sahel using the March

to May mean global SST as one of various predictors. The simulation skill at each grid

point of rainfall correlation gave a mean anomaly correlation of 0.34 (R2=0.10). Folland

et al. (1991) also attempted to forecast rainfall in the Sahel using SST as the predictor

and obtained a correlation coefficient of 0.72 (R2=0.52) at one month lead time.

The four best forecasted seasonal rainfalls generated with linear or non-linear regres-

sions, and driven by the Pacific or Atlantic SSTs were adapted to a daily time scale.

The daily rainfall data sets were introduced as an input layer in the SWAT model for

monthly streamflow generation.
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Figure 6.3: Observed and forecasted rainfall using the Pacific SST; a) models V and V I

and b) models V II and V III .
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Figure 6.4: Observed and forecasted rainfall using the Atlantic SST; a) models Va and

V Ia; b) models V IIa and V IIIa
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6.1.4 Performance of the fragment method for temporal disag-

gregation

The method of fragment was used to increase the temporal scale of the rainfall forecasts

from annual to daily data. Temporal disaggregation is required before the rainfall fore-

casts can be converted to streamflow forecasts using the SWAT model, since SWAT uses

daily time series for streamflow generation. The fragment method consists of developing

a series of ratios (the fragments) that are later used to generate daily time series by

multiplying the original forecast with the series of fragments. Three approaches used for

building the fragment series (described in Section 5.4.3.) were tested, and the one with

the most accurate daily data was selected to use in the remainder of the thesis.

The performance of the best model (model IIp) was reassessed after each of the

fragment generation methods were used to disaggregate the forecasts. The performance

of the forecasts were then recalculated using monthly time series instead of yearly time

series and presented in Table 6.3. Results show that there were only slight differences

in performance when one fragment method was replaced by another; Ef , R2 and H

were in ranges of 0.62 to 0.81, 0.68 to 0.81 and 78 to 84 respectively. There were

insignificant differences in terms of the average and standard deviation between rainfall

observations and disaggregated rainfalls. The original fragment method (Method F-I)

gave the best performance, but by construction it generated only one time series for the

whole watershed. Method F-III was capable of producing nine series of rainfall forecasts

(one for each sub-watershed in the model), with sightly lower performance compared to

Method F-I. Therefore, Method F-III was selected to use for disaggregation. Figure 6.5

illustrates disaggregated rainfall using fragment Method F-I and F-II, and Figure 6.6

shows an example of disaggregated rainfall forecast for station 200082 using Method

F-III.

Four sets of daily seasonal rainfall forecasts (generated using models IIp,Vp,Ia,V Ia)

were prepared for use in the SWAT model. Table 6.4 shows the performance of the four

best forecasts after application of the fragment method. The values of the three perfor-

mance criteria confirmed that the method proposed to select fragment series maintained

the forecasting skills of the model to which it was applied. Ef , R2 and H were in ranges

between 0.78 to 0.83, 0.78 to 0.83, and 82 to 87% respectively. There were insignificant

differences between disaggregated outputs from each model.

Figure 6.7 compares disaggregated forecasts with observations. It shows that the fore-

casts could frequently capture high amounts of rainfall, with some exception including
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1989 to 1990 and 1994 to 1995 (upper panel), and 1989, 1991 and 1994 (lower panel). In

summary, the results in this section show reasonable forecasts were achieved even after

temporal disaggregation. The forecasts were forced to the SWAT model for streamflow

forecasting. Since only precipitation is forecasted, the other inputs to SWAT (tempera-

ture, wind, solar radiation and relative humidity) were assumed perfectly known. This

assumption should only have a minimal impact on the results as precipitation is by far

the main driver of streamflow in the watershed.

Table 6.3: Performance of the four best forecasting models after application of the frag-

ment method.

Method Ef R2 H Average Standard deviation

Observation Disaggregated

rainfall

Observation Disaggregated

rainfall

F-I 0.81 0.81 84 1.47 1.44 1.97 1.93

F-II 0.62 0.68 78 1.47 1.46 1.97 2.09

F-III 0.79 0.80 82 1.47 1.33 1.97 1.83

Table 6.4: Abilities of the fragment method for rainfall forecasting disaggregation

Predictor Model Ef R2 H

Pacific SST IIp 0.82 0.83 82

Vp 0.83 0.83 82

Atlantic SST Ia 0.78 0.78 87

V Ia 0.80 0.81 82
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Figure 6.5: Disaggregated rainfall using fragment Method F-1 and F-II

Figure 6.6: Disaggregated rainfall using fragment Method F-III, with station 200082 as

an example
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Figure 6.7: Disaggregating monthly rainfall forecasts using (a) the Pacific SST and (b)

the Atlantic SST
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6.1.5 Performance of streamflow forecasting using the indirect

method

This section examines streamflow forecasts generated using the indirect method. The

calibration process described in Chapter 5 was initially performed using the SWAT-CUP

program with the Sequential Uncertainty Fitting (SUFI2). No validation was performed

given the short span of the streamflow observations. The fit between forecasted stream-

flows and observed streamflow was excellent (Ef =0.83, R2 = 0.83 and H = 86%). The

calibrated model was used for streamflow forecasting with four different daily rainfall

forecasts. The results are discussed below.

a) Models using the Pacific SST as pool of predictors: The streamflow forecast-

ing skills of all four retained seasonal forecasting models are summarized in Table

6.5. Slight differences were found between model IIp and Vp. The one using a

polynomial regression to predict rainfall (model Vp) performed slightly better in

terms of Ef and R2 than the one using linear regression (model IIp). Model Vp

yielded values for both Ef and R2 of 0.65, whereas with model IIp these values

were of 0.58 and 0.59 respectively. Considering that they had lead times of 4 and

12 months, such a performance were deemed reasonable. Figure 6.8 (a) shows ob-

served streamflow time series from 1989 to 2002, and two forecasted streamflow

time series. It appears that flow simulations using rainfall forecasts from model Vp

was generally consistent with observations in the year having average flow rates.

However, the model was unable to capture extreme events in 1994 and 1998; there

was also significant overestimations in 1992. Forecasts generated using model IIp

often underestimated the upcoming flood, while overestimations were found in 1993

and 1999. Likewise results generated from daily rainfall model Vp showed that flow

simulations also failed to reach peak flows in 1994 and 1998.

The most interesting result emerging from this exercise was the inversion of the

ranking of models IIp and Vp depending of which variable is being forecasted. Model

IIp was better than model Vp for rainfall forecasting, but streamflow forecasting

was outperformed by model Vp. This apparent inversion in performance could have

occurred because the objective functions used to estimate forecasting performances

were unable to capture all the characteristics of the rainfall/streamflow time series.

As well, the time scale of the forecasted results (seasonal versus monthly) could

have affected estimation of the forecasting abilities of the models.
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b) Model using the Atlantic SST as pool of predictors: Forecasted rainfall time

series from model Ia were disaggregated and forced to the calibrated SWAT model.

Model Ia generated streamflow forecasts at lead time of up to 6 months and ex-

ceptionally high skills (Ef = 0.70, R2 = 0.69 and H = 77%). Model V Ia had a

lower but decent performance ( Ef = 0.59, R2 = 0.59 and H = 82%). Figure 6.8

(b) illustrates streamflow time series of both observations and forecasts. Strong

evidences of underestimation for both models were found during high flow seasons

in 1994 and 1998. Model V Ia regularly over-predicted streamflows (e.g. in 1990,

1996 , 1997 and 2000) while model Ia performed generally well in average years.

Table 6.5: Performance of streamflow forecasting using the indirect method

Rainfall forecasting Performance

Predictor Model Lead

time

Ef R2 H

Pacific SST IIp 12 0.58 0.59 78

Vp 4 0.65 0.65 75

Atlantic SST Ia 6 0.69 0.70 77

V Ia 5 0.59 0.59 82

6.1.6 Streamflow forecasting using indirect method: findings

Eight statistical models, linear (models I to IV ) and polynomial regression of degree

two to six (models V to V III), were used to link the Sirba rainfall with the ocean

temperatures in the Pacific and Atlantic regions. The finding suggested that the linear

model (model IIp) outperformed the polynomial model for rainfall forecasting when the

Pacific SST was used as pool of predictors. An opposite conclusion was reached when the

Atlantic SST was used as pool of predictors. The best overall model was model IIp, but

the reader should be aware that these models are data driven and therefore very sensitive

to the period and area under investigation. The only conclusion that could be reached

was that sometime simpler models was able to outperform more complex models, and

the comparison should be done in each situation.

It was also found that excellent streamflow forecasts could be achieved at 6 months

lead time using model Ia (using the Atlantic SST as a predictor). This results is a priori
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Figure 6.8: Comparison between observed and forecasted streamflows generated using

the SWAT model driven by rainfall forecasts with a) the Pacific SST and b) the Atlantic

SST
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counter-intuitive as one would expect model IIp to be the best one for streamflow fore-

casting given that it outperformed its competitors in rainfall forecasting. As mentioned,

this inversion in performance was due to the fact that the objective functions (Ef ,R
2,H)

were unable to capture all the characteristics of streamflow hydrographs. The inversion

may also be affected by the technique chosen to perform the temporal disaggregation of

the forecasted rainfall.

6.2 Seasonal streamflow forecasts using the direct

method

Calibrating and running a rainfall-runoff model requires a large amount of data about

catchment characteristics that are not always available, especially in Africa. Further-

more, the quality of the data should be high enough to allow a good calibration (e.g.

minimal missing values and high temporal-spatial resolution). In study areas lacking

climate stations and basin characteristic information, it is tempting to directly forecast

streamflow using only statistical models. Models I to V III (refer to Chapter 5) were

tested to determine their ability to directly forecast streamflow at the outlet for the Sirba

basin using SSTs. The methodology was exactly the same as for rainfall forecasting ex-

cept that the predictand was the average streamflow over the rainy season. The model

development steps were therefore omitted and results were presented directly.

6.2.1 Streamflow forecasts using linear models

a) Models using the Pacific SST as pool of predictors: The performances of sta-

tistical models for seasonal streamflow forecasting are shown in Table 6.6. Results

in Table 6.6 show that the screening step had no influence on the forecast when

the Pacific SST was used as predictor. Models driven by the Pacific SST yielded

the best forecasts (Ef=0.39, R2=0.42 and H = 50%). They used the average SST

from March (Y) to June (Y) as predictor, with 0 lead time (i.e the forecast was

issued right at the beginning of the rainy season).

Once again, the use of CCA proved to be counter productive. Model IIIp yielded

Ef , R2 and H values of only 0.08, 0.21 and 58% respectively using the average

period of the Pacific SST from May (Y-1) to June (Y-1). Figure 6.9 (a) illustrates

streamflow time series between observations and simulations using the Pacific SST
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as predictor at an annual time scale. There was higher agreement between ob-

servations and forecasts developed using model Ip compared to the observed flows

with simulations from model IIIp. Both models seemed unable to capture the wet

episodes, except in 1998 using model Ip.

b) Models using the Atlantic ocean SST as pool of predictors : Model IIa

produced the best forecasts with Ef , R2 and H values of 0.42, 0.43 and 43%

respectively. This modest forecasting skill was attractive, since it was generated

prior to the rainy season at 12 months lead time with the monthly Atlantic SST

in June of the previous year. Model Ia generated forecasted flows with slightly less

performance (Ef=0.33, R2=0.38, H=36) , but the different criteria in the screening

step seemed to influence the best simulations, and their outputs were only slightly

different, as shown in Figure 6.9 (b). Once again, models using PCA still performed

better than those using CCA. The best forecasts using model IIIa and IVa gave

negative values of Ef (Table 6.6). Figure 6.9 (b) displays time series of both

observations and forecasts and shows that underestimations often occurred during

years with large flows. However, the trend of forecasted time series developed from

model Ia and IIa agreed with the observations. Predictions of model IIIa and IVa

were generally inconsistent with observations.

6.2.2 Streamflow forecasts using polynomial models

a) Models using the Pacific SST as pool of predictors: Once again, the screen-

ing step had no influence on the final result. Table 6.6 shows the performance

of the best models in each class along with their corresponding degrees. The high

performance of model Vp was apparent with Ef , R2 and H values of 0.72, 0.79

and 79% respectively using the aggregate Pacific SST from November (Y-1) to

January (Y). Model Vp driven by this predictor data set was the most effective

application for streamflow forecasting of the eight models in this study, with the

performance to predict streamflow in a rainy season with five months lead time.The

models using CCA as predictor reduction technique were unable to develop skillful

forecasts; an Ef of only 0.19 was obtained from models V IIp and V IIIp with one

month lead time. Figure 6.10 (a) displays the comparison between observations

and simulations with the Pacific SST. The models using PCA to reduce SST grid

points were able to develop simulations with high agreement to observed flows over

the entire study period. They were capable of capturing dry episodes, and showed
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only slightly underestimation during wet years. Models V IIp and V IIIp (based on

CCA) were unable to correctly predict streamflow at the beginning of the study

period (1989 to 1993), and their forecasts could not capture peak flows efficiently.

a) Models using the Atlantic ocean SST as pool of predictors: The use of poly-

nomial regression models driven by the Atlantic SST was less effective than using

models driven by the Pacific SST. Introducing the aggregate monthly Atlantic SST

from October to November of the previous year to model Va and V Ia resulted in

forecasted streamflow with an Ef of 0.47, R2 of 0.49 and H of 57%. Models V IIa

and V IIIa again showed low efficiency to forecast streamflow with Ef , R2 and H

values of 0.03, 0.25 and 21% respectively. The peak flows in 1994 and 1998 were

captured by models Va and V Ia as shown in Figure 6.10 (b). Though models V IIa

and V IIIa also correctly forecasted the peak flow in 1998, they were generally

unable to predict the streamflow time series corresponding to observations.

6.2.3 Seasonal streamflow forecasting using the direct method:

findings

Tables 6.7 and 6.8 present the performance of the best direct methods at monthly and

annual scales. The performances at monthly scale were obtained after the fragment

method was used to disaggregate the forecasts at annual scale generated using the direct

methods. Only the forecasts of four models (the linear and polynomial models that use

the Atlantic or Pacific ocean SST) were disaggregated at the monthly time scale.

The following conclusions can be drawn from the results obtained with the direct

methods:

1. The performance criteria used at the screening step (either R2 or Ef ) had almost

no influence on the final result, except in a case when Atlantic SST was used as

predictor with linear regression (models Ia and IIa).

2. Using a polynomial regression instead of a linear regression between the selected

predictors and streamflow led to better forecasts, and lead times of five to seven

months. Longer lead times (12 months) were obtained with the linear models, but

with lower performances. Therefore, the choice of which model to use should take

in consideration both model accuracy and lag times.
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Figure 6.9: Comparison between annual observed and forecasted streamflows generated

using linear regression models a) the Pacific SST and b) the Atlantic SST
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Figure 6.10: Comparison between annual observed and forecasted streamflows generated

using polynomial regression models a) the Pacific SST and b) the Atlantic SST
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3. The accuracy of forecasts in this study is equal to or higher than those published

by others, when both performance criteria and lag time are taken into account.

For instance, Kwon et al. (2009) used a hierarchical Bayesian approach to forecast

seasonal and annual maximum flows in the Yangtze River basin in China with SST

and upland snow cover as predictors. They used a one season lead time. Their

model performed well and yielded a correlation coefficient (R) of 0.8 (average sea-

sonal flow) and 0.73 (annual peak flow). Some other studies could not be compared

to the ones in this thesis as they used different performance criteria (absolute rela-

tive errors) : Karamouz and Zahraie (2004) forecasted seasonal streamflows in the

Salt River Basin in Arizona using autoregressive integrated moving average six to

nine months in advance. Snow water equivalents were used as the main predictor,

and the ENSO index was added to improve the forecasting skills. Absolute relative

errors decreased from 29% to 24% and 43% to 40% in various seasons when ENSO

was also used as a predictor. Piechota et al. (1998) used linear discriminant anal-

ysis as a tool to forecast seasonal streamflows in eastern Australia. They applied

SST, the Southern Oscillation Index (SOI) and streamflows from previous seasons

as predictors. These model performances were compared with the outputs of the

climatology condition and showed better skills in most stations.

6.3 Comparison of the direct and indirect stream-

flow forecasting methods

The direct methods produced only one value (the average streamflow over the rainy

season) while the indirect methods generated a hydrograph of monthly flows. In order to

compared the two methods, the fragment method was used to disaggregate the forecasts

of the direct method to the monthly scale. The forecasts issued with the indirect methods

were also aggregated to the annual scales. The performances of the best four models are

presented in Tables 6.7 (monthly scale) and 6.8 (annual scale). Overall the best model

was a direct model using polynomial regression to link the predictor and predictand.

Despite it’s complexity, the indirect method is always outperformed by the direct method.

The indirect method systematically fails at the annual scale with negative or extremely

low values of Ef . Two possible reasons may be behind the counter-performance of the

indirect method:
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1. The quality of the data used to calibrate and validate the SWAT model. It is

well known that data quality from climate and streamflow stations in Africa is low

because of lack of funding and maintenance. Furthermore, the soil and land use

data was obtained from global sources at a very coarse resolution.

2. The realism of the disaggregation technique used to disaggregate the projected

rainfall to daily values. The fragment method was used here for its simplicity but

it is based on the assumption that two years with similar precipitation amounts

have the same temporal distribution of precipitation. Streamflow generation by

rainfall-runoff models is extremely sensitive to the distribution of rainfall. The

use of more sophisticated temporal disaggregation techniques may lead to better

results.

The conclusion is that in the specific context of the Sirba watershed, the direct

methods are preferable because they can achieve a decent performance and outperform

the indirect method despite a lower cost of implementation. The indirect method may

be considered in areas where higher quality data is available. The forecasting skills are

lower at the annual scale compared to the monthly time scale because of the seasonal

component in monthly time series. The indirect method outperform the direct method

at the annual scale only when the Atlantic Ocean SST is used as predictor and when

linear models are used.

6.4 Uncertainty analysis

The models presented in previous sections scored high in terms of Ef , R2 and H. The

performance criteria were calculated using a single value (the model output) without

any consideration of the uncertainty around that value. It is well known that forecasts

are unperfect and that the real outcome will be less or more far from the forecasted

value. The risk which might occur when a decision maker takes by acting (or not acting)

based on a forecast depending on the level of uncertainty associated with the forecast.

Two approaches for calculating prediction uncertainty are explored in this thesis: a) the

uncertainty due to (presumably) random model errors and the uncertainty due to our

unperfect knowledge of the true model.
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Table 6.7: Comparison of the performances of the indirect and direct methods for seasonal

streamflow forecasting at the monthly time scale (1989-2002)

Predictor Method Statistical

model

Model Lead

time

Ef R2 H

Pacific Indirect Linear IIp 12 0.58 0.59 78

Direct Linear IIp 0 0.66 0.71 82

Indirect Polynomial Vp 4 0.65 0.65 75

Direct Polynomial Vp 5 0.74 0.76 84

Atlantic Indirect Linear Ia 6 0.70 0.69 77

Direct Linear Ia 12 0.57 0.63 83

Indirect Polynomial Va 5 0.59 0.59 82

Direct Polynomial Va 7 0.74 0.75 85

Table 6.8: Comparison of the performances of the indirect and direct methods for seasonal

streamflow forecasting at the annual time scale (1989-2002)

Predictor Method Statistical

model

Model Lead

time

Ef R2 H

Pacific Indirect Linear IIp 12 -0.38 0.02 35

Direct Linear IIp 0 0.39 0.42 50

Indirect Polynomial Vp 4 -0.17 0.01 29

Direct Polynomial Vp 5 0.72 0.79 79

Atlantic Indirect Linear Ia 6 0.04 0.01 43

Direct Linear Ia 12 0.34 0.35 43

Indirect Polynomial Va 5 -0.14 0.007 50

Direct Polynomial Va 7 0.47 0.49 57
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6.4.1 Uncertainty due to random model errors

The methodology described in Section 5.4.5.1 was applied to models Vp and Ia to generate

ten equiprobable values of rainfall forecasts. They were then forced to the SWAT model

and ten probabilistic streamflow forecasts were generated. Model Vp and Va (direct

method) were directly used to develop ten equiprobable streamflow hydrographs.Figure

6.11 a) and b) shows lowest and highest probabilistic rainfall forecasts generated with

models Vp and Ia for the 1971-2003 and 1965-2006 periods respectively. The cloud of

generated rainfall values is plotted along with the observed precipitation. The spread

of the cloud is an indication of the uncertainty in the forecast; the uncertainty in the

forecast is assumed to be well captured in the observation falls within the cloud most of

the time.

Both graphs show that observed rainfalls mostly fell within their clouds except the

wet year in 1995, and the dry years in 1983 for model Vp and 1999 and 2003 for model

Ia. These ten equiprobable data sets were forced to the SWAT model for streamflow

generation.

Figure 6.12 and 6.13 show the lowest and highest probabilistic streamflow forecast

from the indirect and direct method respectively; again the cloud of generated monthly

streamflow values is plotted against the observations. If the observations fall into the

cloud, users aware of the forecast would have been protected as they would have taken

measures so that no damage occur no matter which of the ten plausible flow happens.

Accounting for the forecasts would therefore make the area resilient to climate variability.

Figure 6.12 (a) and (b) illustrate the lowest and highest forecasts generated with the

indirect method models Vp and Ia respectively. Most observed streamflows fell in the

range of the highest and lowest forecasts of model Vp except in 1994, 1998, 2000 and

2001. Most observations also fell in the range of model Ia except in 1990 and 2000 with

overestimations and underestimation in 1994.

Figure 6.13 presents the lowest and highest probabilistic forecast generated with

(a) model Vp and (b) model Va. Observed streamflow were in the range of forecasted

streamflow from model Vp except a case of high overestimation in 1990, and a case of

underestimation in 1994. High underestimation can be observed as well for model Va in

1991 whereas overestimation occurred in 2000.
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Figure 6.11: Cloud of ten equiprobable rainfall forecasts generated using a) model Vp

forced by Pacific SST and b) model Ia forced by Atlantic SST
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Figure 6.12: Highest and lowest probabilistic forecasts generated using the indirect

method: a) Pacific and b) Atlantic SST
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Figure 6.13: Highest and lowest probabilistic forecasts generated using the direct method:

a) Pacific and b) Atlantic SST
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6.4.2 Bayesian Model Averaging

This section describes the application to generate probabilistic forecasts at the outlet of

the Sirba watershed. As it was done in the other statistical methods described in this

thesis, the screening step to filter high predictive SST grid data was still applied, but

as mentioned in the results of using the direct method clearly indicates, there was no

difference between using R2 with P-value less than 0.05 or Ef as a criterion. Therefore,

only SST data showing correlation with streamflows with P-value less than 0.05 were

kept in the process. PCA was then applied to the retained time series to obtain a series

of principal components (PCs).

a) Predictor selection

As mentioned before, the filtering of SST grid points in the BMA approach was similar to

that used for the statistical models. However, all retained grid points of each period were

used as independent variables in PCA, and only the first principal component (PC1) was

used in BMA. PC1 generally achieves the maximum percentage of explained variance.

The average percentage of PC1 over all periods of the Pacific and Atlantic SSTs was 63%

and 57% respectively, with highest values of 74% and 70%. Consequently, 171 PC1 of

from the SST data sets were prepared for use in BMA.

All predictors in each group (Table 6.9) were forced into BMA individually, with a

uniform prior probability condition evenly defining prior knowledge of the variables in

each group. BMA accounted for all models in the model space, with a largest model

space of 218 for the group G1. Since the cross-validation method was used in this study,

the final predictors for generating forecasts were different in each year, which is why the

output of the last year (2002) was only an example. Table 6.9 shows the final predictors

used to generate streamflow forecasts in 2002. Using the BMA1 technique of selecting

predictors showing the highest PIP in each group produced 18 predictors for both the

Pacific and Atlantic SSTs. BMA2 selected only predictors with PIP values higher than

0.6, which gave less predictors than BMA1. There were only eight and nine potential

predictors remaining in the process for Pacific and Atlantic SSTs respectively. Thus, the

top predictors in some groups, such as G5, G6 and G7, had a low probability (less than

0.6) of successfully developing the JAS streamflow in 2002.

Prior and posterior model size distributions from the BMA1 and BMA2 techniques

are shown in Figure 6.14. The average prior model size of the Pacific SST using BMA1

and BMA2 was nine and four respectively, and for the Atlantic SST it was nine and
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five. Since the BMA models were applied with uniform predictor distribution, the prior

model size was a symmetric distribution around the number of predictors divided by

two. After using BMA, the mean of the posterior model size of both SSTs was less than

the prior model size: approximately seven and three for Pacific SSTs and five and three

for Atlantic SSTs, using BMA1 and BMA2 respectively. This could indicate that less

predictor combinations in the model leads to higher probability to successfully generate

streamflows.

b) Streamflow simulation

The main advantage of BMA is its ability to generate the predictive density of forecasted

results. Predictive density is a distribution curve generated by calculating average future

predictions over the posterior densities for all unknown parameters. The density curve

not only provides users with the expected value of forecasts, but the range of standard

errors as well. The predictive densities of forecasted streamflows for all years were gen-

erated (again only the 2002 results are presented here). Figures 6.15(a) and (b) show

the predictive densities of forecasted streamflows in 2002, generated with the Pacific SST

and BMA1 and BMA2 respectively. They are normal distribution curves, with expected

values of 117 and 149 m3/s and standard deviations of 38 and 45 m3/s respectively. As

shown in Figures 6.15(c) and (d), the results with the Atlantic SST were similar, with

bell curves and expected values of 83 and 98 m3/s and standard deviations of 34 and 41

m3/s, using BMA1 and BMA2 respectively. Standard errors and the distribution curve

of predictive densities developed with BMA can help users quantify the uncertainty.

The performance of the two BMA approaches are shown in Table 6.10. BMA1 was

slightly better at generating streamflows when the Pacific SST was used as predictor.

Since BMA2 specifically employed predictors with PIP values higher than 0.6, models

with lower prediction skills were left in the process, which could have led to lower fore-

casting skills. Monthly forecasts are compared to observations in Figure 6.16(a). BMA2

often overestimated in dry years such as 1990 and 2000, and also overestimated in wet

years such as 1999, 2001 and 2002. Underestimations by BMA1 seemed random.

Significantly higher forecasting skills were achieved when the Atlantic SST was used

with BMA2, compared to the linear regression and BMA1 models. This could be because

using BMA1 with the Atlantic SST led to discarding models that could help improve the

models ability to generate skillful forecasts.
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Table 6.9: Example of group of 171 variables and selected variables developed using

BMA for streamflow forecasting in 2002

Group Periods Selected variables

Pacific SST Atlantic SST

BMA1 BMA2 BMA1 BMA2

G1 X1 1, X1 2, ..., X1 18 X1 1 X1 1 X1 2

G2 X2 2, X2 3, ..., X2 18 X2 8 X2 8 X2 3 X2 3

G3 X3 3, X3 4, ..., X3 18 X3 3 X3 6 X3 6

G4 X4 4, X4 5, ..., X4 18 X4 6 X4 6

G5 X5 5, X5 6, ..., X5 18 X5 5 X5 6

G6 X6 6, X6 7, ..., X6 18 X6 6 X6 6

G7 X7 7, X7 8, ..., X7 18 X7 9 X7 13

G8 X8 8, X8 9, ..., X8 18 X8 9 X8 9,X8 18 X8 12

G9 X9 9, X9 10, ..., X9 18 X9 9 X9 9 X9 12

G10 X10 10, X10 11,..., X10 18 X10 18 X10 12

G11 X11 11, X11 12,..., X11 18 X11 18 X11 12

G12 X12 12, X12 13,..., X12 18 X12 18 X12 12 X12 12

G13 X13 13, X13 14,..., X13 18 X13 18 X13 13 X13 13

G14 X14 14, X14 15,..., X14 18 X14 18 X14 14 X14 14

G15 X15 15, X15 16,..., X15 18 X15 18 X15 15 X15 15

G16 X16 16, X16 17,X16 18 X16 18 X16 18 X16 16 X16 16

G17 X17 17, X17 18 X17 17 X17 17 X17 17 X17 17

G18 X18 18 X18 18 X18 18 X18 18 X18 18
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Figure 6.14: Prior and posterior model size distribution of Pacific SST using (a) BMA1

and (b) BMA2 and Atlantic SST (c) BMA1 and (d) BMA2 used for streamflow forecast-

ing in 2002
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Figure 6.17(a) compares observations and monthly July to September streamflow

forecasts. Although overestimation was found for some years, including 1995, 1996 and

2000, the forecasts were able to capture the peak flows more often than when the Pacific

SST was used as predictor.

c) Comparison between regression and Bayesian averaging models

Table 6.10 addresses the performance of BMA, linear and non-linear regression models to

forecast streamflows. The polynomial regression model was the most successful method

for streamflow forecasting using both the Pacific and Atlantic SSTs as predictors. It

yielded an Ef of 0.74, R2 of 0.75-0.76 and H of 84-85%, with lead times of 5 and 7

months for Pacific and Atlantic SSTs respectively. The performance of BMA and linear

regression models was not significantly different. When the Pacific SST was used, linear

regression gave slightly better forecasts than the BMA1 method. Figures 6.16(a) and

(b) show hydrographs of forecasted and observed streamflows developed using the Pacific

SST. Polynomial regression seemed to be the best model for capturing extreme events.

The forecasts generated with BMA often showed high overestimation during dry periods

and underestimation in wet periods.

The results when the Atlantic SST was used as predictor were quite the opposite, since

BMA2 (Ef of 0.69, R2 of 0.69 and H of 83%) performed better than linear regression.(Ef

of 0.57, R2 of 0.63 and H of 83%). This suggests that averaging various Atlantic SST

periods can enhance model performance more effectively than using one period, as in

linear regression. With the exception of 1991, polynomial regression with the Atlantic

SST seemed to generate the best forecast fits to peak flows, and showed consistency with

observations in dry periods, as seen in Figure 6.17.

Though BMA developed less streamflow forecasting skills than polynomial regression,

and its performance was slightly better than that of linear regression when using with

the Atlantic SST, the main advantage of BMA is the capability to generate predictive

densities of forecasted outputs. Deterministic models like linear and polynomial regres-

sion only generate point data, with no information about the probability distribution

of the forecast. Ignoring that forecast uncertainty could lead to sub-optimal decisions,

when the forecasts are used for water resources management. Forecast distributions with

BMA can help users obtain statistical information of forecasted streamflows, such as the

type of distribution, standard deviation and expected value. BMA is also less sensitive

to adding new predictors to the process than frequentist analysis.
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Figure 6.15: Predictive densities of streamflow forecasts in 2002 using Pacific SST with

(a) BMA1 and (b) BMA2, and Atlantic SST with (c) BMA1 and (d) BMA2
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Figure 6.16: July-September monthly streamflow forecasts generated using Pacific SST

with a) BMA and b) linear and non-linear regressions.
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Figure 6.17: July-September monthly streamflow forecasts generated using Atlantic SST

with a) BMA and b) linear and non-linear regressions.



Results 172

Table 6.10: The performance of streamflow simulation using BMA and polynomial re-

gression (1989-2002)

SST Model DegreeLead

time

Ef R2 H NMAX

Pacific BMA1 - 0 0.63 0.64 79 -

BMA2 0 0.52 0.56 83

Linear regression 0 0.66 0.71 82 70

Polynomial regres-

sion

5 5 0.74 0.76 84 10

Atlantic BMA1 - 0 0.63 0.65 81 -

BMA2 0 0.69 0.69 83

Linear regression 12 0.57 0.63 83 170

Polynomial regres-

sion

5 7 0.74 0.75 85 200

6.5 Assessment of the economic value of the fore-

casts

The economic value of streamflow forecasts was estimated for three levels of extreme

events (2, 5 and 10 year return periods). The streamflow values for these return periods

were calculated by performing a frequency analysis on observed peak flows at the outlet

of the Sirba watershed. For a given return period, once the corresponding discharge

was calculated, forecasted streamflow values are used to build contingency tables and

estimate the forecasts values for cost/loss rations ranging from 0 to 1.

6.5.1 Contingency tables for the 2, 5 and 10 year return period

flow

The annual Sirba discharge from 1962 to 2002 were analysed to determine the best proba-

bility distribution among eleven candidate parent distributions using the flood frequency

analysis software developed by Rao and Hamed (2000). The candidate distributions are

the following:
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1. Normal distribution

2. Log normal distribution

3. Three parameters log normal distribution

4. Exponential normal distribution

5. Pearson type III distribution

6. Gamma distribution

7. Logistic distribution

8. Generalized logistic distribution

9. Extreme value distribution

10. Generalized extreme value distribution

11. Generalized pareto distribution

The comparison between all eleven probability distributions and the observation data

is shown in Figure 6.18 . It was found that the Pearson type III distribution was the best

fit for the data, with χ2 of 0.56 and P-value of 0.999. Using this distribution, the 2, 5 and

10 year return periods discharges were estimated as 116, 196 and 249 m3/s, respectively.

For each of these return period flows, the forecasted flows and observations were converted

into two categories (above or below that particular flow value) and contingency tables

were built. The contingency tables of streamflow observations and forecasts for each

return period are shown in Tables 6.11 and 6.12.

6.5.2 Economic value of indirect and direct methods for stream-

flow forecasting

Figure 6.19 displays the economic value of the indirect and direct methods as a function

of cost/loss ratio. The ratio ranged from zero to one since there is no need to consider

situations with a protective cost that is higher than the loss. For a user who knows that

the cost of a protective application is close to the potential loss (C/L ratio close to 1),

taking an action only when there is high certainty of an extreme event occurring is most

effective. If the cost for the protective action is significantly less than the potential loss
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Figure 6.18: Goodness of fit tests for the distribution of observed streamflows at the

outlet of the Sirba basin
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Table 6.11: Contingency tables of streamflow forecasting using the indirect method based

on 2, 5 and 10 year return periods

2-year return period

Observation

< 116 ≥ 116

Forecast < 116 1241 77 1318

≥ 116 35 88 123

1276 165 1441 months

5-year return period

Observation

< 196 ≥ 196

Forecast < 196 1384 37 1421

≥ 196 13 7 20

1397 44 1441 months

10-year return period

Observation

< 249 ≥ 249

Forecast < 249 1405 30 1435

≥ 249 3 3 6

1408 33 1441 months
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Table 6.12: Contingency tables of streamflow forecasting using the direct method based

on 2, 5 and 10 year return periods

2-year return period

Observation

< 116 ≥ 116

Forecast < 116 1269 49 1318

≥ 116 7 116 123

1276 165 1441 months

5-year return period

Observation

< 196 ≥ 196

Forecast < 196 1372 13 1385

≥ 196 25 31 56

1397 44 1441 months

10-year return period

Observation

< 249 ≥ 249

Forecast < 249 1387 19 1406

≥ 249 21 14 35

1408 33 1441 months
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(C/L ratio close to 0), an action should be taken even if the probability of occurrence is

low.

The economic value of model Ia and model Vp are shown in Figure 6.19. These two

models were used because model Ia is the best direct method and model Vp is the best

indirect method. Results show that the direct method has more economic value than

the indirect method for almost all ranges of C/L values no matter the return period. It

also shows that decision makers will get the most benefit with the 2-year return period

of streamflow. The economic advantages of using the forecasts for water management

gradually decreased when the return period increased. It is clear that the direct method

for seasonal streamflow forecasting provided higher economic values than the indirect

method. For the 2-year return period, the values of direct method were higher than zero

along the entire range of the C/L ratio, and reached 0.7 when the C/L ratio was 0.8.

The indirect method had no economic value when the C/L ratio was less than 0.3; it

showed a highest value of 0.5 for a C/L ratio of 0.8.

For events of higher return periods (5 and 10 years), both the indirect and direct

methods have an economic value above a certain value with cost/ loss ratio higher than

0.4 for the direct method, and 0.6 for the indirect method. The indirect method seemed

to be of less interest than the direct method for economic estimation: it’s highest value

was approximately 0.1 while the direct method reaches values of 0.6 and 0.3 for the 5-year

and 10-year return periods respectively.

In conclusion, increasing the peak flow apparently reduced the economic value of

seasonal streamflow forecasts. Forecasts developed with the direct method were more

valuable than those with the indirect method. This information can practical applications

when the average expense of both protective cost and loss are available. In the case of

the Sirba watershed, such information was not available.
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Figure 6.19: Economic value of forecasting systems of both the indirect and direct meth-

ods



Chapter 7

Seasonal Forecasting Software

In order to facilitate the dissemination of the methodologies developed in this thesis, a

graphical user interface (GUI) for seasonal rainfall and streamflow forecasting was devel-

opped in MATLAB. The aim of the GUI is to help end-users implement the statistical

models for seasonal forecasting almost effortlessly, and allow them to predict either rain-

fall or streamflow in nearby basins in the Sahel region. A limited GUI was developed

for a decision maker who wants to use the Atlantic or Pacific SSTs as predictors for

seasonal forecasting. However, the user can adjust the time period of the predictor and

the model that will be used for prediction, which will effectively enhance the use of the

statistical models. This chapter discusses all the data formats used in the interface and

the interactive controls for users.

7.1 Data preparation

If users use the Pacific and Atlantic SSTs as a predictor, there is no requirement for users

to prepare the predictor data for forecasting. However, if other predictors are applied,

the format of the predictor needs to be well prepared for the development of interface.

The predictor data file must be in the matlab file format (.mat), and contain four sub-

files, namely a) latitude coordinate in decimal degree (Y), b) longitude coordinate in

decimal degree (X), c) time period at a monthly scale in a serial date number (T) and

d) variable data (e.g. SST). All the files except the variable data must be prepared in a

vector format with only one column. The variable data file consists of three dimensions,

Y, X and T.

179
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If the observed precipitation used as the predictand was originally obtained from

many stations, average precipitation data in the watershed should be determined before

using the interface. The precipitation file must be in the matlab file format (.mat) and

contain at least two sub-files: a) time period at daily scale in a serial date number

(DATE) and precipitation data (VALUE). These two sub-files are in a vector format

with one column. Similar to the precipitation data, if there is more than one data time

series available, the spatial average of the streamflow data must be calculated. The file

must be in the matlab format (.mat) at a monthly time scale, and contains only one

sub–file. The data file has three columns; year, month and data respectively.

7.2 Using the graphical user interface

The graphical user interface proposes three main functions: a) input data and model

selection, b) performance of the best output, and c) forecasting for the upcoming year.

The user should carefully input all the relevant data to the same folder, to ensure that

the GUI can access the data when used. Outputs developed using the interface will also

be saved in one folder. Details of all outcomes are discussed in this chapter.

7.2.1 Input data and model selection

All predictands formatting should be done as described in the previous section, since

users could encounter interface errors if there are mistakes in input data formatting.

The type of forecasting, rainfall or streamflow, can be specified by selecting from the

pop-up menu in the predictand information section. The file name must be put keyed

into the interface correctly. This study focused the rainy season of the Sirba basin,

approximately July to September, but users can change the aggregate period of interest

by inputting the number of the first and last months of the period (e.g. July-September

= 7-9).

Either the Pacific or Atlantic SST can be used as a predictor by choosing it from

the pop-up menu in the predictor section. Since the interface was designed to apply all

periods during the first and last month at one month increment, the user needs to define

the first month, the end of the first month and the last month. The number of the month

is formatted; for example January of the year before forecasts issued is 1, February of

the year before forecasts issued is 2, and so on. January of the year forecasts issued

is 13 and February of the same year is 14, etc. Users can look for a suitable predictor
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period up to the month before the forecasts issued, and they can determine whether the

data sets contain missing values, which are identified as -99. The interface will take less

computational time to generate final results if there is no missing value in the predictor.

The next section is related to the model that will be used for forecasting. As described

in Chapter 5, the number of predictor grid data is restricted by the Nmax value. Thus,

the user can specify how many grid data the model should apply in the predictor vector

reduction step. The models were developed to receive the Nmax with ten increments,

and the first and last Nmax are required in the interface. Increasing the number of

Nmax strongly impacts the computational time of the interface. The next step is for

the user to specify the type of regression analysis. There are two applicable regression

analysis approaches: linear regression and polynomial regression. Though, no additional

information is needed for linear regression, the polynomial method requires the user to

specify the first and last degrees. There is a limitation on the degrees that can be defined

in the model: they must not be lower than two or higher than six. Next, the method

to select only high predictive grid data must be determined, and this is done using the

pop-up menu of the screening step. The interface allows the user to select either R2 or

Ef as the criterion for discarding predictor data with low predictive capability. Finally,

new predictor data sets based on the original data are rearranged using either PCA or

CCA. The user can select which predictor reduction step will be used in the method.

7.2.2 Performance of the best model

Since the interface was designed to generate and store all the simulations developed with

all the predictor periods, Nmax values and models with different degrees of polynomial

regression. The number of simulations depends on the input information defined for the

interface. All outcomes and input data are stored in the same folder of the interface

(details of all data in the simulation folder are explained in the next section). Due

to the large number of simulations, the interface displays only the best simulation in

the result section, and reports the period of predictor, lead time, Nmax and the degree

(for polynomial regression) used to developed the best simulation. The three objective

functions (R2, Ef and H) used to estimate the best model performance are also presented

as well as the time series of both the best result and observations at an annual time scale

which highlights the inter-annual variability of both data sets.
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7.2.3 Forecasting for the next year

If there is the predictor data available to forecast the year after the last year of the

predictand period, the interface will use the best period and the most successful method

applied in the best result section to predict the next year. The forecasting section will

indicate the year forecast issued, the maximum and minimum daily data and the average

seasonal and annual data. Forecasted output at a monthly time scale will also be shown

in this section to allow users to consider the intra-seasonal variability for the next year.

7.3 Example of application

This section presents an example of how to use the interface for seasonal forecasting.

Rainfall forecasting developed using the Pacific SST as a predictor with model II (Ef in

the screening step, PCA in the vector dimension reduction approach and multiple linear

regressions in the regression analysis) are performed as an example.

Figure 7.1 illustrates the graphical user interface for seasonal forecasting. Sections 1,

2 and 3 show the steps required to input all the required information. In the first section

(predictand information), rainfall forecasting is selected in the pop-up menu in order to

develop rainfall forecasts. The user can also choose streamflow forecasting instead to

simulate streamflows. The predictand data file must be correctly named; the rainfall

observation file used in this example is PCP SIRBA. Then, the user can define a period

of interest for forecasting, which for this study is a rainy season in the Sirba watershed.

Thus, 7-9 (July to September) is input for the first and last month. The model will

calculate the average data during this period, and annual rainfall for the wet season of

each year will be generated.

The predictor information is then input to the interface. The Pacific SST was chosen

as a predictor in this example. The user needs to specify the first month, the end of the

first month and the last month to determine the aggregate period of interest that will be

calculated at one month increment. The number of predictor depends on the duration

time forced to the model. This example examined the predictive skills of the Pacific

SST during March to June, thus, the number 3, 3 and 6 were input to the interface

for the first month, the end of the first month and the last month respectively. Finally,

four aggregate predictors (March, March to April, March to May and March to June)

were applied to generate the forecasts. There is an active icon that indicates if there are

missing values in the predictor. It saves running time if the predictor is complete, and
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the user identifies it to the interface.

Next, the user indicates the specific statistical model that will be used to predict

rainfall. The first and last Nmax with ten increments specifically restricts the number of

predictors forced to the dimension reduction approach. As shown in Figure 7.1, Nmax

is limited to starting from 80 to 90. The type of regression analysis is then defined

(linear regression in the example). If polynomial regression is selected, the range of the

degree of the regression is required. The boundaries of the polynomial regression in the

interface are two to six degrees. The user must also specify the method to be applied in

the screening step and the predictor reduction method. Ef and PCA were chosen in this

example, as illustrated in Figure 7.1. Finally, the user actives the model by selecting the

’Run’ button. A message box appears if the model completes the process successfully.

All outputs produced by the model are saved in the same location as input data. The

lists of the files developed from each predictor and each Nmax are described below;

• R (the name of predictor) (the screening method used) (the vector reduction method

used) (the first month) (the last month) Nmax.mat. This file contains sub-files with

all the information used for forecasting (e.g. predictor, predictand, data after fil-

tering), as well as the forecasted outcomes and performance criteria of the model.

• R (the name of predictor) (the screening method used) (the vector reduction method

used) (the first month) (the last month) Nmax.png. It is a figure file showing an-

nual forecast of the specific season initially defined compared to observations for

the entire study period.

• - R (the name of predictor) (the screening method used) (the vector reduction

method used) Nmax. This file tabulates output data only.

The interface was also designed to store all the objective functions that were estimated

by the outputs developed using difference Nmax in one file. This makes it convenient for

the user to analyses all the outputs.

The best output is presented in the Result Section as illustrated in Figure 7.2.

After clicking the ’Show the best output’ button, a graph of rainfall time series (1971-

2003) of both observations and simulations (hindcast simulations) appears, along with all

information related to the best simulation. The example shows that the best predictor

period was March to June of the previous year, with a lead time of 12 months and a

suitable Nmax number of 90. The objective functions used to estimate the goodness of

fit between simulations and observations are also indicated.
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Finally, the forecasts of the year after the last year of hindcast simulation was gener-

ated. Figure 7.3 illustrates the forecasting output for 2004, which was developed using

the same model initially defined to the interface with the best period of predictor, the

best Nmax, and the most suitable degree if polynomial regression was selected. Monthly

rainfall data of the next year is also presented, including extensive information related

to minimum and maximum daily data, annual data for the specific season and annual

data average over the entire year.
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Figure 7.1: MATLAB seasonal forecasting package: input data section
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Figure 7.2: MATLAB seasonal forecasting package: best model performance
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Figure 7.3: MATLAB seasonal forecasting package: forecasting for the upcoming season



Chapter 8

Conclusions

Seasonal streamflow forecasting is important for areas with high climate variability such

as the Sahel region, where prolonged droughts and recurrent flooding events are devastat-

ing for the local population. The development of skillful seasonal rainfall and streamflow

forecasting models will help government agencies to provide vital information for farmers,

particulary, those who rely on rainfed agriculture and might need to switch crops. This

research is intended to improve seasonal rainfall and streamflow forecasting skills using

statistical models alone or in combination with rainfall-runoff models. While rainfall was

forecasted using only statistical models, two approaches were considered for streamflow

forecasting:

1. A two-steps stream forecasting approach (called as the indirect method) which

first linked the average SST over a period prior to the date of forecast to seasonal

rainfall amount in the upcoming rainy season, then linked the rainfall amount to

streamflow using a rainfall-runoff model. In this approach, the forecasted rainfall

was disaggregated at the daily time step before being fed into the rainfall-runoff

model.

2. A one-step streamflow forecasting approach (called as the direct approach) which

linked the average SST over a period prior to the date of forecast, to the average

streamflow in the upcoming rainy season.

The tropical Pacific and Atlantic SSTs were used as predictors, but the developed

methodologies can be applied with any other relevant predictor. The research went fur-

ther than most seasonal forecasting studies by looking at the uncertainty in the prediction

and estimating the economic value of the forecasts.
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8.1 Rainfall/streamflow forecasting using statistical

models alone

In this research, eight classes of statistical models for seasonal forecasting were devel-

oped. Each model was validated using a leave-one-out validation strategy (one year was

discarded and the remainder of the data was used to build the predictive model). Once

a year was discarded, the predictive model developed in four phases: a) screening of SST

time series at grid points and retaining a limited numbers; b) predictor vector dimension

reduction using principal components analysis (PCA) or canonical components analysis

(CCA); c) the development of the forecasting model for each predictor and d) the selec-

tion of the best model. The first and second stages were required because most predictor

data sets (e.g. large-scale atmospheric and oceanic indices) are generally collected on

large grids. At the third step, either linear or polynomial regressions of degree two to six

were used to link the predictors and predictand.

The following conclusions are reached about the performances of the statistical models

for rainfall and streamflow forecasting:

Rainfall forecasting: The best model for rainfall forecasting in the study area was a

linear model that used the average Pacific SST from March (Y-1) to June (Y-1)

as a predictor (12 months lead time). The next best model used a polynomial

regression of degree six to link seasonal precipitation on the Sirba watershed to

the Atlantic SST averaged over September (Y-1) to January(Y) (5 months lead

time). The rainfall forecasting skills were modest (Ef of 0.39 and 0.28 for the

best and the second respectively), but compared well to results from other studies

in terms of accuracy and lag time (e.g. Barnston et al. (1996); Garric et al.

(2002) and Mo and Thiaw (2002) ). Models consisting of PCA clearly performed

better than those where CCA was used for predictor vector dimension reduction.

While it is difficult to explain with certainty why this occurred, the fact that CCA

provides a one-column predictor while PCA produces several potential predictors

is a plausible explanation. Therefore, using PCA could increase the chance of

a retained predictors having a significant link with the predictand. The results

also indicated that arbitrarily choosing SST from a single month or trimester as

predictors (as most authors do) might not lead to optimal forecasting.
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Direct streamflow forecasting: Polynomial models performed better than linear mod-

els for streamflow forecasting with both Pacific and Atlantic SST. Unlike rainfall

forecasting, the screening process did not influence the performance of the models

used for streamflow forecasting. In addition, as it was the case for rainfall fore-

casting, models using PCA always had higher performance than those with CCA.

Streamflow forecasting performance (R2 of 0.7 with 7 months lead time) were rea-

sonable compared to that obtained from other studies (e.g. Kwon et al. (2009)

achieved predictive skills with R2 of approximately 0.5 to 0.6 with one season prior).

Since the lack of study about seasonal streamflow forecasting in the Sahel region

and some other studies used different performance criteria, it made the comparison

more difficult.

8.2 Streamflow forecasting using the indirect method

The indirect method consisted of using the eight classes of models to forecast seasonal

rainfall, using the fragment method to disaggregate seasonal rainfall and then using the

SWAT model to convert them into streamflow. The best model turned to be the SWAT

model driven by rainfall forecasts developed using model Ia (with the average Atlantic

SST over September (Y-1) to December (Y-1) as a predictor) at six months lead time.

The next best model was the SWAT model forced by rainfall forecasts generated using

model Vp (the average Pacific SST over January (Y) to February (Y)) at a four months

lead time.

The comparison between the indirect and direct method showed that the direct

method ultimately showed slightly higher performance than the indirect one driven by

Pacific (using linear and polynomial regressions) and Atlantic SSTs (using polynomial

regression), except when linear regression was used with the Atlantic SST the indirect

method showed better performance. Models Vp and Va (the direct method) were the

best models when they were forced with the Pacific and Atlantic SST with five and

seven months lead time respectively. There was insignificant difference in skill levels

between these two SST data sets driven by the same model (model V ). The indirect

method showed higher forecasting skill only when it was forced by the rainfall forecasts

developed by model Ia (linear regression model) with 6 months lead time.

When the monthly streamflow forecasts developed the indirect method were aggregate

to annual time scale, they showed very low performance with negative values of Ef

(accept the indirect method with linear regression and the Atlantic SST) and low R2



Conclusions 191

and H values. Annual streamflow forecasts developed using the direct method were also

lower than monthly time scale but significantly better than those developed using the

indirect method. Interestingly, the direct method with polynomial regression (model Vp)

forced by the Pacific SST was outstanding in both monthly and annual time scales.

Overall, the performance of the indirect and direct methods was not significantly

different in terms of both forecasting accuracy and lead times. Each was capable of

predicting rainfall and streamflow at a seasonal time scale with four - seven months in

advance, and both showed moderate to high streamflow forecasting skills.

8.3 Limitations of the developed models

The benefit of using statistical models for seasonal forecasting are evident in this research.

However, these models rely only on input data characteristics without concerning the

physical mechanisms behind the correlations between independent and dependent vari-

ables. Therefore, statistical models are strongly sensitive to the input data. The use of

the same type of predictor data sets with different methodologies could lead to different

outputs in terms of forecast accuracy, lead time and model efficiency. Using statisti-

cal models also requires assuming that the stationary data indicating present or future

trends will be behave as it has in the past; historical data patterns that are not similar

to current or future events could cause forecast errors. Therefore, testing the statistical

models to determine the optimum predictor periods when updated data are available

before using them to forecast rainfalls or streamflows is strongly recommended. In addi-

tion, the quality of the data sets must be carefully monitored before using the statistical

models. The performance of statistical models could also decrease when historical data

of both the predictor and the predictand are not adequate to capture their relationships

or if there are too many gaps in those data sets.

In the particular study, a good performance calibration with SWAT was obtained.

However, the length of the streamflow time series did not permit a validation study. The

main issue for using SWAT in the Africa is data availability. Incomplete input data sets or

insufficient model calibration could lead to significant errors. The SWAT model requires

relevant information about continental hydrology and climate data, and the quality of

this data should be high enough to allow forecasting (e.g. minimal missing values, high

temporal-spatial resolution). With these conditions, forecasting is very difficult in study

areas lacking climate stations and basin characteristic information.
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8.4 Uncertainty analysis

In this study a basic analysis of model error method was first used to measure the uncer-

tainty level of the forecasts developed using the indirect and direct methods. Assuming a

normal distribution for rainfall and streamflow forecasts, a set of forecasts were generated

from which an empirical probability distribution could be derived. The mean value of

the distribution was simply the forecasted value, and its standard deviation was assumed

to be the standard deviation of the residuals. A cloud of monthly streamflow values was

generated, and streamflow observations were mostly in the range of uncertainty, which

tells users that the chances of unexpected event occurrences was low.

A disadvantage of using polynomial and linear regression for statistical seasonal fore-

casting is that only a few predictors from the pool of potential predictors are used in the

final model. Using only certain predictors and discarding others could result in loss of

potentially valuable information in those discarded. Using BMA can help address this

problem, as it considers all predictors in the process. Though, there was no significant

difference between using BMA and linear regression models for streamflow forecasting,

the BMA is capable to produce the probability density of the forecast, and a standard

error calculated from all the models. It is beneficial for users to be able to visualize

the density of the expected values, and assess the level of uncertainty of the generated

forecast. Higher uncertainty was expected to be found in the forecasts developed using

BMA, since BMA accounts for two types of uncertainty: the model error and the model

selection. Using the basic analysis of model error method investigates only an uncertainty

of the model error.

A possible means of improving BMA performance would be to apply other types of

priors, rather than using a uniform model prior that was defined in this study. Another

option that could enhance forecasting skills is changing the predictors used in the models

to other oceanic and atmospheric indices. The different factors usually affect different

aspects of large-scale circulation, which could influence individual hydrological variables

of interest.
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8.5 Economic values of seasonal forecasts

The basic cost/loss ratio method was used to estimate the potential economic value of

indirect and direct methods for streamflow forecasting. A protection action will have a

specific cost and there will be a loss when an extreme event occurs without the protection.

Since there is no benefit from a situation with a protection cost higher than the loss,

only the cost/loss ratio range between 0 and 1 was considered. The economic impact

of streamflow forecasts were evaluated events of 2, 5 and 10 year return periods. The

frequency analysis was used to define the specific streamflow values based on the return

periods. For more extreme events, the economic values of the forecasts developed using

the indirect and direct methods decreased significantly, and the maximum benefit varied

according to the event. The forecasts generated by the direct method were clearly more

beneficial than those developed with the indirect method for all events and all cost/loss

ratios. For the 5 and 10 year return periods, users with small cost/loss ratio (i.e. less

than 0.4) would receive no economic benefits from the forecasts. However, all users

could get economic benefits from the forecasts developed by the indirect method when

the streamflows with 2 year return period occurred.

8.6 Recommendations and future work

This research study highlighted the benefits of systematically searching for the best

period to aggregate SST when building predictors for seasonal precipitation or streamflow

forecasting. An initial pool of potential predictors can be built by searching the relevant

literature and/or by inference from known physical relationships between the potential

predictors and predictands. Randomly selecting predictors without considering their

physical relationships with predictands could lead to the failure of a forecast system.

The model efficiency estimation should be determined using a variety of criteria as

only one estimator could be misleading; for example, a high value of R2 only explains

that the variance of observations is strongly described by the model. However, a plotted

time series of both observations and forecasts could identify inconsistencies between their

magnitudes. In addition, some criteria are sensitive to outliers, so it could be incorrect

to assume the accuracy without examining them.

This study considered all observed data as stationary; their statistical properties were

assumed to remain the same over the entire period and there was no abrupt change.

However, abilities of detecting change points in the data series such as changing in mean,
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variance or data trend might help improve seasonal forecasting skills. Those changes can

occur from for example, changes in observation locations, measurement errors, substantial

anthropogenic changes. There are various methods used for change point detections

such as, standard normal homogeneity test, Nonparametric SNH test and the Bayesian

approach for change point analysis. If there are abrupt changes detected in observed data,

users might need to search for suitable methods to manage those data before directly

using them. For example, the data might be divided into segments based on change

points and analysed separately.

In this study, only the simple cost/loss ratio method used for estimating the economic

values of forecasting systems was applied with the different cost/loss ratio situations.

A specific case study containing the information of the practical cost and loss values

with particular adverse events might be considered to estimate the value of forecasts.

The other methods for economic estimation of forecasting system might be used such

as, willingness-to-pay, minimax strategy, maximization of expected net returns. The

appropriate methodology for a specific case is defined by the objectives of decision makers

(Mjelde et al., 1989). Other characteristics of the forecasts such as lead time and time

period of a given forecasts (specific month or seasonal) could be combined with the

forecast accuracy to estimate the economic forecast values. A less accurate forecast but

known earlier might lead to a higher economic value than the one developed with shorter

lead time, and forecasts in a specific time period (particularly for an agricultural sector

(e.g. a during growing season)) could give a higher value than those generated in other

periods (Mjelde et al., 1989).

SSTs are not the only potentially useful predictors of rainfall and streamflow forecast-

ing. Other atmospheric and oceanic patterns can also be applied to seasonal forecasting,

including variables such as mean sea level pressure, ENSO index and wind velocity pat-

terns. Thus, these model algorithms can be used with other predictors. In addition, the

SWAT model of the Sirba watershed developed in this study can be applied to nearby

basins in the Sahel region, since only small difference might be found. Other regres-

sion models are also strongly recommended, and can be implemented by following the

guidelines in this study.
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