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ABSTRACT 

 

The main objective of this study was to assess the past and potential future 

environmental changes, and their impact on the hydrology of the Nzoia catchment. 

More specifically, the study has analyzed the historical climatic (1962-2004) and land 

cover changes (1973-2001) that have taken place in the Nzoia River catchment in 

Kenya, and the effect these have had on the hydrology of the catchment. It has also 

made use of land cover and climate change scenarios for the future to determine the 

potential effects these will have on the catchment. The Soil and Water Assessment 

Tool (SWAT) model was used to investigate the impact of land cover and climatic 

change on streamflow of the study area. The model was set up using readily 

available spatial and temporal data, and calibrated against measured daily discharge. 

The land cover changes within the watershed were examined through classification of 

satellite images and a land cover change model generated the land cover change 

scenarios for the year 2020. Climate change scenarios were obtained from general 

circulation models (GCMs) for the period 2010-2039 (i.e. 2020s) and 2040-2069 (i.e. 

2050s). The climate change IPCC SRES scenarios A2 and B2 were selected. To this 

purpose, rainfall and temperature scenarios based on the GCMs CCSR, CSIRO, 

ECHAM4, GFDL and HADCM3 were superimposed on the calibrated SWAT model. 

 

Trend analysis of rainfall shows that, in general, the annual rainfall has increased by 

about 2.3 mm/year between 1962 and 2004. Although this is not statistically 

significant, analysis of monthly rainfall has shown that out of a total of 14 stations, 

four have shown significant trends at 5% significance level. An important observation 

is that out of 10 rainfall stations that show an increasing trend, eight are found in the 

highland areas. The lower catchment receives much less rainfall and some stations 

exhibit decreasing rainfall trends. The variation of trends on a monthly basis, show 

that the months May to September and December have shown decreasing amounts 

although not statistically significant. Temperature shows increasing trends, though 

not statistically significant, with higher increases in the lowlands (0.79oC) than in the 

highlands (0.21oC) between 1978 and 2003.  

 

Land cover change analysis has shown that the agricultural area has increased from 

about 39.6 to 64.3% between 1973 and 2001, while forest area has decreased from 

12.3 to 7.0%. Results from the calibrated model showed that generally, runoff was 

highest from agricultural lands, followed by shrubland, grasslands and forest. 
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Considering the land cover changes between the two time periods, 1970-1975 and 

1980-1985, the study has shown that without climate change, land cover changes 

would account for a difference in runoff of about 55-68%. On the other hand, change 

in climate without land cover change accounted for a difference in runoff of about 30-

41%. This shows that land cover changes have resulted in greater runoff changes 

than changes in climate.  

 

From the GCM future climate change scenarios, scenarios A2 and B2 indicate 

increased amounts of annual rainfall with variations on a monthly basis. All - but one 

- GCMs show consistency in the monthly rainfall amounts, indicating that the 

seasonal rainfall pattern will be maintained, but with higher amounts in the 2050s 

than in the 2020s. The monthly changes in rainfall range from -16 to +49%, while 

mean annual rainfall changes range between 2.4-23.2%. Temperature will increase 

in this region, with the 2050s experiencing much higher increases than the 2020s, 

with a monthly temperature change range of 0-1.7oC. Analysis of the impact of 

rainfall and temperature changes on surface runoff showed the highest and least 

increases in annual runoff by the ECHAM4 and CCSR models respectively. The 

monthly peak runoff would be observed in the months of April, May and November. 

The range of change in mean annual rainfall of 2.4-23.2% corresponded to a change 

in streamflow of about 6-115%. Monthly changes are much more variable and it 

follows that these figures would be much larger for monthly changes. The analysis 

has revealed important linear relationships between rainfall and runoff for certain 

months. These relationships have been derived from climate change scenarios and 

could be extrapolated to estimate amounts of streamflow under various scenarios of 

change in rainfall. Streamflow response was not sensitive to changes in temperature 

for the scenarios considered and no significant relationships were derived.  

 

According to the future climate change scenarios, with all the other variables held 

constant e.g. land cover, population growth etc., a significant increase in streamflow 

may be expected in the coming decades as a consequence of increased rainfall 

amounts. Thus, to mitigate possible frequent flooding which has been a major 

problem in this region, there is need to reverse trends in land degradation. In 

addition, water harvesting of excess water could alleviate drought problems that may 

be experienced with a changing climate.  
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CHAPTER 1 

INTRODUCTION 

1 INTRODUCTION 

1.1 Introduction  

Disasters from climate/weather related natural phenomena such as floods, droughts, 

landslides etc. and those occasioned by anthropogenic factors causing land 

degradation such as deforestation, poor agricultural practices, inappropriate land use 

systems, among others, cause devastating effects. They disrupt the socio-economic 

activities, ecological systems and general development of the region. In western 

Kenya the most catastrophic impact of floods is loss of human lives. People in the 

lower catchment are taken unawares when the floods occur because the upper 

catchments receive heavy rainfall while the plains lower down receive relatively low 

amounts. There is also destruction of property and loss of livestock. The situation is 

aggravated by a number of other problems such as over-cropping of marginally 

productive land and other unsustainable farming practices, and deforestation in the 

watershed.  

 

The potential effects on water resources due to global climate change and land 

use/cover change in the past few decades have been of great concern. Weather is an 

important variable in the management of water resources. In Kenya, for example, 

only about 15% of the safe yield of renewable freshwater resources has been 

developed (Mogaka et al., 2006). The level of development of water resources has 

been low and water supply storage volume per capita has declined dramatically from 

11.4 m3 in 1969 to about 4.3 m3 in 1999. This decrease in storage volume per capita 

is attributed to population growth. Although the country possesses sufficient water 

resources to meet demand, they do not always coincide geographically with demand. 

Based on current water use efficiencies, it is predicted that aggregate demand will 

rise by 2020, although this would still be within the country’s safe yield (Mogaka et 

al., 2006). Thus, the country needs to invest adequately in the water storage 

capacity, especially due to high rainfall variability and the changing climate. All 

climatic processes are likely to intensify.  Not only will average climatic conditions 

change, but also their variability and frequency. These include severity of extreme 

events such as floods, heat waves, and droughts. In addition to climate change 

impacts, the human propensity to engage in activities that impact natural hydrologic 
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processes creates a need to offset those impacts thought to be detrimental through 

research, development and management of sustainable activities. Land clearing, 

agricultural activities, construction, mining, urban and industrial development, and 

similar activities can have a major impact on the quantity and rate of surface runoff, 

and on the rates of erosion and sediment transport that take place. For example, 

replacement of forests by degraded pasture has been observed to reduce evaporation 

and increase surface temperature. Work done on the interaction between Sahelian 

vegetation and rainfall suggests that the persistent rainfall anomaly observed there 

in the 1980s could be related to land surface changes (IPCC, 2001). Fortunately, 

such changes can now be monitored from space. 

 

Most recent assessments of environmental effects on water resources have taken the 

form of sensitivity analyses. Water resources sensitivity studies are simplified 

assessments of how the hydrological regime (usually stream flow) will respond to 

prescribed or model-simulated climatic conditions (usually temperature, precipitation, 

and evaporation) and environmental changes.  Sensitivity study results are generally 

expressed in terms of changes in the reliable yield of water systems (such as 

reservoirs), changes in the volume of water that can be supplied for various uses 

(such as irrigation, municipal water supply, fish habitat, etc.), or changes in the risk 

of system failure (Lins and Stakhiv, 1998). This study has not only used a similar 

approach but has gone further, to include the assessment of these impacts due to 

actual changes that have taken place in the study area. 

 

1.2 Statement of the problem 

Lake Victoria is the world's second largest freshwater lake and the largest in Africa. 

The lake basin is endowed with rich and unique terrestrial and aquatic bio-diversity, 

ranging from forests, wildlife and fisheries. However, the lake basin and its natural 

resources is under great pressure due to rapid rural and urban population growth, 

poor agricultural practices, unsustainable fishing, deforestation, invasion of alien 

species and discharge of untreated domestic and industrial waste water into the lake. 

These practices have resulted in land degradation, eutrophication of the lake waters, 

soil erosion, loss of biodiversity, reduced fish stocks, proliferation of aquatic weeds 

particularly water hyacinth, frequent outbreak of water borne diseases, poverty and 

unemployment.  
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Due to increase in population, lack of employment, and the search for more land for 

agriculture, people have moved to cultivate forested areas and marginally 

unproductive land. Further intensification of land use for agriculture would have a 

negative impact in terms of agricultural production especially to individual farmers. 

When erosion occurs as a result of both land degradation and heavy rainfall, 

deposition of sediments by flowing water reduces the capacity of rivers and streams 

to carry flood water, reduces water storage in lakes and reservoirs, pollutes surface 

waters, and can cause or increase bank erosion. There is a direct water quality 

benefit when the amount of soil that moves off the land is reduced.  

 

In western Kenya, marginally productive land has been over-cropped and other 

unsustainable farming practices have been in use. This makes the farmers very 

vulnerable to natural variations such as lack of rain. The situation is aggravated by a 

number of other problems such as overpopulation. Inappropriate farming methods 

have created large tracts of degraded land where erosion has stripped away fertile 

land. As such, the small-scale farmers can no longer grow successfully certain crops 

and are forced to change their farming methods but lack the knowledge and 

resources to do so. As a result, they continue to grow the wrong crops in the wrong 

places causing even more damage and land degradation. This kind of farming leads 

to more and more poverty because the growing of crops on degraded land means 

that the yields are poor. This way the farmers make no money, which they could use 

to invest on their land for better yields. All these needs make the basin vulnerable to 

any hydrologic impacts of land use and climate changes. 

 

In light of the above mentioned problems, it is imperative therefore to understand 

the hydrological processes occurring within the watershed by way of hydrologic 

modeling. This would help to estimate the watershed’s water balance, such as runoff 

rates and volumes, and the impacts of any environmental changes on the watershed. 

These estimates could aid decision makers, both water and land use, to optimize 

water supply and demand, and to advocate for sound land use practices, while 

ensuring environmental sustainability.  

 

1.3 Objectives 

The overall objective is to investigate the potential impacts of environmental change 

on the hydrology of the Nzoia River catchment, in the Lake Victoria basin.  
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The specific objectives include: 

i) The assessment of the quality and adequacy of hydro-meteorological data:  

This is important in any research to ensure that the results obtained therein are 

reliable and can be used with confidence.   

ii) The determination of the past space-time changes in the hydrology, climate 

(between 1962 and 2004), and land cover (between 1973 and 2001) in the 

catchment:  

This would give valuable insights into the magnitudes of change and whether 

they are significant or not. The trends in land cover, in conjunction with 

location factors of land use change, can be used to extrapolate into the future 

as has been done in this study. 

iii) The modeling of the hydrological processes/dynamics to assess the impacts of 

environmental change:  

The hydrologic modeling of the catchment will help to understand better the 

processes occurring within the catchment and provide water balance statistics. 

The model can be used for impact assessment and information obtained thereof 

is useful for water resources policy making and planning. 

iv) The assessment of the past impacts of environmental change i.e. land cover  

and climate on the water balance components:  

These two types of changes (land cover and climate) do not occur in isolation. 

Thus, integrating this information into the hydrological model will give valuable 

information on the sensitivity of the catchment to changes in land cover and 

climate. 

v) The projection of the catchment hydrology based on different climate change 

scenarios and land cover dynamics:  

This includes generating land cover change scenarios for the year 2020 and the 

climate change scenarios (rainfall and temperature) for the period 2010-2039 

and 2040-2069 in order to assess the effect this would have on the water yield 

of the catchment. This information can help to prioritize on options for water 

resources planning and management. 

 

1.4 Justification of the Study 

Lake Victoria and its catchment support millions of people. It provides food (fish), 

hydropower, transport and communication, tourism, water for domestic agricultural 

and industrial use, wastewater disposal, recreation etc. Multiple activities (e.g. 
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human waste, urban runoff, effluent discharges from industries and decrease of 

forest areas due to very high population pressure and resultant excessive cultivation) 

have greatly impacted the hydrologic dynamics of the lake and its catchment.  

 

Various hypotheses relating to the problems experienced in this region have been 

advanced and these include; i) that land use/cover change in the upper reaches of 

the Nzoia catchment has led to frequent flooding in the lower part of the catchment; 

and ii) that climate variability is increasing fast and that future extreme weather 

events are likely to be more frequent and extreme than the present. A number of 

initiatives within the Lake Victoria Basin both international and local have come up in 

the recent past. They have sought to understand the interaction of various processes 

within the basin in an effort to assess the state of the natural resources. They have 

also made efforts to clean up the lake ecosystem and its surrounding catchment for 

the benefit of the communities living in this area.  

 

This study is important because it adds on to these initiatives by enhancing the 

understanding of the impact of various climatic/environmental change scenarios 

which, consequently, indicate a potential for measurable changes in the conditions 

that control water yields, including rainfall, temperature and streamflow.  The study 

also provides statistics on the water yield of the catchment, especially under the 

impacts of significant human-induced land use/cover and climate changes. The 

amount of data generated by this study is enormous and can be useful in addressing 

issues pertaining to environmental development and sustainability of the resources 

within the catchment. In view of the above, this study assesses and quantifies the 

changes that have taken place (land use/cover and weather/climate), their impacts 

on the water resources of the region, and the future potential impacts on these water 

resources with respect to the changing environment.  

 

1.5 Overview of the thesis 

This thesis comprises nine chapters, which are briefly outlined below. Each chapter 

that contains a methodology and analysis also gives the results at the end of that 

chapter. In the conclusion, which is the final chapter, a summary is made of all the 

results obtained.  
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Chapter 1: Introduction 

This chapter discusses the problem statement, objectives and justification of the 

study. It brings to focus the problems experienced in this region in light of the 

changing environment, climate and socio-economic issues. It mentions the expected 

outcomes and their importance in the region. 

 

Chapter 2: Literature review 

A brief history of the Lake Victoria as a whole is presented. The chapter summarizes 

literature regarding hydrologic modeling for use in impact assessment. It explores 

the subject of land cover and climate changes and their future scenarios, and how 

these impact the functioning of the watershed. Various methodologies used in the 

construction of land cover and climate change scenarios are also mentioned. It 

discusses the advances made in hydrologic models and how they are increasingly 

being used in hydrology to simulate changes in watershed management, to 

investigate the impacts of external influences such as climate and land cover 

changes.  

 

Chapter 3: Study area and data 

A description of the study area is presented which includes the physical features and 

climatic conditions. It describes the various data used in the study, their sources and 

the methods used for data quality control. 

 

Chapter 4: Statistical and trend analysis of hydro-meteorological data 

The chapter aims to establish whether or not there have been significant trends in 

hydro-meteorological data. The rainfall causing weather systems are also briefly 

discussed in an effort to explain the observed trends. Long term persistence of 

hydro-meteorological time series is also addressed. 

 

Chapter 5: Land use and land cover change analysis 

Secondary data and statistics on land use/land cover change are discussed. The 

methodology employed for land cover classification of satellite imagery, change 

detection and classification accuracy is presented and the observed land cover 

changes discussed. 

 

 

 



 7

Chapter 6: Land cover and climate change scenarios 

This chapter discusses the construction of land cover and climate change scenarios. A 

step-by-step methodology is presented and the models used for this exercise are 

described. The requirements of the land cover change model are discussed in light of 

drivers of land cover change. The climate change models and their uncertainties are 

also mentioned. 

 

Chapter 7: Model set up, calibration and validation 

This chapter describes the construction of the SWAT model input files. It gives a 

detailed account of the model set up, sensitivity of model parameters, calibration and 

validation. Methodologies used in sensitivity analysis and calibration are briefly 

discussed.  It discusses the water balance statistics and evaluation criteria for model 

efficiency. Model prediction uncertainty is also addressed in this chapter. 

 

Chapter 8: Land cover and climate change impact assessment on hydrology of the 

study area 

This chapter presents the outcome of model application to assess the impacts of land 

cover and climate changes. It discusses the catchment response, especially 

streamflow, to changes in land cover and climate. The relationships between 

increases in rainfall and the corresponding changes in streamflow are explained. The 

likelihood of flood-like events in the event of changes in rainfall as forced by the 

climate models is assessed. Differences in land cover types in the context of surface 

runoff are determined. It goes further to determine which of the two changes, land 

cover and climate, contributes more to the increase in streamflow and/or surface 

runoff. 

 

Chapter 9: Conclusion and recommendations for further research 

This chapter summarizes the contribution of this research and suggests related future 

research issues. It highlights the important findings and outlines the major 

challenges in terms of model limitations and adequacy of data. It also makes 

recommendations for future research. 
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CHAPTER 2 

LITERATURE REVIEW 

2 LITERATURE REVIEW 

2.1 Introduction 

The purpose of this literature review is to provide the reader with a general overview 

of application of hydrologic modeling for environmental impact assessment. 

Hydrologic models are increasingly used in hydrology to simulate changes in 

watershed management, to investigate the impacts of external influences (such as 

climate and land cover changes) and also to extend data sets. This chapter reviews 

three topics that are core to this research, namely hydrologic modeling, land use and 

land cover (LULC) change, and climate variability and change. It also discusses the 

past and present research in the Lake Victoria basin as a whole.  

 

2.2 A brief history of the Lake Victoria Basin 

Lake Victoria basin has a total catchment area of 194,000 km2 and is shared between 

five countries – Uganda, Rwanda, Burundi, Kenya and Tanzania (Fig 2.1). The Lake 

receives part inflows from rivers Nzoia, Sio, Yala, Nyando, Sondu, Kagera and several 

other streams, with a total catchment area of 46,229 km2 from the Kenyan territory. 

Rivers Kagera and Nzoia are the two largest rivers that contribute inflows into this 

lake. The average availability of surface water in all the major rivers of the Lake 

Victoria Basin is of the order of 7.1x109 m3. Some of the rivers inundate low-lying 

areas in their outfall reaches due to heavy rains. During floods, agricultural crops are 

destroyed, land degradation with increased soil erosion occurs, dams are washed 

away, protective dykes suffer breaches, people are displaced and there is loss of 

human lives and livestock. These floods are attributed to both heavy rainfall and land 

degradation. In the event that climate change scenarios indicate more rainfall in this 

region, and more land degradation occurs, the situation could get much worse than it 

is now.  

 

The lake has received much attention in the past especially due to the pollution 

problem and the fact that it is the source of the Nile River. Several studies have been 

undertaken to determine the water balance of the lake, (Piper et al., 1986; Sene and 

Plinston. 1994; Yin and Nicholson, 1998) e.t.c. Sene and Plinston (1994) suggested 
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that more refined estimates of the lake water balance could be obtained by using a 

modeling system that takes into account possible influences on runoff due to land 

use changes and possible changes in climate. 

 

 

Fig. 2.1: Lake Victoria basin in East Africa (The shaded grey area is the lake-edge) 

 

Weather and climate extremes such as droughts and floods have far reaching 

impacts in Kenya. They have had implications in a variety of sectors including 

agriculture, water resources, health, energy, and disaster management among 

others. These impacts were well manifested in the 1998-2000/2001 La-Niña related 

severe and prolonged drought. The estimated loss as a result of power rationing was 

close to Ksh 11 billion (about $157 million) while the hydropower generation was 

reduced by over 40%. Flood impacts were also well manifested in the 1997-98 El-

Niño related severe floods as well as those that occurred in April to May 2003. The 

flow regime of the Nzoia River, is varied and is occasionally as low as 20m3/s and 

with extreme floods that may surpass 1100m3/s, which is the proposed protection 

level for the dykes for a 25-year return flood. The dykes are occasionally overgrown 

with vegetation, breached at several points and have outlived their life.  
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Various institutions have been involved in the development and management issues 

in the Lake Victoria Basin. They include; Ministry of Water Resources and Irrigation 

(MWRI), Ministry of Agriculture (MoA), Ministry of Roads and Public Works (MoRPW), 

National Disaster Centre in the Office of the President (NDC, OP), Provincial 

Administration in the Office of the President (PA, OP), Kenya Meteorological 

Department (KMD) in the Ministry of Transport and Communications and the IGAD 

Climate Prediction and Application Centre (ICPAC), Ministry of Environment, Natural 

Resources and Wildlife, National Environmental Management Authority (NEMA), 

Ministry of Health (MoH), Ministry of Lands and Settlement (MLS), Lake Victoria Basin 

Development Authority (LBDA), District Disaster Committees (DDC) and Community 

Flood Committees (CFC) and a number of non-governmental organizations. All these 

institutions work towards spearheading the development of the region by means of 

planning, co-ordination and implementation of measures for environmental 

protection, flood control, poverty alleviation and better land use management 

practices.  

 

There are various projects that have been initiated in the region to assess the 

resources and the problems of the lake. These projects have worked towards 

developing management tools, and putting emphasis on local community 

participation in the design and implementation of land use and cultural practices that 

are sustainable and environmentally sound. This would ultimately help to control soil 

erosion, reduce water pollution, maximize biological diversity, and sustain streamflow 

as well as improving livelihoods in the community. Efforts are being made to reclaim 

and rehabilitate degraded water catchment areas through afforestation, soil and 

water conservation practices.  

 

The hydro-meteorological (commonly referred to as the Hydromet) project, which 

has since ended, was launched in 1967, with the support of the United Nations 

Development Programme (UNDP) and the World Meteorological Organization (WMO). 

The aim of this project was to foster the joint collection of hydrometeorological data 

and development of hydrological models for river flow simulation in the equatorial 

lakes (Lakes Victoria, Kyoga and Albert) and their catchments as well as studying the 

water balance of the Nile. It operated until 1992. The major achievements of the 

project have been hydro-meteorological data collection, training of technical staff 

from the member countries, and providing a forum for the Nile basin countries to 

come together and discuss issues related to the Nile basin development.  
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The Lake Victoria Environmental Management Programme (LVEMP) was created to 

enhance sustainable management of the Lake Victoria basin’s natural resources 

endowment as a way of improving riparian communities’ livelihoods as well as 

promoting the provision of quality environmental services. Although LVEMP has made 

gains in poverty reduction and environmental conservation in the region, they have 

called for more research and involvement of communities. They cited poverty and 

ignorance as two factors fuelling environmental degradation in East Africa. The 

successful eradication of the water hyacinth weed that invaded the lake and 

disrupted economic activities is partly attributed to LVEMP interventions.  

 

The Nile Basin Initiative (NBI) was created (and is still operational) to serve various 

functions (Timmerman, 2005): i) to build the skills needed in each NBI country to 

take a basin-wide or integrated (IWRM) approach to managing the Nile water 

resources; ii) to promote cooperation among the Nile Basin countries in protecting 

and managing the environment and the Nile River Basin ecosystem; iii) to establish 

the institutional means to coordinate the development of regional power markets 

among the Nile Basin countries; iv) to provide a sound conceptual and practical basis 

to increase the availability and efficient use of water for agricultural production; iv) to 

build the skills in each country to analyze the hydrology, characteristics, and 

behavior of the Nile Basin river system; v) to increase the involvement of a broad 

range of stakeholders—from policy and decision makers, to small business men and 

women, to fishermen and farmers, to religious and youth groups—in public 

awareness of the Nile Basin Initiative’s programs and future investments; and vi) to 

build a network of professionals from economic planning and research institutions, 

technical experts from both the public and private sectors, academics, sociologists, 

and representatives from civic groups and NGOs from across the basin to explore 

alternative Nile development scenarios and benefit-sharing schemes. 

 

2.3 Hydrologic modeling 

Hydrological modeling involves the application of mathematical expressions that 

define quantitative relationships between inputs (e.g. flow-forming factors) and 

outputs (e.g. flow characteristics). The scope of hydrologic modeling and its 

applications has broadened dramatically over the past decades. Hydrologic modeling 

is related to the spatial processes of the hydrologic cycle and is often used to 

estimate basin water resources as well as for impact assessment or more precisely 
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water resources management. Many hydrologic models have been developed in the 

past and more are being developed and they are used to determine the performance 

of watersheds under inevitable land use changes, climate change, and increased 

climate variability. This is done in the form of sensitivity analysis where baseline 

conditions of climate, land cover and streamflow are established, and then used to 

compare the effect on streamflow due to changes in precipitation, temperature, land 

cover and other climate variables. These analyses provide information on the 

direction and magnitude of streamflow changes and insight into which variables are 

most significant in predicting these changes. This would be very important for 

decision makers who require such information to evaluate management alternatives 

or the effects of different climate scenarios, as well as to support policies about water 

allocations between various sectors such as agriculture, ecosystems, domestic and 

industry. 

 

Hydrologic models can be classified in several ways: 

i. Hydrologic models can be either lumped or spatially distributed. Lumped 

models do not take into account spatial heterogeneity across the modeling 

domain. Rather, they simulate a spatially averaged hydrologic system.  

Spatially distributed models allow for spatially varying precipitation, 

temperature, and other climatic variables, and the spatial occurrence of 

watershed characteristics such as soils, slope, and land cover types (Chow et 

al., 1988). Thus, hydrologic properties and processes are represented in the 

models as varying across the catchment. There are also semi-distributed 

models which have both lumped and distributed representation of the 

hydrologic system. Both the fully- and semi-distributed models generally 

require large amounts of data, which are not always readily available 

especially in the developing countries. One such model is the SWAT, a semi-

distributed model (Arnold et al., 1998), which has been used in this study. 

Even though these two types of distributed models give a better 

representation of the natural hydrologic processes than the lumped models, 

data assembly and processing, and preparation of input files require 

enormous effort and time and are a big challenge to the hydrologist, 

especially when such data are not readily available. Another problem is the 

large number of model parameters that make calibration quite difficult. In this 

kind of situation, it is often not possible to find one unique parameter set and 

this leads to equifinality (Beven and Freer, 2001). Thus, the ease with which 
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model parameters are identified is reduced, and this means also that 

relationships between model parameters and catchment characteristics are 

not identified in a straightforward way. 

 

ii. Hydrologic models can be either single-event (e.g. a rainstorm) or continuous 

simulation models. Continuous simulation models are designed to simulate 

water quantity and quality characteristics in the catchment over an extended 

period of time, and provide output representing longer-term average 

conditions.  

 

iii. Hydrologic models can also be distinguished on a conceptual basis as being 

empirical or physically-based. Along the spectrum of techniques used in 

hydrological modeling there lies at one extreme, the empirical, black-box 

techniques and at the other extreme, the physically-based techniques. The 

black box models do not take into account the internal structure and response 

of the catchment; rather they only match the input and output of the 

catchment system. Thus, they do not simulate the hydrologic processes that 

are involved in the input-output relationship. The physically-based techniques 

involve complex systems of equations based on physical laws and theoretical 

concepts that govern hydrological processes. Between the purely empirical 

and physically based models, lie the conceptual models. These models 

represent a logical consideration of simple conceptual elements that simulate 

processes occurring in the catchment. There are, however, inherent 

limitations in representing all hydrologic processes within a watershed, such 

that even the most detailed physically-based models may contain some 

empirical relationships that require a certain amount of fitting or lumping of 

characteristics at some scale across the landscape. 

 

iv. Modeling of hydrological systems sometimes includes stochastic modeling, 

where the emphasis is on reproducing the statistical characteristics of hydro-

climatic time-series. No attempt is made to model input-output relationships. 

In stochastic modeling a set of mathematical expressions with parameters 

estimated from the data, describes the processes in nature as closely to their 

true characteristics as the data. Stochastic models are used to generate 

synthetic sequences of hydrologic time series which can be used in the 

planning and management of water resource systems. Stochastic models in 
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hydrology simulate variables such as precipitation time series among others, 

which can serve as inputs to hydrological models. Typical models that have 

been used in the past and are still being used are the ARMA type models 

(autoregressive moving average), with variations such as ARIMA 

(autoregressive integrated moving average), to generate synthetic sequences. 

Due to the variability, for example in hydrological time series, caused by the 

nonlinear climate dynamics, more complex stochastic models are being used 

to simulate long-term hydrological data such as the hidden state Markov 

models. (Sveinsson, et al., 2003; Thyer and Kuczera, 2003; Fortin et al., 

2004; Akintug and Rasmussen, 2005).  

 

Developments in computer technology, remote sensing and geographical information 

systems (GIS) have provided a more effective and less costly way to study 

hydrologic systems. In many applications, results from remote sensing and/or GIS 

analyses serve as input into hydrological models (Baumgartner and Apel, 1996). 

Remote sensing enables the mapping, classification and monitoring of land cover that 

is required in many hydrological models. The satellites, with instruments for earth 

observation, have provided a means to characterize historical and current land use 

and land cover attributes and dynamics. Remote sensing provides quick and 

comparatively inexpensive information about land-cover changes over large areas. 

Combining ground-based and remote sensing data collection systems provides an 

opportunity to improve the quality of land-use/land-cover data for use in applied 

research. Characteristics of interest and their variations in time over large areas are 

measured, thus providing data input into various hydrological models among other 

types of models. Remote sensing offers the advantage of long term (years to 

decades) temporal and spectral data sets over relatively large regions (local to global 

scale) and, therefore, of monitoring the (temporal, spectral and spatial) variations of 

objects at the earth’s surface.  

 

GIS, in addition to remote sensing have contributed significantly to applied hydrology 

in monitoring and forecasting projects.  GIS technology provides tools for effective 

and efficient storage and manipulation of remotely sensed information and other 

spatial and non-spatial information. One of the typical applications of GIS is use of a 

digital elevation model (DEM) for the extraction of hydrologic catchment properties 

such as elevation, slope, flow accumulation and direction, and the delineation of the 

catchment boundary. The synergism between GIS and remote sensing has enabled 
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hydrologists to model temporal and spatial variations of hydrological processes 

efficiently, and especially for the distributed hydrologic models. 

 

2.4 SWAT applications to land use and climate change 

assessment 

SWAT has been used widely and examples of studies carried out include those of 

Rosenthal et al., (1995); Rosenthal and Hoffman, (1999); Santhi et al., (2001); Qiu 

and Prato, (2001); Vache et al., (2002); Bosch et al., (2005), where impacts of 

various management scenarios were investigated; Stonefelt et al., (2000); Fontaine 

et al., (2001); Van Liew and Garbrecht, (2001); Stone et al., (2001); Varanou et al., 

(2002), who studied the impacts of climate change on water yields. Most of these 

studies concluded that SWAT is suitable for long-term simulations (monthly and 

yearly) and that daily flows are simulated with lower efficiencies. Other SWAT 

applications include Srinivasan et al., (1998a,b); Spruill et al., (2000); Zhang et al., 

(2003); Chu and Shirmohammadi (2004); Singh et al., (2005); Pohlert et al., (2005, 

2006), among many others. In Kenya, SWAT has been applied to the Sondu River 

catchment where the simulated mean monthly flows compared reasonably well with 

the observed data although the simulation efficiencies were poor, and this was 

attributed to input data deficiencies (Jayakrishnan et al., 2005). The study however 

demonstrated that the application of hydrologic models, developed and studied 

widely in the United States, to African river basins is possible, but stressed the need 

for additional model input data collection. 

 

SWAT has been applied in various studies to assess watershed response to land use 

changes. Kepner et al., (2004) assessed the impacts of land use change in the Upper 

San Pedro watershed. They used an uncalibrated model, and concluded that land-

cover changes associated with future development will significantly alter the 

hydrologic response of the watershed due to increasing urbanization and the 

associated replacement of vegetated surfaces with impervious ones. Fohrer et al., 

(2001) used hypothetical land use changes to support the development of 

sustainable land use concepts although the impact of land use change on the annual 

water balance was relatively small. Eckhardt et al., (2003) used an artificial 

catchment to simulate land use change effects on streamflow, while Heuvelmans et 

al., (2004) also used hypothetical scenarios to assess implications of land use impact 

on catchment hydrology. Pikounis et al., (2003) studied hydrological effects of 
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specific land use in a catchment in Greece which resulted in an increase in discharge 

during wet months and a decrease during dry periods, while the deforestation 

scenario resulted in the greatest modification of total monthly runoff. 

 

Lettenmaier and Gan (1990) used precipitation and temperature from three GCM 

scenarios (the GCM data was not downscaled) to force process-based basin scale 

water budget models. Gleick (1987) used both GCM and hypothetical climate change 

scenarios and suggested that plausible changes in temperature and precipitation 

caused by increases in atmospheric trace-gas concentrations could have major 

impacts on both the timing and magnitude of runoff and soil moisture in important 

agricultural areas. Stonefelt et al., (2000) and Fontaine et al., (2001) have applied 

SWAT to assess climate change impacts using arbitrary changes in climatic inputs 

based on GCM/RCM projections. Eckhardt and Ulbrich (2003) used climate change 

scenarios that resulted in small effects on mean annual streamflow, as increased 

atmospheric CO2 levels reduce stomatal conductance thus counteracting increasing 

potential evapotranspiration induced by the temperature rise and decreasing 

precipitation. In their study of the Upper Mississippi River Basin, Manoj et al., (2006) 

used both CO2 sensitivity and GCM climate change scenarios. They concluded that 

the climate change scenarios showed a large degree of uncertainty in the climate 

change forecasts for the region and that the simulated hydrology was very sensitive 

to those forecasts.  

 

All these studies have shown varied results due to the different regions considered, 

and also have employed different methodologies to construct climate and land use 

change scenarios. However, it is quite clear that monthly, seasonal and/or annual 

simulations have been preferred for use in impact assessment as these have higher 

simulation efficiencies than the daily. 

 

2.5 Land use and Land cover (LULC) change 

2.5.1 Introduction 

The term ‘land use’ is used to describe human uses of the land, including actions that 

modify or convert land cover from one type to another. Examples include categories 

such as human settlements (e.g. urban and rural settlements), agriculture (irrigated 

and rain-fed fields), national parks, forest reserves, and transportation and other 

infrastructure. The term ‘land cover’ refers to the vegetative cover types and other 
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surface cover that characterize a particular area. Examples include forest, savannah, 

desert, etc. Under such categories we can have more refined categories of specific 

plant communities (e.g., shrub-lands, mangroves, seasonally flooded grassland, 

etc.).  

 

The need to provide food, water and shelter to people worldwide has led to changes 

in land cover such as forests, agricultural lands etc. Researchers have in the past 

decades recognized the need to understand how LULC change processes link to 

broader changes in the global environment and how environmental sustainability can 

be achieved. Enormous efforts have been made to understand the driving forces of 

land-use change and to develop regionally and globally integrated models of land-

cover change (Lambin et al., 1999). The great interest in land use and land cover 

results from their direct relationship to many of the earth’s fundamental 

characteristics and processes, such as land productivity, diversity of plant and animal 

species, and the biochemical and hydrological cycles (de Sherbinin, 2002). Land 

cover is transformed by land-use changes, for example, when a forest is converted to 

agricultural land or pasture. Overgrazing and other agricultural practices lead to land 

degradation and desertification. Lambin et al., (2003) have recognised that a 

systematic analysis of local scale land-use change studies, conducted over a range of 

timescales, helps to uncover general principles to provide an explanation and 

prediction of new land-use changes.  

 

Many studies have been carried out to estimate the effect of LULC changes on the 

hydrologic response of catchments. The principle of the paired-watershed design has 

served as the reference for all research of the impact of land use changes on 

hydrology (Ranjith et al., 2002; Bishop et al., 2005). The paired watershed approach 

requires a minimum of two watersheds (control and treatment) and two periods of 

study (‘calibration’ and ‘treatment’). The control watershed accounts for climatic 

variability and the land management practices remain the same throughout the 

study. During the ‘calibration’ period the two catchments are treated the same. In 

the ‘treatment’ period, one watershed is treated (change of management practice) 

while the other (control) remains in its original form. The selection of the watersheds 

is such that the areas should be small enough to obtain uniform treatment over the 

entire watershed. They should also be similar in size, slope, location, and land cover; 

and they should be in a steady state prior to the study, (USEPA. 1993). This 

approach, however, cannot be applied with ease on large watersheds due to 
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heterogeneity in the watershed. Thus, other approaches such as fractional changes 

on land cover extent and LULC change scenarios generated by models have been 

used to study LULC change impacts on watersheds. 

 

In the study region, there has been an increase of population over the last three 

decades with an estimated population density of about 221 persons/km2 in 2002 

(Odada et. al., 2004). This has led to over exploitation of resources, thus causing 

land degradation as the demand for food increases. The increase in area of 

agricultural land, as people continue to search for better and more productive land, 

has not always corresponded with an increase in food production. This is because of 

poor land management practices e.g. overuse of fertilizers, soil erosion etc. In the 

recent past, the lower catchment has experienced heavy floods and it has been said 

that erosion in the upper catchment, attributed largely to deforestation, has led to 

flooding in the lower catchment. During floods, a lot of livestock, property and 

human lives are lost and infrastructure is damaged. An assessment of annual cost of 

damages in the 2002/2003 floods was in the order of US$ 800,000 (MWRMD, 2004). 

Forests in this region have been threatened by excisions for human settlements, 

agriculture and also over-harvesting of forest resources, thus interfering with the 

area’s biodiversity and causing the drying up of some rivers.  These forests are water 

catchment areas, and their capability to moderate the intensity of moderate flood 

flows has been reduced in the past decades,  

 

2.5.2 Mainstream approaches and methodologies of LULC change  

There are a number of methodologies and approaches to LULC analysis. These 

include obtaining information from historical records and statistics; use of 

questionnaires to national governments and other institutions, normalized difference 

vegetation index (NDVI), photogrammetry, satellite imagery etc. Patterns of LULC 

change and land management are determined by the interaction of socio-economic, 

environmental, political and industrialization factors among others. Therefore, the 

ability to forecast land-use and land-cover change in order to quantify the effects of 

change will depend on our understanding the past, current and future drivers of land-

use and land-cover change.  

 

Since 1972, satellite information has been acquired and used extensively in the 

measurement of land cover changes. Many satellite systems, e.g. Multispectral 
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Scanner (MSS), Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), 

SPOT (Systeme Polyvalent pour Observation de la Terre) etc., have been used 

extensively in collecting land cover information. One such satellite whose imagery 

has been used in this study is the Landsat, which provides a local to global 

perspective that helps researchers to understand the landscape’s interaction with 

human activities, and how this interaction leads to changes in land use. Remote 

sensing, in addition to GIS, have contributed significantly to applied hydrology in 

mapping, monitoring and forecasting of landscape changes within catchments.  

 

2.5.3 Land cover change and change scenarios 

2.5.3.1 Land use and land cover change 

LULC change, climate variability and change, soil degradation, and other 

environmental changes all interact to affect natural resources through their effects on 

ecosystem structure and functioning. It is known that changing LULC has significant 

impacts on local environmental conditions and socio-economic welfare e.g. the water 

cycle depends on vegetation, surface characteristics, soil properties, and human 

developments such as drainage of wetlands, dam construction, and irrigation. This in 

turn affects water availability and quality. The IPCC has incorporated land cover and 

changed land-use practices to support options and strategies for mitigating 

greenhouse gas emissions (GHG) emissions, which in turn contribute to climate 

change.   

 

2.5.3.2 Land cover change models  

LULC change models are used to explore the dynamics and drivers of land-use/land-

cover change. These models predict future land-cover patterns and can generate 

plausible scenarios for assessing land cover conditions under a range of conditions 

based on initial land-cover, probabilities of possible transition of a given land cover 

and the spatial patterns of change (Brown et. al., 2002). There are a number of 

techniques used to model land cover changes. These include statistical techniques 

(Mertens and Lambin 1997), cellular models (Alonso and Sole, 2000) and multi-agent 

system models (Rajan and Shibasaki, 2000), among others. Statistical techniques 

are a common approach to modeling LULC change. They make use of regression 

techniques applied to space. They however do not incorporate decision making and 

social phenomena such as institutions. Cellular modeling techniques represent spatial 

and temporal dynamics, which are based on stationary transition probabilities. The 
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multi-agent system models take into account socio-economic and biophysical 

complexity by modeling interactions and feedbacks between socio-economic and 

biophysical environments. There are also expert models, which combine expert 

judgment and probabilistic techniques e.g. making use of Bayesian probability. They 

express qualitative knowledge in a quantitative manner that enables the modeler to 

determine where given land uses are likely to occur. Hybrid models combine 

statistical techniques with cellular models, such as the CLUE-S (Veldkamp and 

Fresco, 1996). 

 

2.5.3.3 Land cover change scenarios 

Most LULC change scenarios are developed to evaluate the environmental 

consequences of different earth systems, agricultural and forestry policies, and food 

security although the changes are specified as aggregated amounts. Some land cover 

scenarios are hypothetical for the sole purpose of testing the response of a 

catchment under different or specific LULC types. Different LULC change scenario 

studies apply very different methods. Most of them are based on scenarios from 

regression or process-based models. In the global agricultural land-use study of 

Alexandratos (1995), such models are combined with expert judgment for review of 

the model-based scenarios. If these scenarios are deemed inconsistent with known 

trends or likely developments, they are modified until a satisfactory solution emerges 

for all regions. A scenario developed for a short time horizon is usually considered 

appropriate. Available evidence suggests that expert reviews of longer-term 

scenarios tend to be conservative, underestimating emerging developments 

(Rabbinge and van Oijen, 1997). 

 

Another method is a crude approximation of LULC change by simply using a linear 

change in land use over time between two land cover states. This approach would 

account only for the temporal dimension of change without addressing the 

distribution in space. It is important to capture the spatial element of LULC change, 

as it is critical to effective hydrologic modeling.  

 

Temporal scales of LULC models are defined in terms of time step and duration. Time 

step is the smallest temporal unit of analysis for change to occur for a specific 

process in a model, while duration is the length of time that the model is applied. 

There is no typical time scale considered in LULC scenario development. There is a 

wide range of temporal scales, from less than a day to more than 100 years (Agarwal 
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et. al., 2002). In any future prediction, there is always a degree of associated 

uncertainty, because the future cannot be validated. However, methods such as 

those that make use of Monte Carlo simulations to project future scenarios can be 

used to try and quantify uncertainty. For example, cells in a grid map that are 

consistently predicted to be of a certain land cover/land use would have a lower 

uncertainty that those predicted to be of that same type in one or a few of the Monte 

Carlo simulations. LULC changes do not always occur in a progressive and gradual 

way. Sometimes there may be periods of rapid and abrupt change which may be 

followed by a quick recovery of ecosystems or by a non-equilibrium trajectory 

(Lambin et. al., 2003). These spatial and temporal scales of change, with interactions 

between drivers of change (both climate and anthropogenic), are a significant source 

of complexity and uncertainty in the assessment and projection of LULC changes. 

 

2.6 Climate variability and change 

2.6.1 Introduction 

The term “climate change” refers to any change in climate over time, whether due to 

natural causes or as a result of human activities (IPCC, 2001). The subject on climate 

change has in the recent past attracted the attention of researchers in different fields 

ranging from engineering, physical science, to social science and politics. There is 

evidence that most of the warming observed over the last 50 years is attributable to 

human activities (IPCC, 2001). Human activities such as the usage of fossil fuels, 

changes in land use (e.g. deforestation), agriculture and industrial activities 

contribute to the emissions of greenhouse gasses thereby increasing the 

concentration of greenhouse gases in the atmosphere. Impacts of climate change 

observed around the world include among others the increase in surface 

temperature, sea-level rise, changes in precipitation and decreased in snow cover 

(IPCC, 2001). These impacts would in turn impact on other issues such as industry, 

human health, shortage of water supply, biodiversity and ecosystem. There has been 

a lot of literature on climate and land cover change impacts on water resources (e.g. 

Bouraoui et al., 1999; Hernandez et al. 2000; Fontaine et al., 2001; Fohrer, et al., 

2001; De Roo et al., 2001; Ren et al., 2002; Krause, 2002; Niehoff et al, 2002; 

Legesse et al., 2003; Eckhardt et al., 2003). These and many more other studies 

show the importance of linkages between landuse/landcover, climate change and 

hydrological regimes and how these impact on the water resources. Climate affects 

all aspects of the hydrologic cycle namely rainfall, runoff and evaporation Changes in 
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these components in turn affect the water availability and variability worldwide. Thus 

a change in climate is likely to affect water supplies and demands as well as 

ecosystems, migration of population which would pose significant social, economical 

and political problems. 

 

One of the basic uncertainties concerning the assessment of future water resource 

availability and supply is the issue of climate variability and potential climate change. 

An often used approach to estimate the effects of climate variability on water 

resources is through the use of hydrologic models. It is generally accepted that such 

models should account for soil moisture. They should also have estimates of plant 

growth and evapotranspiration that are responsive to changes in soil moisture and 

climatic variables such as rainfall and temperature. One such model is the SWAT 

which has been used in this study.  

 

The assessment of impacts of climate change on the water resource management 

systems is complicated by the coarse spatial resolution of climate change predictions. 

In Africa, relatively little work has been carried with regard to potential impacts of 

climate change on water resource management systems. Even in the absence of 

climate change, water resources in Africa are predicted to come under extreme 

pressure during the next half century. Changes in water availability due to global 

warming add further pressure on the adaptability of the water systems. The 

challenge for water managers is how water resource management systems will cope 

with increased variability and decreased availability over time, including the impacts 

of climate change.  

 

2.6.2 Climate change and related impacts 

There are many different ways in which climate change may affect catchment 

behaviour, such as changes in rainfall totals, locations, seasonality and intensity, 

effects on temperatures, radiation and evaporation (Roberts, 1998), and effects on 

drainage density (Moglen et al., 1998). There are indications that the frequency of 

heavy rainfall events is likely to increase (IPCC, 2001), and studies have shown that 

variability is expected to increase with changes in monthly totals greater than annual 

change (Arnell and Reynard, 1996). However, in general, it is difficult to quantify 

these effects as they occur at higher resolutions in space and time than can be 
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predicted by a GCM (Arnell and Reynard, 1996; Sefton and Boorman, 1997). Some of 

the effects and impacts of climate change on water resources (IPCC, 2001) include; 

 

i) Changes in variability, spatial patterns and seasonality of precipitation and 

changes in temperature will have the effect of changing the soil moisture, 

river runoff and groundwater recharge, peak runoff and basin hydrology. 

These will consequently cause changes in projected yield of reservoir 

systems, water quality, water supply infrastructure, requirement of storage in 

water supply systems. 

ii) Changes in sea level rise will cause loss of land due to saline intrusion into 

coastal aquifers and movement of salt-front estuaries affecting freshwater 

abstraction points. This implies reduced water quality and ground water 

abstractions. 

iii) Increased photosynthesis, reduced transpiration due to CO2 enrichment, 

leading to increased water use efficiency. 

iv) Factors leading to changes in water yields and high stress on water delivery 

systems include; faster plant growth, increased evaporation from lakes and 

reservoirs, reduced runoff and reduced groundwater recharge, higher 

demand for water for irrigation, bathing and cooling due to increased 

temperatures.  

v) Changes in drought and flood hazards will cause changes in seasonal water 

replenishment, risk in flood plains and the areas affected.  These will alter 

risks for water resources and reservoir operations. 

 

Climate model projections with a transient 1% annual increase in greenhouse gas 

emissions show an increase in the global mean near-surface air temperature of 1.4 to 

5.8°C, with a 95% probability interval of 1.7 to 4.9°C by 2100 (IPCC, 2001). This is 

likely to lead to a more vigorous hydrological cycle, with changes in precipitation and 

evapotranspiration rates that are regionally variable. These changes will in turn affect 

water availability and runoff and thus may affect the discharge regime of rivers.  

 

Climate change and land use affect each other. While it is true that climate change 

impacts on land use and the ecosystem as a whole, it is also true that land use 

activity contributes to climate change. Land uses such as deforestation may affect 

regional climate change, ecosystems and water resources to a similar or greater 

extent than would global climate change (Stohlgren et. al., 1998). Land cover effects 
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on climate could be as a result of changes in temperature, humidity, rainfall etc., 

attributed to changes in vegetation characteristics e.g. albedo, leaf area, fractional 

coverage etc. A study by Stohlgren et. al. (1998) concluded that there is increasing 

evidence that local climate may change due to changes in vegetation and leaf area 

index associated with land use practices e.g. deforestation, agriculture and grazing. 

Dale (1997) discusses the effects of land cover changes on climate and how land 

cover patterns can directly impact energy and mass fluxes e.g. when large areas of 

forest are cleared, reduced evapotranspiration results in less cloud formation, less 

rainfall and increased drying. On the other hand, land cover characteristics influence 

surface temperature and latent heat flux, and contrasting characteristics of adjacent 

land cover types can induce convection that enhances cloud formation and 

precipitation.  

 

2.6.3 Climate change in Kenya 

Kenya is considered a water scarce country with about 647m3/cap/year. This would 

stand at 150m3/cap/year in 2050 without climate change, and between 210-250 

m3/cap/year under a range of climate change scenarios, (Watson et al., 1996). The 

World Bank bench mark for water scarcity is 1000m3/cap/year and this indicates the 

extent of the future crisis in water availability in Kenya. According to one HADCM2 

scenario, simulations of climate change in Africa indicate that Kenya will be about 

1.4oC warmer by the year 2050 (about 0.2oC/decade), (Ringius et. al., 1996). This 

scenario follows IPCC scenario IS95a which assumes little direct policy intervention 

globally to restrict greenhouse gas emissions and mid-range settings for all model 

parameters. It also shows annual rainfall increases of 20% by 2050 throughout the 

country especially in the highlands. The north and west of the country however may 

experience smaller increases of about 5%. Potential evapotranspiration (PET) is 

expected to increase throughout the region by 10% due to the increase in 

temperature, and about 15% with the inclusion of other climatic changes and 

changes in the plant physiological characteristics in a CO2 enriched environment. This 

scenario of climate change implies favourable changes in the water resources for 

Kenya. Due to the increases in annual rainfall in the 2050s, runoff would increase 

across the entire country, with much of it 50% above the 1961-1990 levels (Ringius 

et. al., 1996). In the extreme west of the country and around Lake Victoria increases 

may be quite small.  
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2.6.4 Climate change uncertainty 

One of the major challenges both for climate modellers and users of climate change 

information is how to deal with uncertainty. Sources of uncertainty, which are not 

exclusive to climate change, are numerous, such as lack of information or 

knowledge, natural variability and processes that are essentially unpredictable. In 

climate change, rather than adopting a best or worst case scenario or an average of 

scenarios, it is commonly preferred to use a set of alternative scenarios and also 

from different GCMs. This helps to explore a whole range of plausible scenarios, thus 

addressing the uncertainty of climate change and its impacts in a more effective way. 

Accurate predictions will never be achieved given the complexity of the earth-ocean-

atmosphere processes coupled to greenhouse gas emissions, land surface 

modifications and some feedback mechanisms which cannot be adequately modelled. 

 

2.6.5 GCM Climate change scenarios 

Hydrologic models have been used to investigate the relationship between climate 

and water resources (e.g. Dvorak et al., 1997, Pao-Shan Yu et al., 2002, Miller et al., 

2003, among many others). GCMs and regional climate models (RCMs) are important 

tools and are preferred for use in the assessment of impacts of climate change. The 

RCMs have a higher resolution than GCMs and are constructed for limited areas. 

Local climate change is influenced greatly by local features such as mountains, which 

are not well represented in GCMs because of their coarse resolution. Thus, RCMs may 

provide more credible information on climate change than GCMs, especially in regions 

with very heterogeneous terrain, but would still contain the uncertainties inherent in 

GCMs. This is because they are constrained by boundary conditions of GCMs in which 

they are nested. In the developing countries, regional climate data from RCMs is not 

readily available and is only at the early stages of development. 

 

One of the methods used for scenario generation is to estimate average annual 

changes in precipitation and temperature using one or more GCMs, and then use 

these estimates to adjust the observed time series of precipitation and temperature. 

Hypothetical scenarios using personal estimates or historical measurements of 

change, instead of GCM results, can also be generated using this procedure. One 

difficulty in this approach is that of maintaining consistency in adjusting variable by 

variable or a combination of variables. The other disadvantage of this approach is 

that it accounts only for changes in the mean of the time series and that it does not 
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provide for a change in the variance. Changes in variability are important in 

determining the frequency of extreme climate events (Katz and Brown, 1992). 

Precipitation and temperature change fields imposed on the historical time series is 

one of the approaches used by IPCC for impact assessment (IPCC, 2001). 

Incremental changes as well as changes in variance of the time series have been 

implemented in some hydrologic assessments by varying precipitation and 

temperature changes on a monthly basis (Gleick, (1987), Bultot et al., (1988), 

Arnell, (1992), McCabe and Hay (1995), Chiew et al., (1995), Avila et al., (1996), 

Arnell and Reynard (1996), Singh and Kumar (1997), Müller et al., (2000), 

Middelkoop et al., (2001), Miller et al., (2003), among many others).  

 

Other methods of creating climate change scenarios use techniques of downscaling 

GCM outputs, such as regression methods (e.g., Kim et al., 1984; von Storch et al., 

1993); weather pattern-based approaches (e.g., Wilby, 1995); and stochastic 

weather generators (e.g., Wilks, 1992; Katz, 1996, Semenov and Barrow, 1997). 

Downscaling of climate information from GCMs is an important exercise for 

hydrologic modeling which requires input data at high spatial and temporal 

resolutions. Also, use of outputs from RCMs nested within GCM is also preferred 

because its resolution is much closer to that of landscape-scale hydrology.  The 

challenge is that the RCMs require considerable computing resources.  
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CHAPTER 3 

STUDY AREA AND DATA 

3 STUDY AREA AND DATA 

3.1 Study area 

The study area (Fig. 3.1) is Nzoia River catchment in western Kenya in the Lake 

Victoria basin, and lies between latitudes 1º 30’N and 0º 05’S and longitudes 34º and 

35º 45’E.  

 

 

 

Fig. 3.1: Nzoia Catchment (1.5oN - 0.5oS and 34oE - 35.75oE) 

 

Nzoia River contributes enormously to the shared waters of Lake Victoria. The 

average annual discharge is about 1740 x 106 m3. It has a catchment area of 12,709 

km2, and a length of 334 km up to its mouth draining into Lake Victoria. It originates 

from Cherangani Hills at a mean elevation of 2300 m above sea level and drains into 

Lake Victoria at an altitude of 1100 m. Brief descriptions of certain features in the 

study region are given below. 

 

i. Climate 

The climate of the catchment is mainly tropical humid, with average temperatures 

ranging from 16ºC in the highlands to 28º C in the lower semi-arid areas. The mean 
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annual rainfall varies from a minimum of 1076 mm in the lowlands to a maximum of 

2235 mm in the highlands. The potential evapotranspiration within the catchment 

decreases with increasing altitude, and in some months it exceeds rainfall. Fig. 3.2 

shows the mean monthly temperatures while Fig. 3.3 shows monthly rainfall and 

potential evapotranspiration, for selected stations in the catchment respectively. The 

lowest temperature occurs in the months June to August and this coincides with the 

lowest evapotranspiration amounts. Generally in the drier months, the 

evapotranspiration exceeds rainfall amounts. The evapotranspiration however does 

not vary as much as rainfall in a given year. 

 

The area experiences four seasons in a year as a result of the inter-tropical 

convergence zone (ITCZ). There are two rainy seasons and two dry seasons, namely, 

long rains (March to May) and the short rains (October to December) associated with 

ITCZ. There is no distinctive dry season but relative to the rainy seasons, the dry 

seasons occur in the months of January to February and in some parts, June to 

September (Fig. 3.4). The local relief and influences of the Lake Victoria also modify 

the regular weather pattern and a third rainfall peak in the months June to August is 

experienced. The ITCZ has a rather complex structure over the East Africa region 

that consists of the zonal and meriodional arms. The double passage of the zonal arm 

is associated with the long and short rainfall season during which a large portion of 

the annual rainfall total is received. On the other hand, the meriodional arm 

fluctuates from east to west and vice versa, with the easternmost extent noted in 

July and August. The rainfall received over the western highlands of Kenya during 

these months is associated with this arm (Okoola, 1996). 
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Fig. 3.2: Mean monthly temperature in Nzoia catchment for selected stations 
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Fig. 3.3: Monthly rainfall and potential evapotranspiration for selected stations within 

the Nzoia catchment 
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Fig. 3.4: Monthly rainfall for selected rainfall stations in Nzoia catchment 
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cont…   Fig.3.4: Monthly rainfall for selected rainfall stations in Nzoia catchment 

 

ii. Land use/Land cover 

Fig. 3.5 shows the land use/cover classes over the study region (derived from 

Landsat satellite image, 2000/2001). The dominant land use in the region is 

agriculture and the main food crops include maize, sorghum, millet, bananas, 

groundnuts, beans, potatoes, and cassava while the cash crops consist of coffee, 

sugar cane, tea, wheat, rice, sunflower and horticultural crops. Dairy farming is also 

practiced together with traditional livestock keeping. The catchment provides water 

for domestic, (rural and urban water supply), agriculture, industrial and commercial 

sectors. Other data pertaining to crop parameters were obtained from various 

sources such as Acland, 1977, Fischer et al., 1991 and Kassam et al., 1991. 
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Fig. 3.5: Major land use/cover classes 

 

iii. Soil 

Fig. 3.6 shows the dominant soil types in Nzoia catchment. 

 

Fig. 3.6: Major soils of the Nzoia catchment (KENSOTER Soil data) 

 

The catchment is characterized by clay (77%), loamy (9%) and sandy (14%) types 

of soils. The specific types are ferralsol (well drained soil found mostly on level to 

undulating land), acrisol (clay-rich soils, associated with humid tropical climates and 
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supports forestry) and nitisol (deep, well-drained, red, tropical soils found mostly in 

the highlands) which occupy more than 75% of the catchment. 

 

3.2 Data collection and quality control 

The hydrologist as a modeler is often faced with challenges brought about by 

limitations in availability of good field data sets. It is impractical to collect 

comprehensive data on all hydrological variables at time-scales appropriate to 

catchment-scale processes. Yet even with these difficulties, such information is vital 

in order to understand catchment behavior and response to hydrological events. Data 

used in this research was collected from various institutions and agencies while some 

were downloaded from the World Wide Web. These included hydro-meteorological 

data, soil, land cover, digital elevation model (DEM), and satellite imagery. Quality 

control was done by use of graphical, statistical and ground-truthing methods. 

 

3.2.1 Hydro-meteorological data 

The hydro-meteorological data were obtained from the Kenya Meteorological 

Department and the Ministry of Irrigation and Water Resources. These are daily 

streamflow, rainfall, maximum and minimum temperature; and mean monthly 

radiation, wind speed and relative humidity. Some of the stations however had few 

data because of missing values. The data was screened for homogeneity using 

cumulative-mass plots and double-mass plots, and possible outliers that could be 

attributed to errors in transcribing the data. Trend analysis and changes in the slope 

were examined in detail using the Seasonal Kendall method. A total of 14 rainfall 

stations (1962-2004), 3 temperature stations (1978-2003) and 2 river gauging 

stations (1966-1998) were considered (Fig 3.1). Rainfall stations with more than one 

year missing were left out. Also, according to World meteorological organization 

(WMO) standard, it is not recommended to fill more than 10% of missing data. Due 

to scarcity of data, a threshold of 15% was used. The time series of rainfall and 

streamflow are given in Fig. 3.7 and 3.8 while the mean monthly values are given in 

APPENDIX B (Table B.2). Missing data (less than seven consecutive days) in 

streamflow were filled using the ordinary least squares (OLS) and the Maintenance of 

Variance Extension Type 1 (MOVE.1) methods (Helsel and Hirsch, 1992). This 

method has been applied for record extension/augmentation because it preserves or 

maintains the variance of the observed record. The MOVE.1 equation is given as: 
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where, 

Xi is the known logarithm of the streamflow at station X 

Yi is the logarithm of the streamflow value to be calculated at station Y 

Y and X  are the means of logarithm of streamflow at stations Y and X respectively 

Sy and Sx are the standard deviation of logarithm of streamflow at stations Y and X 

respectively 

 

 

 

Fig. 3.7: Annual rainfall in Nzoia catchment for selected stations 
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cont…    Fig.3.7: Annual rainfall in Nzoia catchment for selected stations 
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Fig. 3.8: Daily streamflow in Nzoia catchment for the upstream and downstream 

stations 

 

3.2.2 Soil data 

Soil data was obtained from the Kenya Soil and Terrain (KENSOTER) database at a 

scale of 1:1000000 that was compiled by the Kenya Soil Survey (KSS) with support 

from the International Soil Resource and Information Center (ISRIC). Most of the 

databases are compiled using uniform methods according to FAO (1988) 

classification. The data are grouped by geographic scope (global, regional, and 

national) and also by themes (soil profile data, soil geographic data, soil degradation 

status, soil conservation approaches). The textural classes are grouped into five 

classes: coarse (C), medium (M), medium-fine (Z), fine (F) and very fine (V). The 

soil parameter estimates and associated soil analytical data were derived from soil 

survey reports.  These data can be found on the website 

 http://www.isric.org/UK/About+Soils/Soil+data/. 
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The data is provided in shapefiles and is accompanied by database files that can be 

processed using spreadsheets. Parameters in these data files include: organic 

carbon, total nitrogen, soil reaction (pH), cation exchange capacity (CEC), base 

saturation (as % of CEC), aluminum saturation (as % of effective CEC), CaCO3 

content, gypsum content, exchangeable sodium percentage, electrical conductivity of 

saturated paste, bulk density, sand, silt clay, (mass %) content of coarse fragments 

(>2 mm), available water capacity (-33 to -1500 kPa), landform, lithology, drainage 

class, and depth of layer. These attributes are considered important for various uses 

such as agro-ecological zoning, land evaluation, crop growth simulation, modeling of 

soil carbon stocks and change, and analyses of global environmental change. 

However, only a few of these soil parameters are required for this research. These 

data do not have all the physical attributes e.g. saturated hydraulic conductivity. 

Thus, gaps were filled using pedotransfer functions in the program ROSETTA 

(Schaap, 1999). The program ROSETTA uses the Mualem-van Genuchten model (van 

Genuchten, 1980; Schaap and Leij, 2000) to estimate saturated hydraulic 

conductivity, Ks. One of the models incorporated in the program and which has been 

used in this study makes use of sand, silt and clay percentages, and bulk density to 

estimate Ks (APPENDIX B, Table B.3). 

 

3.2.3 Land cover data 

The land cover data was obtained from the FAO-Africover project for the year 1999. 

This data set is useful for the development of information on natural resources 

required for uses in early warning, food security, agriculture, disaster prevention and 

management, forest and rangeland monitoring, environmental planning, watershed 

catchments management, biodiversity studies, climate change modeling, etc. It was 

used in this study to verify the land cover classification for the year 2000/2001 which 

was used to generate land cover change scenarios for use in impact assessment. It 

can be obtained from the website http://www.africover.org/index.htm. 

 

3.2.4 Digital elevation model 

Topographic data and its derived physical characteristics are widely used in many 

environmental modeling applications. In hydrologic modeling, high-resolution 

spatially distributed elevation data is required. Before the Shuttle Radar Topography 

Mission (SRTM), other elevation data sets such as GLOBE (Hastings and Dunbar, 

1998) and GTOPO30 (U.S. Geological Survey, 1999) had a comparatively coarse 
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spatial resolution of 1 km2, which is often considered insufficient for hydrologic 

modeling at smaller scales. The SRTM DEM data have a 90 by 90 m ground 

resolution and a vertical resolution that varies from 16 to 10 meters. This DEM has 

been used in this study to provide the physical characteristics of the study area that 

are required for hydrological modeling. 

 

Some studies have analyzed the quality of the SRTM data in general, (Sun et al., 

2003; Smith and Sandwell, 2003; Kocak et. al., 2005). Ludwig and Schneider (2006) 

assessed the general quality of the SRTM data to evaluate their potential for 

hydrologic modeling in Southern Germany. They reached the conclusion that 

although SRTM data partially show low accuracy in mountainous terrain primarily due 

to radar shadow effects, the overall quality of the data sets is sufficient for hydrologic 

model applications in mesoscale areas. Jarvis et al., (2004) concluded that for 

hydrological modeling SRTM DEM performs well, but that better results can be 

expected through digitizing and interpolating cartographic data of scale 1:25,000 and 

below if these are available. In this study the SRTM DEM was used to derive the 

catchment characteristics required by the model as it performed better in deriving 

the stream network than the 1 km USGS DEM. The SRTM DEM derived stream 

network was verified against digitized stream network from satellite imagery and 

other published work. It was found that this DEM however was not able to derive the 

stream network for the fairly flat landscape.  

 

3.2.5 Satellite imagery 

Satellite imagery was obtained from the Global Land Cover Facility (GLCF), University 

of Maryland, USA (see APPENDIX B, Tables B.5-7 for a description of the sensors, 

images and the spectral bands). There are other higher resolution imageries such as 

SPOT, IKONOS etc. that can provide more detailed land cover. However, for this 

study LANDSAT imagery (Landsat MSS-1973, TM-1986/1988 and ETM-2000/2001) 

was chosen as it provides just the necessary detail required (high-quality, moderate-

resolution) and at no cost. Landsat MSS imagery is in four channels (2 visible, 2 

near-infrared) at 57m resolution. Landsat Thematic Mapper (TM) imagery provides 

seven multispectral channels (3 visible, 1 near-infrared, 2 mid-infrared, 1 thermal-

infrared) at 28.5m resolution (120m resolution for the thermal-infrared band). 

Enhanced Thematic Mapper Plus (ETM+) (similar to Landsat TM) but adds an extra 

15-meter resolution panchromatic band and improved resolution for the thermal-
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infrared band (60-meters)). Details of the types of images LANDSAT images can be 

obtained from the websites;  

http://glcfapp.umiacs.umd.edu:8080/esdi/index.jsp  http://www.landsat.org/.  
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CHAPTER 4 

STATISTICAL AND TREND ANALYSIS OF HYDRO-

METEOROLOGICAL DATA 

4 STATISTICAL AND TREND ANALYSIS OF HYDRO-METEOROLOGICAL DATA 

4.1 Introduction 

Hydro-meteorological time series almost always exhibit seasonality due to the 

periodicity of the weather. In Kenya, this arises greatly from seasonal variations in 

precipitation volume, as well as the rate of evapotranspiration. For observed data 

that exhibit high seasonality, methods to analyze trends should be those that 

incorporate the seasonal component. River discharge is known to reflect an 

integrated response of the entire river basin while rainfall serves as one of the major 

input into the runoff processes. This chapter examines the hydro-meteorological 

changes in space and time that have taken place and whether or not they are 

significant. 

 

4.2 Methodology 

Spatial differences in streamflow trends can occur as a result of spatial differences in 

the changes in rainfall and temperature, and spatial differences in the catchment 

characteristics that translate meteorological inputs into hydrological response (Burn 

and Elnur, 2002). Here, we look at river discharge and rainfall in the Nzoia 

catchment: two river gauging stations, 1DD01A (upstream) and 1EE01 

(downstream), 14 rainfall stations and three temperature stations (see Chapter 3 for 

the graphical time series of these hydro-meteorological variables). This analysis 

seeks to determine if their values generally increase or decrease and to quantify the 

amount or rate of change, in terms of changes in the median as a central value. The 

Seasonal Kendall method, a non-parametric test, is used here for trend analysis 

because there are very few underlying assumptions about the structure of the data, 

making it robust against departures from normality (Helsel and Hirsch, 1992). In 

addition, the use of ranks rather than actual values makes it insensitive to outliers 

and missing values. Hirsch, et al., (1982) suggest that the Seasonal Kendall, a non-

parametric test, is preferred to the simple or seasonal regression tests when data are 

skewed, cyclic and serially correlated. The rainfall stations selected for analysis were 
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based on a long record of data (>30yrs) for validity of the time series and trend 

analysis results.  

 

One factor that would influence the determination of trends is the existence of long-

term persistence in the hydro-meteorological time series. If a time series exhibits 

long-term persistence, any determination of trends would be dependent on the 

period of analysis for short records of data. A time series may have local trends at 

short time periods while in the longer time series, these local trends become cycles 

of various frequencies. Generally, if there is a significant correlation at long lags then 

a process is considered to exhibit long-memory, dependence or persistence. This 

long-term persistence can be estimated by a coefficient "H" known as the Hurst 

coefficient (Karagiannis et al., 2004). A random process has H=0.5 while a value 

greater than 0.5 indicates weak to strong persistence. The detrended fluctuation 

analysis (DFA), (Kantelhardt et. al., 2001), method was also used to check for long-

term persistence. However, long-term persistence may be easy to observe in a time 

series plot, provided that the time series is long enough. 

   

i) The Seasonal Kendall Test 

The Seasonal Kendall test (Hirsch et al., 1982) accounts for seasonality by computing 

the Mann-Kendall test on each of m seasons (in our case, m represents months) 

separately, and then combining the results. This means that January data are 

compared only with January, February only with February, etc. No comparisons are 

made across season boundaries. The Kendall statistic S for each month Si, is 

summed over the years to form the overall statistic Sk. 

 

∑=
=

m

1i
ik SS   m=1,..., 12                    Eq. 4-1 

 

Considering the variable Y, (in this case rainfall and streamflow) and time T, Si is 

calculated using the equation: 

 

MPS iii −=                               Eq. 4-2 

 

where  P = the number of times the Y's increase as the T's increase,  

M = the number of times the Y's decrease as the T's increase,  
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When the product of number of seasons and number of years is more than about 25, 

(Helsel and Hirsch, 1992), the distribution of Sk can be approximated quite well by a 

normal distribution with expectation (µSk) equal to the sum of the expectations of the 

individual Si under the null hypothesis, and variance equal to the sum of their 

variances. Sk is standardized using (Eq. 4.3) and the result, ZSk, is evaluated against 

a table of the standard normal distribution. 
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=                                 Eq. 4-4 

n = number of data in a given season. 

ti = the number of ties of extent i 

 

A large sample approximation is used to estimate p-values by assuming that the 

distribution of the test statistic (standardized ZSk) can be approximated by the 

normal distribution. The Zcrit value i.e. the value of the standard normal distribution 

at a chosen probability of exceedance of α /2, is determined from standard normal 

distribution tables. The p-value i.e. the probability of observing a Z-statistic greater 

than Zcrit is calculated from the standard normal distribution tables and the null 

hypothesis is rejected at significance level α  if p<p(Zcrit). 

 

An estimate of the trend slope β  for Y over time T is computed as the median of all 

slopes between data pairs within the same season, where β  is given by  

⎥
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Therefore no cross-season slopes contribute to the overall estimate of the Seasonal 

Kendall trend slope. All possible slopes N, where N=n(n-1)/2, within each season are 

calculated with the median slope being the Seasonal Kendall slope. 

 

ii) Long-term persistence in hydro-climatic time series 

Long-term persistence (LTP) measures the memory of a process. Sometimes in a 

time series distant events may be correlated. It has been a common practice to 

estimate trends in the time series data and then subtract these trends from the time 

series to obtain a ‘detrended’ time series, which is finally used in the analyses. This is 

in contrast to the Hurst phenomenon because the trends are in fact large scale 

fluctuations. The local trends at short time periods may be cycles of various 

frequencies in the long term. 

 

The strength of the LTP can be quantified by the Hurst exponent (H) (Karagiannis et 

al., 2004). Various estimators can be used to investigate the power-law relationship 

between a specific statistical property in a time series and the time-aggregation block 

size, say m.  LTP exists if the specific property versus m is a straight line when 

plotted in log-log scale. This straight line’s slope is an estimate of the Hurst 

exponent, and the line’s slope is such that 0.5<H< 1 if the time series exhibits LTP. 

The closer H is to 1, the stronger is the dependence of the process. Using the 

detrended fluctuation analysis (DFA), (Kantelhardt et. al., 2001), the DFA exponent 

α, is such that α=0.5 for uncorrelated data, while α> 0.5 indicates long-range 

correlations. 

 

Three commonly used methods to determine long-term persistence were used in this 

study. These are the aggregated variance, re-scaled range (R/S) and detrended 

fluctuation analysis (DFA) methods.  

 

i. Variance method (Clegg, 2005) 

Consider the original time series Xt with N data points. A time series.  Xn is derived 

from Xt by aggregating it over blocks of size m. The sample variance σ(Xn) is 

asymptotically proportional to m2H-2. The log-log plot of the sample variance versus 

the aggregation level is a straight line with slope β equal to 2H-2, i.e. H=1 + β/2. 
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ii. R/S method (Weron, 2002) 

Consider the original time series Xt with N data points. For subsets of this time 

series with k data points, xn, n = 1,…,k, the mean, µk and variance, σk are 

calculated. The running sum, ym, relative to the mean, is computed as: 

 

( )∑ = −= m
1n µkxnym          Eq. 4-6 

 

The range Rk, and dispersion Sk, and are calculated as: 

Rk=maxmym - minmym                  Eq. 4-7 

Sk= (σk)0.5                    Eq. 4-8 

 

Finally, the ratio Rk/Sk, is determined. For successive subintervals, k of N, the ratio, 

R/S is computed. For k = N/q, the data set is divided into q parts and the quantity 

Rk/Sk is computed q times leading to an average R/S ratio. For a self-affine time 

series,  

 

ck~(R/S) H
k            Eq. 4-9 

where H is the Hurst exponent. 

 

Thus, a log-log plot of the (R/S)k statistic versus the number of points of the 

aggregated series should be a straight line with the slope being an estimation of the 

Hurst exponent. 

 

log(R/S)k = log c + H log k               Eq. 4-10 

 

iii. Detrended fluctuation analysis (Kantelhardt et. al., 2001) 

Often, hydro-climatic time series are affected by non-stationarities. The Hurst 

rescaled-range analysis presented above and other non-detrending methods are 

appropriate for time series that are long and do not involve trends. If trends are 

present in the data, they might give false indications of long-term persistence. 

Detrended fluctuation analysis (DFA) is a well-established method for determining 

the behavior of data in the presence of trends without knowing their origin and 

shape.  

 

Consider a time series Xt of i = 1, . . . ,N equidistant measurements.  
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The mean of Xt is subtracted from the time series to give a new series.  Correlations 

between x-values in the time series separated by a given time step (s), are defined 

by the autocorrelation function. For long-range correlations of a time series with 

values separated by s steps the autocorrelation function C(s) declines as a power-

law, 

  

λ-s α C(s)                  Eq. 4-11 

 

with an exponent 0<λ<1. Due to noise in the time series and underlying trends, a 

direct calculation of C(s) is usually not appropriate and thus has to be determined 

indirectly.  

 

The DFA procedure consists of four steps namely: 

i) The mean of Xt is subtracted from the time series to give a new series Y. 

ii) The series Yt is integrated and divided into n non-overlapping segments of 

equal length k. The total record length N may not be a multiple of the 

considered time scale k, and a short part at the end of the series will remain 

in most cases. In order not to disregard this part of the record, the same 

procedure is repeated starting from the other end of the record. Thus, 2n 

segments in total are obtained. 

iii) The local trend is calculated for each segment by a least-square fit of the 

data. The detrended time series for segment duration k, denoted by Y’k, is 

calculated as the difference between the original time series and the least 

square’s fit. Here, the linear fit was used to define the local trend. 

iv) The variance, F2, of the detrended time series is calculated by averaging over 

all data points i in the vth segment. The square root of the average variance 

over all segments is calculated to obtain the DFA fluctuation function, F.  
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λ/21k~F(k) −   where,  λ/21α −=                 Eq. 4-14 
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A plot F(k) as a function of k on double logarithmic scales measures α 

by a linear fit. For uncorrelated or short-range correlated data, it is expected that  

α=0.5, while α> 0.5 indicates long-range correlations. 

 

4.3 Results and Discussion 

4.3.1 Trend analysis of rainfall and temperature 

The daily rainfall data for the period 1962-2004 was aggregated into monthly totals 

and these were analyzed for trend. The daily temperature data analyzed was of a 

shorter period (1978-2003) and the results are presented in Table 4.1.  

 

Table 4.1: Slopes and trend for a) monthly rainfall (1962-2004), and b) temperature 

(1978-2003) using the Seasonal Kendall method 

a) Rainfall 

Station ID Slope (mm/year) p-value Z-value 

8834013 0.05 0.678 0.416 

8835039 0.72 0.000 3.923 

8934008 0.02 0.916 0.106 

8934059 0.21 0.556 0.588 

8934060 0.60 0.034 2.119 

8934119 -0.44 0.179 -1.345 

8934130 -0.24 0.418 -0.810 

8934134 -1.07 0.000 -3.584 

8934139 0.16 0.540 0.613 

8935010 0.55 0.079 1.755 

8935133 0.06 0.716 0.364 

8935158 0.14 0.399 0.843 

8935170 0.48 0.068 1.828 

8934028 -0.82 0.001 -3.349 

 

b) Temperature 

Station ID Slope (oC/decade) p-value Z-value 

8934096 0.79 0.002 3.171 

8834098 0.32 0.035 2.105 

8935003 0.21 0.077 1.770 
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Trend analysis was carried out on monthly rainfall. Out of a total of 14 stations, four 

have shown significant trends at 5% significance level. Two of these stations have 

shown an increasing trend and are located in the north and northwest part of the 

catchment. The other two have shown a decreasing trend and are found in the 

middle-to-the south part of the catchment. Of particular interest is that out of 10 

rainfall stations that show an increasing trend, eight are located in the highland 

areas. The lower catchment receives much less rainfall and some stations exhibit 

decreasing rainfall trends. The variation of trends on a monthly basis is shown in Fig 

4.1. The months May to September and December show decreasing amounts, 

although not statistically significant. It has not however been established whether or 

not the observed trends can be attributed to human activities or whether they have 

been caused by natural climatic factors. Temperature shows increasing trends with 

higher increases in the lowlands (0.79oC/decade) than in the highlands 

(0.21oC/decade). A regional Kendall analysis on annual rainfall over the entire 

catchment gives a median trend of 2.3 mm/year in the period 1962-2004, although 

this was not statistically significant. 

 

4.3.2 Trend analysis of streamflow 

The data was analyzed for the period 1966-1998 (1DD01A-upstream) and 1966-1985 

(1EE01-downstream). The summary statistics (the mean, standard deviation (SD), 

minimum, maximum, median, skewness, kurtosis and coefficient of variation (CV)) 

are given in Table 4.2. The confidence intervals of the median slope were computed 

at α=0.05, considering the two-sided confidence interval about the slope estimate.  

 

For large-sample approximation the critical value Z α /2 from a table of standard 

normal quantiles determines the upper and lower ranks of the slopes corresponding 

to the ends of the confidence interval (Helsel and Hirsch, 1992). The value of Z at α 

=0.05 is 1.96. Using Eq. 4-7 and 4-8, Ml and Mu are calculated as  

 

2
σ*1.96NM sk

l
−

=                 Eq. 4-15 

2
σ*1.96NM sk

u
+

=                        Eq. 4-16 

where N is the total number of slope estimates and σsk as given in Eq. 4-4. The lower 

and upper limits of the confidence interval of the slope are the Ml
th and the (Mu+1)th 
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ranks of the N ordered slope estimates. The slope is shown to be statistically 

different from zero if zero does not exist within the two-sided confidence interval 

about the median slope estimate. 

 

The slope estimator shows an annual increase of 3.9 m3/s for the upstream station 

and a decrease of 9.4 m3/s for the downstream station (Table 4.3). The p-values 0.5 

and 0.2, for 1DD01A and 1EE01 respectively, obtained against the null hypothesis of 

no trend show that there is no significant trend. 

 

Table 4.2: Annual mean streamflow statistics (Units of flow: m3/s) 

  Mean SD Minimum Median Maximum Skewness Kurtosis CV 

Upstream 1000 401 431 1064 1825 0.35 -0.64 40% 

Downstream 1338 415 623 1478 2003 0.18 -0.84 31% 

 

Table 4.3: Kendall Slope of the annual streamflow with lower and upper limits at 

95% confidence interval.  

  Confidence interval for slope 

 Slope (m3/s) Lower 95% Upper 95% 

Upstream 3.9   (3.4)* -18.64 31.11 

Downstream -9.4  (-11.5)* -36.27 13.50 

(*Bracketed values are slopes estimated from simple linear regression) 

 

The results from the Seasonal Kendall trend analysis performed on the monthly totals 

are shown in Table 4.4. The upstream station shows a positive slope while the 

downstream shows a significant decrease at the 5% significance level. This could in 

part be explained by the increase in rainfall in the upper catchment that is drained by 

1DD01A, and that within the middle part of the catchment where lesser rainfall is 

received, there could be more water abstractions to sustain various activities, such 

as irrigation, thus reducing streamflow in the downstream station. Also due to higher 

temperatures experienced in the lower than in the upper catchment, more 

evapotranspiration could occur, thus reducing surface water and consequently 

streamflow. Streamflow is known to reflect an integrated response of the entire river 

basin where rainfall serves as one of the major input into the runoff processes. 

However, other activities occurring within the catchment e.g. river water abstractions 

for agricultural purposes during the prolonged dry periods could cause reduced 

streamflow amounts. 
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Table 4.4: Trend statistics for the monthly streamflow time series using Seasonal 

Kendall method 

 Slope (m3/s)  p-value  Z-value 

Upstream 0.015 0.87 0.158 

Downstream -0.514 0.01 -2.513 

 

The estimated streamflow trends may be described by the equations:  

   i)  1DD01A- Upstream: Q =   62.95 + 0.0154 * Time 

   ii) 1EE01- Downstream: Q =   102.8 - 0.5144 * Time  

where Time = Year (as a decimal) - 1965.75, and Q is the streamflow (m3/s) 
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Fig. 4.1: Variation of monthly streamflow and catchment-average rainfall trends 

 

Results of month-by-month analysis (Fig. 4.1) show an increase in streamflow for the 

months November to January. At 1EE01, the months of March and September have 

shown a significant decrease at 5% significance level. The total rainfall for September 

has decreased over the years while that for March is seen to have increased only 

slightly and this may have negligible effect on the streamflow trend for March. 

Normally, these months represent the start of the long and short rains respectively. 

During this time, the sun is over the equator and the direct solar radiation would 

cause more evapotranspiration, thus reducing surface water. A study done by 

Camberlin and Okoola (2003), on the onset of the long rains over the years 1958-

1987 in East Africa showed that the onset dates ranged from February 15th to April 
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13th and that there was a small trend toward a delayed onset of the rains. This late 

onset could explain the decrease in streamflow for March. There is higher correlation 

of trend between rainfall and streamflow at the downstream (r= 0.69) than at the 

upstream station (r=0.33). Generally, the trends for both rainfall and streamflow are 

consistent except for the upstream station 1DD01A during the months May to July.  

 

4.3.3 Long–term persistence in rainfall and streamflow time series 

Two rainfall stations with the longest record and two streamflow stations were 

chosen for the search of the existence of long-term persistence. The raw time series 

as well as detrended and deseasonalised time series were analysed. This was to 

determine whether long-term persistence was influenced by trends and seasonality in 

the time series. The Hurst coefficients estimated using the aggregated variance and 

R/S methods are given in Table 4.5, while the detrended fluctuation analysis results 

are given in Table 4.6.  

 

It can be seen that for monthly streamflow, the aggregate variance method 

estimates H with a higher correlation coefficient than the R/S. This does not mean 

that the method is preferred over the R/S method given that the aggregate variance 

relies strongly on the assumption of stationarity. The Hurst coefficient is not 

appropriate for non-stationary time series and thus, a detrended time series was 

used. A comparison between the raw and detrended time series statistics show that 

H remains unchanged for the R/S method, while a small change is noted in the 

aggregate variance method. On average, H~0.6 for the monthly streamflow, and this 

shows some slight persistence. The rainfall time series gives shows a lower H using 

the R/S than the aggregate method. H is slightly greater than 0.5 and this gives 

some indication of weak persistence.  

 

The climate of equatorial eastern Africa has strong annual and seasonal cycle 

components, with rainfall having the highest space-time variability. Due to the high 

seasonality of both rainfall and streamflow, the seasonal component was removed 

from the time series. Using the deseasonalised time series, it can be seen that H is 

slightly higher than in the raw series. This shows also that seasonality can influence 

long-term persistence probably by obscuring the signal i.e. it is possible that long-

range correlations can manifest themselves as seasonal cycles, thus giving partial 

evidence of long-term dependence. This is more so given that global scale weather 
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systems that influence the East African weather such as El Nino/Southern oscillation 

(ENSO), Quasi-biennial oscillation (QBO) etc., occur at different frequencies and one 

event can occur within the period of occurrence of a larger event. For example QBO 

is noted to occur every two years while ENSO has a periodicity of 3-7 years (Indeje 

et al., 2000).  Other climatic factors known to influence rainfall in this region are 

complex and they include cyclones, easterly waves, jet streams, the continental low 

level trough, extra-tropical weather systems (Ogallo, 1989); solar and lunar forcing 

(Ogallo 1988; Indeje and Semazzi, 2000), and inter-seasonal 30-60 day Madden-

Julian wave (Anyamba 1992). All these climatic influences can act/co-occur to 

obscure clear signals from which persistence is sought, especially for rainfall due to 

its high variability. On the other hand, lack of an adequately long period of data could 

hamper the search for persistence. 
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Table 4.5: Hurst parameter of a) streamflow time series and b), monthly rainfall estimated using the aggregated variance and R/S 

method. 

 

a) Monthly streamflow Station 1DDA01 Station 1EE01 

  

Hurst 

parameter 

Correlation 

coefficient 

Hurst 

parameter 

Correlation 

coefficient 

Aggregate Variance 0.63 0.99 0.69 0.98 Raw time series 

 R/S 0.57 0.98 0.50 0.96 

Aggregate Variance 0.66 0.99 0.63 0.99 Detrended time series 

R/S 0.57 0.98 0.50 0.96 

Aggregate Variance 0.68 0.98 0.75 0.97 Deseasonalised time series 

 R/S 0.53 0.93 0.48 0.93 

 

 

b) Monthly rainfall Station 8934096 Station 8935170 

  

Hurst 

parameter 

Correlation 

coefficient 

Hurst 

parameter 

Correlation 

coefficient 

Aggregate Variance 0.51 0.98 0.39 0.99 Raw time series 

 R/S 0.45 0.99 0.45 0.99 

Aggregate Variance 0.54 0.99 0.56 0.96 Detrended time series  

R/S 0.42 0.99 0.43 0.99 

Aggregate Variance 0.55 0.99 0.41 0.99 Deseasonalised time series 

R/S 0.44 0.98 0.47 0.98 
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Table 4.6: Detrended fluctuation analysis (DFA) exponent α, and the coefficient of 

determination R2 for monthly streamflow and rainfall time series 

 Station 

DFA exponent 

 α 
Coefficient of 

determination, R2 

Streamflow 1DDA01 0.63 0.95 
 1EE01 0.68 0.97 
Rainfall 8934096 0.55 0.99 
 8935170 0.60 0.96 

 

 

 

 

 

 

Fig. 4.2: Plots of Log F (fluctuation) versus log n (number of segments) for the 

streamflow and rainfall series. The exponent, α, is equal to the slope of the fitted 

straight line (Upper:streamflow; Lower: rainfall). 

 

From Table 4.5, it can be seen that using DFA, some weak persistence is revealed for 

both rainfall and streamflow, although slightly stronger for streamflow than for 
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rainfall. DFA takes care of non-stationarity, taking into account autocorrelation in the 

time series and is thus a more robust method than the Hurst estimate. This method 

gives estimates of DFA exponent for streamflow and rainfall as 0.6<α<0.7 and 

0.5<α<0.6 respectively. Fig. 4.2 shows the slopes (which give an indication of the 

strength of long term persistence) estimated from the log-log plots of F and n. There 

seems to be points of slope cross-over (Fig. 4.2) (especially after the first three 

segments) in all the time series although these values of α are all greater than 0.5. It 
can be concluded that although these methods have shown some persistence (albeit 

weak), longer records of data can give better insight into more clear long-term 

persistence. 

 

4.4 Conclusion 

Time series analysis can show the magnitude of apparent components such as 

trends, jumps and periodicities in hydro-climatic data. However, it is not always easy 

to find explanations to the causal mechanisms of these components e.g. the 11-year 

sunspot cycle, as opposed to the self-evident seasons of the year. Other causal 

mechanisms such as ENSO and QBO can obscure each other as they may not always 

act in isolation. The components of a time series may also change with time. A trend 

may be identified in the present, but may turn out to be part of a periodicity when 

looked at over a longer period of time. The fact that a trend has not been identified 

does not necessarily mean that such a change is not occurring. This could be 

attributed to the small sample size. 

 

In the trend analysis of hydro-meteorological time series, a null hypothesis of “no 

trend” was assumed. Failing to reject the null hypothesis does not mean that it has 

been adequately proved that there is no trend. Rather, it implies that the evidence 

available is not sufficient to conclude that there is a trend. Efforts were made to 

include as much data as possible, which was quality controlled before usage. Various 

methods to search for long-term persistence were incorporated in the analysis. The 

inter-annual independence was verified using the detrended fluctuation analysis 

which takes into account the autocorrelation function for long-range correlations. The 

results of this analysis make valid the assumption of independence. It has been 

shown that there is weak long-term persistence in both rainfall and streamflow 

records for the period studied. On average, the rainfall time series exhibits an 

increasing tendency (median trend= 2.3 mm/year, although not statistically 
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significant) especially in the upstream part of the catchment. Although the 

streamflow shows an increasing tendency in the upstream station and a decreasing 

tendency in the downstream station, the relatively stronger long-term persistence in 

streamflow than in rainfall creates a need to study a longer period than that 

considered in this study, for better indications of trend. And although, the Seasonal 

Kendall method which considers skewed, cyclic and serially correlated data was used 

to determine magnitudes of trend i.e. the median trend, use of longer time series is 

recommended for better indications of existence and magnitudes of trend.  
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CHAPTER 5 

LAND USE AND LAND COVER CHANGE ANALYSIS 

5 LAND USE AND LAND COVER CHANGE ANALYSIS 

5.1 Introduction 

In hydrologic modeling, land use/land cover (LULC) information is of great 

importance, as it helps to determine model variables and parameters that account for 

the volume and timing of runoff. To determine the effects of LULC on the various 

processes of the earth system, an understanding of past land-use practices, current 

land-use and land-cover patterns, and projections of future land use and cover are 

required. This chapter discusses the statistics on LULC in the study area that have 

been obtained from the Department of Resource Surveys and Remote Sensing 

(DRSRS) and a step-by-step classification of land cover from Landsat satellite 

imagery. Information and statistics obtained from DRSRS were used to provide 

information about the different types of crops grown within the study region as well 

as ground-truth for land cover classification verification. The land cover classification 

and change detection enabled the construction of land cover scenarios which were 

used in this study for impact assessment. 

 

Land Use Land Cover Analysis using statistics obtained from the Department of 

Resource Surveys and Remote Sensing (DRSRS) 

Data and information obtained from DRSRS is discussed and analyzed here because 

of the useful contribution it has made to this study. There are nine administrative 

districts that cover the Nzoia catchment. These are Busia, Siaya, Kakamega, Nandi, 

Bungoma, Uasin Gishu, Trans Nzoia, Elgeyo Marakwet and West Pokot. The DRSRS 

has undertaken a number of surveys to provide land use information on a district 

basis (and also at the location level) by use of sample aerial photography.  This was 

done upon the realization that land available for agriculture and other related land 

uses in Kenya is a limited resource that is constantly being reduced by the increasing 

population (Agatsiva, 1985). They have endeavored to collect land use data in an 

effort to provide a basis of monitoring land use changes so as to detect change and 

its impact on the environment. These data do not conform to the catchment 

boundaries and this creates some difficulty in trying to harmonize the two. However, 

these data are used in this study to provide specific information about different crops 

found within these districts that may not have been evident from the analysis of 
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Landsat satellite imagery. They also provided useful information on the trends of land 

uses in some districts for a longer period than the Landsat three-year set of images 

analyzed in this study. LULC information was collated from various publications such 

as Ottichilo (1985), Agatsiva (1985), Oduori (1991), Muyodi and Ottichilo (1993) and 

Agatsiva et al., (1993). Fig. 5.1 and 5.2 summarize these land use types for the 

seven districts.  
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Fig. 5.1: Land use/Land cover types (Statistics obtained from Department of 

Resource Surveys and Remote Sensing, DRSRS, 1984-1991). 
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Fig. 5.2: Dominant land use/land cover types (Data obtained from Department of 

Resource Surveys and Remote Sensing, DRSRS, 1984-1991). 
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It can be seen that the catchment is covered largely by grazing/bush lands, followed 

by agricultural land. It was noted that since 1986 there have been fluctuations in 

land cover. For agriculture, this could be attributed to factors such as increase in 

population, unreliable weather conditions, crop price fluctuations, and low payments 

from the National Cereals and Produce Board and other financing institutions. The 

fluctuations in forest cover could be as a result of the cutting of trees for charcoal 

burning, selling timber, as well as clearance of forests to provide land for agricultural 

purposes. This information has provided useful estimates of the margin or rates of 

these fluctuations for use in the construction of LULC scenarios. Based on the 

average percentage cover between 1986 -1991 in two districts, the rates of 

fluctuation about the mean are in the range -16% to 8% for agriculture, -11% to 

11% for grazing/bush land and -18% to 24% for forest. 

 

5.2 Land cover classification  

5.2.1 Introduction 

Satellite imagery from Landsat MSS 1973, TM (1986/1988) and ETM (2000/2001) 

were obtained from the Global Land Cover Facility (GLCF), University of Maryland, 

USA. The Landsat MSS imagery is in four channels (2 visible, 2 near-infrared) at 57-

meter resolution. Landsat Thematic Mapper (TM) imagery provides seven 

multispectral channels (3 visible, 1 near-infrared, 2 mid-infrared, 1 thermal-infrared) 

at 30-meter resolution (120-meter resolution for the thermal-infrared band). 

Enhanced Thematic Mapper Plus (ETM+) adds an extra 15-meter resolution 

panchromatic band and improved resolution for the thermal-infrared band (60-

meters). All these imageries were acquired within the same season between 28th 

January and 5th February, except for one scene that was acquired on 8th March.  

 

To obtain land cover as input into the model, the software ENvironment for 

Visualizing Images (ENVI, 2003), was used to perform image analysis and 

classification. This analysis was done to also provide information on land cover trends 

and for the generation of land cover change scenarios. The images were processed 

using both unsupervised and supervised classification methods, and incorporating 

ground surveys and information obtained from Department of Remote Sensing and 

Resource Survey (DRSRS) in Nairobi, Kenya. A total of eight land cover classes were 

considered namely; agriculture, closed herbaceous vegetation, trees interspersed 

with shrubs, forest, shrubland, open trees and grassland, wetland vegetation and 
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water. Various methods were used to check for the accuracy of the classification 

results obtained. These included i) measures of separability of the Regions of Interest 

(ROIs) ( ROIs are used as training classes in the supervised classification); ii) the 

Confusion Matrix which shows the accuracy of a classification result by comparing a 

classification result with ground truth information; iii) the overall accuracy, producer 

and user accuracies, and kappa coefficient. Details of these measures of accuracy can 

be obtained from the ENVI manual as well as from other remote sensing and image 

analysis literature. 

 

5.2.2 Methodology 

5.2.2.1  Image pre-processing 

The three sets of geo-referenced Landsat images used for land cover classification 

(see Section 5.2.1) are shown in Fig. 5.3. The image bands were calibrated to 

reflectance values. Reflectance represents the ratio of exitance to irradiance, and 

thus provides a standardized measure which is directly comparable between images. 

Reflectance is unitless and thus is measured on a scale from 0 to 1 (or 0-100%). It is 

important to convert the images into a common base value for ease of comparison 

between different dates. In calibration, the digital numbers were converted into 

reflectance and the calibrated images were then subjected to the classification 

process.  

 

Various color composites and band ratios were derived to enable image 

interpretation. Of great use were 7,4,2 and 5,4,1 which provide a “natural-like” color; 

3,2,1 which makes ground features appear in colors similar to their appearance to 

the human eye; 4,3,2 which is the standard false color composite and 5,4,3 which 

also gives a lot of information and color contrasts. Band ratios were also used as they 

reduce the effects of environment on the image, such as shading or lighting. Ratios 

provide unique information and spectral reflectance or color differences between 

surface materials that are often difficult to detect in a standard image. The following 

ratios were used: 2/3 which distinguishes farmlands well from bare surfaces; 3/2 and 

7/2 separate forests and farmlands well; and 5/7 which separates land and water 

sufficiently.  
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Fig. 5.3: Landsat satellite 

images showing false 

colour composites bands 

red, green and blue (RGB) 

bands 3,2,1 for Landsat 

MSS and 4,3,2 for Landsat 

TM and ETM (The border in 

black shows the region 

from which training sites 

were selected):  

a) Landsat MSS 1973, 

b) Landsat TM 1986/1988, 

c) Landsat ETM 2000/2001 
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5.2.2.2 Image classification 

i. Unsupervised classification 

Unsupervised classification is used to cluster pixels in a data set into classes based 

on statistics only. These classes are spectral classes and their identity is not initially 

known, until they are compared with some reference data. This method calculates 

class means evenly distributed in the data space and then iteratively clusters the 

remaining pixels using minimum distance techniques. Each iteration recalculates 

means and reclassifies pixels with respect to the new means. All pixels are classified 

to the nearest class unless a standard deviation or distance threshold is specified. If 

some pixels do not meet the selected criteria, they will be unclassified. This process 

continues until the number of pixels in each class changes by less than the selected 

pixel change threshold or the maximum number of iterations is reached. The final 

clusters are used to classify the image with classifiers such as the minimum distance 

or maximum likelihood. The output however requires post classification operations to 

make the results more meaningful.  

 

Image classification was first done by unsupervised classification using the K-means 

approach. This produced a map with 50 classes which was then displayed over colour 

composite images, and classes assigned to a specific land cover category. This 

method was used in this study to aid in the process of supervised classification. A 

total of 50 classes were used which were later reduced to the eight classes discussed 

in Section 5.3. 

 

ii. Supervised classification 

This method is used to cluster pixels in a data set into classes corresponding to user-

defined regions of interest (ROIs) or training classes which are selected as 

representative areas to be mapped in the output. Supervised classification techniques 

include Parallelepiped, Minimum Distance, Mahalanobis Distance, Maximum 

Likelihood, Spectral Angle Mapper (SAM), and Binary Encoding. Training classes were 

defined prior to performing supervised classification. This was done by selecting 

spectra (endmember collection, explained in part iii below) as well as defining ROIs. 

In the endmember collection the training sites were defined as individual pixels while 

the ROIs were defined as polygons. 
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iii. Minimum Band Noise Transformation and Pixel Purity Index 

This process uses the spectral nature of multi/hyperspectral data to find the most 

spectrally pure (or spectrally unique) pixels called “endmembers” within the data set 

and map their locations and sub-pixel abundances. The reflectance or radiance input 

data undergoes a number of processes namely the Minimum Noise Fraction (MNF) 

transform, and use of the Pixel Purity Index (PPI) which are explained below. The 

results are then visualized in an n-Dimensional Visualizer (n is the number of MNF 

bands or dimensions) and the purest pixels clustered into endmembers. The user can 

also add or use endmembers from other sources such as spectral libraries. This 

approach helped to single out different land cover surfaces each according to their 

reflectance characteristics, especially water bodies and forests and to a slight extent, 

agricultural areas that are bare. It provided more insight into the land cover classes. 

 

a) The Minimum Noise Fraction (MNF) transform is used to determine the 

dimensionality of image data, to segregate and equalize the noise in the data, and to 

reduce the computational requirements for subsequent processing. The resulting 

bands of the MNF transformed data are ranked with the largest amount of variance in 

the first few bands and decreasing data variance with increasing band number until 

only noise and no coherent image remains.  

b) The Pixel Purity Index (PPI) is used to find the most "spectrally pure," or 

extreme, pixels in multi/hyperspectral data.  

c) The n-Dimensional Visualizer is used to find endmembers by locating and 

clustering the purest pixels in n-dimensional space. The best endmembers occur as 

vertices, or corners, of an n-Dimensional data cloud which is rotated to locate and 

highlight the corners of the cloud to find the endmembers. 

 

5.2.2.3 Image Post-classification 

Classified images often suffer from a lack of spatial coherency (speckle or holes in 

classified areas). Thus the ‘majority/minority’ analysis was used, where spurious 

pixels within a large single class are changed to that class for the case of Majority, 

and then the center pixel in the kernel is replaced with the class value that the 

majority of the pixels in the kernel has. 

 

5.2.2.4 Evaluation of classification results 

A number of methods were used to check for the accuracy of the classification results 

obtained. The separability of the ROIs (or the endmembers from the spectral 
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analysis) was examined by exporting them to the n-D Visualizer. The distribution of 

the points within each ROI, should cluster tightly together and not overlap between 

the classes. Other methods that were used to examine ROI separability are the 

Jeffries-Matusita and Transformed Divergence separability measures (Andersen, 

1998). These two have lower and upper boundaries of which the upper boundary 

indicates total separability. The spectral separability is computed between selected 

ROI pairs where the values range from 0 to 2.0 and indicate how well the selected 

ROI pairs are statistically separate. Generally, values greater than 1.9 indicate that 

the ROI pairs have quite good separability. For lower separability values, an attempt 

was made to improve the separability by editing the ROIs or by selecting new ROIs. 

ROI pairs with very low separability values (less than 1) were combined into a single 

ROI.  

 

The process was repeated until a realistic image classification was achieved and this 

was determined by use of the Confusion Matrix. This matrix shows the accuracy of a 

classification result by comparing a classification result with ground truth information. 

In this study, ground truth data were determined mainly from the existing FAO-

Africover map for Kenya, and also from expert knowledge of the study area. The 

confusion matrix was calculated using ground truth regions of interest (ROIs). In 

each classified image, the confusion matrix, an overall accuracy, producer and user 

accuracies, and kappa coefficient were calculated. The confusion matrix was 

calculated by comparing the location and class of each ground truth pixel with the 

corresponding location and class in the classification image.  

 

In the Confusion matrix, the values are calculated by dividing the pixel counts in 

each ground truth column by the total number of pixels in a given ground truth class. 

The pixels classified correctly are found along the diagonal of the confusion matrix 

table which lists the number of pixels that were classified into the correct ground 

truth class. The overall accuracy is calculated by summing the number of pixels 

classified correctly and dividing by the total number of pixels. The ground truth 

image or ground-truth ROIs define the true class of the pixels. The producer accuracy 

is a measure indicating the probability that the classifier has labeled an image pixel 

into Class A given that the ground truth is Class A. The user accuracy is a measure 

indicating the probability that a pixel is Class A given that the classifier has labeled 

the pixel into Class A. The kappa coefficient (κ) is calculated by the equation below.  
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where  

N is the total number of pixels in all the ground truth classes 

Xii are the confusion matrix diagonals (pixels classified correctly) 

Xi+, X+i are the total number of pixels in row i and column i respectively (the 

square matrix contains equal number of rows and columns corresponding to the 

number of classes whose accuracy is being assessed) 

 

5.3 Land cover classification results 

In the supervised classification, a total of 12 classes were used. Classes (iv) - (vii) 

each had two sub-classes while class (viii) had four sub-classes. These sub-classes 

were later reduced to those shown below after calculating the ROI separability 

measures. The classes that had a value less than 1.7 on the 0-2 scale were either 

refined further or merged into one class. All images were classified into eight land 

cover classes namely, 

i) Forest  

ii) Water  

iii) Wetland vegetation  

iv) Shrubland  

v) Trees interspersed with shrubs  

vi) Closed herbaceous vegetation  

vii) Open trees and grassland  

viii) Agriculture  

 

5.3.1 Image ROI separability results 

The Tables 5.1(a-c) show the ROI separability by an average of the Jeffries-Matusita 

and Transformed Divergence measures. The values obtained were greater than 1.8 

and this was considered a good measure of separability. Due to the coarser MSS 

images, there were fewer sub-classes during classification than in the TM and ETM 

images, although finally the separability measures were well above 1.8. 
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Table 5.1: Regions of Interest (ROI) separability values on a scale of 0-2 

a) Landsat MSS 

  

Agriculture Closed 

herbaceous 

vegetation 

Trees 

interspersed 

with shrubs 

Forest Shrubland Open trees 

and 

grassland 

Wetland 

vegetation 

Closed herbaceous vegetation 1.9999       
Trees interspersed with shrubs 1.9863 1.9995      
Forest 1.9999 1.9999 1.9987     
Shrubland 1.9657 2.0000 2.0000 1.9997    
Open trees and grassland 1.9984 1.9144 1.9626 2.0000 1.9999   
Wetland vegetation 1.9999 1.9999 1.9626 1.9745 2.0000 2.0000  
Water 2.0000 2.0000 2.0000 1.9999 2.0000 2.0000 2.0000 

 

(b) Landsat TM 

  

Agriculture Closed 

herbaceous 

vegetation 

Trees 

interspersed 

with shrubs 

Forest Shrubland Open trees 

and 

grassland 

Wetland 

vegetation 

Closed herbaceous vegetation 1.9937       
Trees interspersed with shrubs 2.0000 1.9995      
Forest 2.0000 2.0000 1.9888     
Shrubland 1.9999 1.9929 1.9252 2.0000    
Open trees and grassland 2.0000 2.0000 1.9980 1.8846 2.0000   
Wetland vegetation 1.9998 1.9984 1.9976 2.0000 2.0000 1.9950  
Water 2.0000 2.0000 2.0000 2.0000 2.0000 2.0000 2.0000 
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 (c) Landsat ETM 

  

Agriculture Closed 

herbaceous 

vegetation 

Trees 

interspersed 

with shrubs 

Forest Shrubland Open trees 

and 

grassland 

Wetland 

vegetation 

Closed herbaceous vegetation 1.9998             
Trees interspersed with shrubs 1.9998 1.9944           
Forest 1.9920 2.0000 1.9973         
Shrubland 2.0000 2.0000 1.9998 2.0000       
Open trees and grassland 1.9969 1.9806 1.9851 1.9999 1.9999     
Wetland vegetation 2.0000 1.8348 1.9648 2.0000 2.0000 1.9939   
Water 2.0000 2.0000 2.0000 2.0000 2.0000 2.0000 2.0000 
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5.3.2 Confusion matrix and classification accuracy 

The confusion matrix is a commonly used tool for assessment of accuracy for land 

cover classifications (see section 5.2.2.4). The confusion matrix was calculated only 

for the ETM image because ground truth information was available. The land cover 

map used for ground-truthing originated from FAO-AFRICOVER project. This map was 

derived from interpretation of LANDSAT imagery acquired mainly in the year 1999, 

and it was verified by field work, digitised, and checked for topological and attribute 

errors. Since the same classification methodology was used for MSS and TM image 

classification, the results obtained are considered to be of adequate accuracy as the 

ETM classification. Table 5.2 shows the confusion matrix (contingency matrix) 

calculated using ground truth regions of interest (ROIs) obtained from the ground 

truth image. 

 

The reference data from the ground-truth map was determined using the same 

classification scheme as was used to create the land cover classification map. A 

simple random sampling was used, although in some instances, a stratified sampling 

was used. This was done especially for land cover classes, such as agriculture, that 

that had more than one sub-class in the classification scheme. Another reason for the 

stratified sampling was to avoid too many samples in larger areas and too few 

samples in smaller areas. This ensured that each class was adequately sampled. The 

classification was such that each mapped area was one and only one category (i.e. 

mutually exclusive) and that no area on the map was left unlabeled (i.e. totally 

exhaustive). Efforts were made to sample regions of interest (ROIs) in a manner that 

ensured the points were extracted from areas of relatively homogenous land cover 

class. ROIs different from those used in the classification exercise were used for 

accuracy assessment. Sample pixels were apportioned to the different land cover 

categories based on homogeneity and abundance of land cover classes. The area 

covered by some of the smaller land cover classes, e.g. water, was negligible 

compared to the rest of the classes, and these classes were not apportioned a large 

number of sample pixels.  

 

The numbers of pixels for each land cover class for accuracy assessment are given in 

Table 5.3 which also shows the overall accuracy, producer and user accuracies, and 

kappa coefficient. The results show a good overall classification result with overall 

accuracy of 94% and a Kappa coefficient of 0.89. The high overall accuracy was as a 
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result of good classification accuracies of forest and water classes. Without these, the 

overall accuracy is 82%. The class ‘open trees and grassland’ had a low user 

accuracy of 36.89% despite the high average ROI separability of 1.99 and a producer 

accuracy of 94.72 %. The overall accuracy uses only the main diagonal elements of 

the confusion matrix, and thus is a relatively simple measure of agreement. It does 

not take into account the proportion of agreement between data sets that is due to 

chance alone, and as such it tends to overestimate classification accuracy (Congalton 

et al., 1983). Kappa on the other hand attempts to control for chance agreement by 

incorporating the off-diagonal elements as a product of the row and column 

marginals of the confusion matrix. 
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Table 5.2: Confusion matrix (ETM classification) 

(The diagonals shown in bold represent the percentage of pixels classified correctly) 

Land cover 

Forest Water Wetland 

vegetation 

Shrubland Agriculture Closed 

herbaceous 

vegetation 

Open trees 

and 

grassland 

Trees 

interspersed 

with shrubs 

Forest 99.40 0.00 0.00 0.00 0.00 0.00 0.00 1.43 

Water 0.00 99.9 0.00 0.00 0.00 0.00 0.00 0.00 

Wetland vegetation 0.00 0.00 69.12 0.00 0.89 0.00 0.00 0.00 

Shrubland 0.00 0.00 0.00 83.32 0.86 0.00 0.00 4.29 

Agriculture 0.38 0.00 0.00 16.03 86.7 3.74 3.63 6.53 

Closed herbaceous vegetation 0.00 0.00 23.05 0.00 1.67 52.31 0.00 0.00 

Open trees and grassland 0.04 0.00 1.38 0.65 8.32 42.88 94.72 1.22 

Trees interspersed with shrubs 0.18 0.00 6.45 0.00 1.56 1.07 1.65 86.53 
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Table 5.3: Producer and user accuracy (ETM 2000/2001 classification) 

Land cover 

  

Africover 

map 

(1999) 

ETM 

2000/ 

2001 

map 

Number 

of 

correct 

pixels 

Producer+ 

Accuracy 

(%) 

User* 

Accuracy 

(%) 

Forest 15405 15320 15313 99.40 99.95 

Water 882 882 881 99.99 99.99 

Wetland vegetation 217 173 150 69.12 86.71 

Shrubland 3219 2725 2682 83.32 98.42 

Agriculture 2572 2869 2230 86.70 77.73 

Closed herbaceous vegetation 562 387 294 52.31 75.97 

Open trees and grassland 303 778 287 94.72 36.89 

Trees interspersed with shrubs 490 516 424 86.53 82.17 

TOTAL 23650 23650 22261   

Overall Accuracy % 94.0 

Kappa Coefficient  0.89 
+Producer’s accuracy indicates the probability of a reference pixel being correctly classified and 

is a measure of omission error. *User’s accuracy is indicative of the probability that a pixel 

classified on the map actually represents that category on the ground.  

 

Generally, the producer’s and user’s accuracies for all land covers tended to be 

similar to the overall classification accuracies and ranged between 69.1 and 99.9%. 

Herbaceous vegetation and grasslands were however classified with lower accuracies 

while forest and water had the highest accuracies for both the producer and user 

accuracies. Agricultural land, which covers the largest area compared to other 

classes, also had high accuracies, although the spatial distribution could have 

contributed to mixed pixel spectral response and bias in classification. This is so 

especially where fields were either completely abandoned or left fallow and the soil 

background dominated the spectral response. There was no ground-truthing of the 

1973 and 1986/1988 maps. However, since they were created using the same 

classification approach as the 2000/2001 data set, it was assumed that their 

accuracy characteristics were similar, and classified land cover changes were 

considered correct. Furthermore, the land cover classes with low accuracies were 

later aggregated before they were used as input into the hydrological model.  
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In the hydrological model set up, there was further aggregation, where an area 

threshold was used to disregard land cover with small area extent within the 

delineated subbasins, and this minimized the misclassification errors. In remote 

sensing applications, one seldom duplicates detailed land use statistics exactly. For 

example, a study by the Corps of Engineers (Rango et al., 1983) estimated that an 

individual pixel may be incorrectly classified about one-third of the time. However, by 

aggregating land use over a significant area, the misclassification of land use can be 

reduced to about two percent, which is too small to affect the runoff coefficient or the 

resulting flood statistics.  

 

5.4 Results and discussion 

The classified images for the years 1973, 1986/1988 and 2000/2001 are shown in 

Fig. 5.4 (a)–(c) respectively.  

 

Fig. 5.4: Classified images of Landsat (a) 1973 (b) 1986/1988 and (c) 2000/2001 

          



 75

It is apparent that the forest cover has decreased markedly from 12.3 to 7 % (Table 

5.4), especially for the regions in the northwest and south of the catchment. This 

could be attributed to the cutting of trees in the forests for various uses such as 

firewood, timber and clearing for agricultural purposes. In contrast, the agricultural 

area is seen to have increased over the years from 39.6% in 1973 to 46.6% in 

1986/1988 and to 64.3% in 2000/2001 (Table 5.4). The change matrix results (Table 

5.5 (a-c)) reveal that about 9% of forest cover and 27% of the other land covers 

have been converted to agricultural land between 1973 and 1988, and 12.9% and 

38.6% respectively between 1988 and 2001. Another notable change is the increase 

in areas covered with open trees and grasslands (1.9 to 11.4%). Over the entire 

period, forest and agricultural lands have consistently shown a decrease and an 

increase in area, respectively. Generally, areas covered with trees interspersed with 

shrubs; forest and herbaceous vegetation have been observed to decrease while 

agriculture and areas with open trees and grasslands increase.  

 

Table 5.4: Land cover evolution (in %) 

 

1973 

 

1986/1988 

 

2000/2001 

 

Agriculture 39.6 46.6 64.3 

Closed herbaceous vegetation 10.7 15.6 0.1 

Forest 12.3 9.2 7.0 

Open trees and grassland 1.9 6.7 11.4 

Shrubland 5.3 3.5 1.3 

Trees interspersed with shrubs 29.8 18.3 13.9 

Water <0.01 <0.01 <0.01 

Wetland vegetation 0.4 0.1 2.0 
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Table 5.5: Land cover change detection results  

(Class changes: number of pixels that changed classes in %, Image difference: difference between final and initial number of 

pixels) 

 

INITIAL STATE (a) 1973 to 1988  

Forest Agriculture Open trees 

and 

grassland 

Shrubland Trees 

interspersed 

with shrubs 

Closed 

herbaceous 

vegetation 

Forest 58.5 1.3 1.4 8.7 7.6 6.3 

Agriculture 9.0 71.8 35.8 33.6 10.9 27.9 

Open trees and grassland 4.3 3.6 9.8 2.7 9.9 8.5 

Shrubland 4.3 2.4 2.0 26.9 4.4 6.1 

Trees interspersed with shrubs 20.3 7.9 30.8 14.6 53.2 28.5 FI
N

A
L 

S
T
A
T
E
 

Closed herbaceous vegetation 3.2 12.9 20.1 13.4 13.6 22.2 

 Class Changes 41.5 28.2 90.2 73.1 46.8 77.8 

 Image Difference -20.9 20.3 -78.0 108.3 165.9 35.3 
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INITIAL STATE (b) 1988 to 2001           

 Forest Agriculture Open trees 

and 

grassland 

Shrubland Trees 

interspersed 

with shrubs 

Closed 

herbaceous 

vegetation 

Forest 57.2 0.9 1.6 2.8 6.4 0.7 

Agriculture 12.9 88.8 48.2 46.5 30.6 59.7 

Open trees and grassland 3.9 4.6 20.6 5.7 28.8 21.0 

Shrubland 0.4 0.6 0.8 15.6 0.5 0.4 

Trees interspersed with shrubs 25.2 3.8 28.2 29.3 29.6 14.7 FI
N

A
L 

S
T
A
T
E
 

Closed herbaceous vegetation 0.3 1.2 0.5 0.0 3.8 3.2 

 Class Changes 42.8 11.2 79.4 84.4 70.4 96.8 

 Image Difference -21.9 42.4 104.1 -69.3 -29.9 -86.7 
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INITIAL STATE (c) 1973 to 2001 

 Forest Agriculture Open trees 

and 

grassland 

Shrubland Trees 

interspersed 

with shrubs 

Closed 

herbaceous 

vegetation 

Forest 53.7 0.4 0.5 6.8 2.3 3.5 

Agriculture 16.8 84.8 59.0 48.2 32.2 52.1 

Open trees and grassland 5.0 7.1 20.9 5.5 30.0 12.8 

Shrubland 1.4 0.6 0.2 25.1 0.1 1.7 

Trees interspersed with shrubs 22.9 6.0 16.0 13.4 32.0 26.3 FI
N

A
L 

S
T
A
T
E
 

Closed herbaceous vegetation 0.1 0.9 3.2 0.7 3.1 3.0 

 Class Changes 46.3 15.2 79.1 74.9 68.0 97.0 

 Image Difference -38.2 71.3 -55.1 -36.0 86.4 -82.1 
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Over the years, land degradation has taken place in various forms in different 

regions. For example, in the 1980s about 1541 ha of South Nandi forest were excised 

for settlement of peasants and a further 2000 ha for tea growing. Another example is 

Kakamega forest which has been threatened by encroachment for new land for 

agriculture and settlement and over-harvesting of forest resources. It is documented 

that half of this forest has been lost in the past 38 years and only 230 sq km is 

remaining. Mt Elgon has also seen its share of encroachment. The forest has been 

impacted by excision of forest land, human settlement, logging and to a lesser extent 

charcoal making. This logging creates grass-covered gaps which invite farmers to 

bring their cattle into the forest to graze, and this could lead to reduced regeneration 

and re-growth of tree species. Past studies have revealed that excision of forest land, 

uncontrolled non-residential cultivation and encroachment into indigenous forests are 

currently the main causes of the destruction of the forests of Mt. Elgon. The 

Cherengany Forest is a water catchment area and its capability has been greatly 

reduced in the past decades, largely by agricultural encroachment and timber 

extraction. The forest has suffered heavy destruction, especially when the people 

who lived in Kerio valley moved to the highlands encroaching on the forest and 

bringing with them intensive farming methods.  This encroachment has interfered 

with the area’s biodiversity, and rivers and streams e.g. Nzoia, in this region are 

drying up. 

 

It should be noted that from this point onwards, the above mentioned land cover 

classes were later regrouped for use in the hydrological model according to Table 

5.6. Rangeland (brushes) and rangeland (grassland) will be referred to as shrubland 

and grasslands respectively. 

 

Table 5.6: Land cover classes regrouped into SWAT classes 

Initial Class SWAT Class 

Agriculture (AGRI) Agriculture (AGRI) 

Closed herbaceous vegetation (HERB) Rangeland (brushes) (RNGB) 

Trees interspersed with shrubs (T-SHRUB) Rangeland (brushes) (RNGB) 

Forest (FRST) Forest (FRST) 

Shrubland (SHRUB) Rangeland (brushes) (RNGB) 

Open trees and grassland (OT-GRASS) Rangeland (grassland) (RNGE) 
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5.5 Conclusion 

Land cover classification has been carried out using a ‘hybrid’ approach where both 

unsupervised and supervised procedures were used. The difficulty presented by 

mixed pixels was addressed by use of the pixel purity index (PPI). The land cover 

classification achieved an overall accuracy of 94% and Kappa coefficient of 0.89, and 

this is considered appropriate for use in this study. The study area is dominated by 

agricultural activities. There has been an increase of population over the last three 

decades. This has led to over exploitation of resources thus causing land degradation 

as the demand for food and wood-fuel increases. The increase in area of agricultural 

land has not always corresponded with an increase in food production. This is 

because of poor land management practices such as overuse of fertilizers, soil 

erosion etc. The increase in area of agricultural land from the results above can thus 

be largely attributed to the search for better and more productive land. It has been 

said frequently that erosion in the upper catchment and flooding in the lower 

catchment has been attributed largely to deforestation. The land cover results have 

shown that overall, between 1973 and 2001, the forest cover has decreased while 

agricultural land has increased considerably. This could explain part of the claim that 

land degradation has caused frequent flooding in the lower catchment as reduced 

forest cover and an increase in agricultural lands have generally been known to 

generate high surface runoff. The accuracies of the classified land cover maps were 

considered appropriate for assessment of land cover change and hydrologic modeling 

in the catchment.  
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CHAPTER 6 

LAND COVER AND CLIMATE CHANGE SCENARIOS 

6 LAND COVER AND CLIMATE CHANGE SCENARIOS 

6.1 Land use and land cover scenarios 

Modeling LULC changes is critical for establishing effective environmental policies and 

management strategies. This is done by use of land cover change models and one 

such model is the CLUE-S (Conversion of Land Use and its Effects at Small regional 

extent), (Verburg et al., 2002). CLUE-S is the model that is used in this study to 

generate LULC scenarios for the study area.  

 

The CLUE-S model simulates land use changes based on an empirical analysis of 

location suitability for allocating a certain landcover to a specific region, combined 

with the dynamic simulation of competitions and interactions between the spatial and 

temporal dynamics of land use systems (Verburg et al., 2002; Verburg and 

Veldkamp, 2004). Land use requirements are based on a range of methods, 

depending on the case study and the scenario to be considered. 

 

The extrapolation of trends in land use change of the recent past into the near future 

is a common technique to calculate land use requirements. However, land use 

requirements can also be based on advanced models of macro-economic changes, 

which can serve to provide scenario conditions that relate policy targets to land use 

change requirements. Location characteristics are determined where the highest 

preference for the specific type of land cover for a location at that moment in time 

are empirically estimated from a set of factors (biophysical or socio-economical 

characteristics) through a logit (logistic regression) model. This model has been used 

in various studies such as Veldkamp and Fresco (1996), Verburg et al. (1999), Kok 

and Veldkamp (2001), and Verburg et al. (2002). The model has also been used in a 

project in Kenya to describe possible outcomes or future scenarios on crop-livestock 

systems and rural livelihoods in Kenya (Kenya highlands), and elucidate the main 

driving forces of change. It was used to model the relationships between driving 

factors and change in targeted sites and predict system evolution by means of the 

application of CLUE-s (TOC, http://www.trajectories.org/index.asp).  
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Two land cover scenarios were generated for the Nzoia catchment for the year 2020 

and are described in Section 6.1.2.1. As has been pointed out by Rabbinge and van 

Oijen (1997), longer term scenarios tend to be conservative, underestimating 

emerging developments, while Butcher (1999) argues that it is impossible to develop 

realistic land use projections for a period of more than 20 to 30 years. Kepner et al. 

(2004) created land cover scenarios for a 20-year period in a study that analyzed 

hydrological consequences of a future environment. Thus, the choice of a short-term 

land cover projection (2020) was to avoid a lot of uncertainty in the evolution of land 

cover. 

 

6.1.1 Methodology 

6.1.1.1 CLUE-S model description 

The model is sub-divided into two modules, namely a non-spatial demand module 

and a spatially explicit allocation procedure. The non-spatial module calculates the 

area change for all land use types at the aggregate level. Within the second part of 

the model, these demands are translated into land use changes at different locations 

within the study region using a raster-based system. For the land use demand 

module, different model specifications are possible ranging from simple trend 

extrapolations to complex economic models. The choice of a specific model is very 

much dependent on the nature of the most important land use conversions taking 

place within the study area, and the scenarios that need to be considered. The 

results from the demand module need to specify, on a yearly basis, the area covered 

by the different land use types, which is a direct input for the allocation module. The 

allocation is based on a combination of empirical, spatial analysis and dynamic 

modeling.  

 

6.1.1.2 Input data  

The information needed to run the CLUE-S model is subdivided into four categories 

that together create a set of conditions and possibilities for which the model 

calculates the best solution in an iterative procedure. These are: 

i) Spatial policies and restrictions; indicate areas where land use changes are 

restricted through policies or tenure status. 

ii) Land use type specific conversion settings; conversion elasticity is related to 

the reversibility of land use change and land use transition sequences which 

determine to what other land use types the present land use type can be 
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converted or not. It also determines in which regions a specific conversion is 

allowed to occur and in which regions it is not allowed, and how many years 

(or time steps) the land use type at a location should remain the same before 

it can change into another land use type.   

iii) Land use requirements (demand); these constrain the simulation by defining 

the total required change in land use. Land use requirements are calculated 

independently from the CLUE-S model and are based on a range of methods, 

depending on the case study and the scenario. The extrapolation of trends in 

land use change of the recent past into the near future is a common 

technique to calculate land use requirements. When necessary, these trends 

can be corrected for changes in population growth and/or diminishing land 

resources. For policy analysis, it is also possible to base land use 

requirements on advanced models of macro-economic changes, which can 

serve to provide scenario conditions that relate policy targets to land use 

change requirements. 

iv) Location characteristics; land use conversions are expected to take place at 

locations with the highest 'preference' for the specific type of land use at that 

moment in time. The preference of a location is empirically estimated from a 

set of factors that are based on the multi-disciplinary understandings of the 

determinants of land use change. The preference is calculated as follows:  

 

Rki = akX1i + bkX2i +…                 Eq. 6-1 

 

where Rki is the preference to devote location i to land use type k, X1i, ... are 

biophysical or socio-economical characteristics (factors) of location i and ak 

and bk the relative impact of these characteristics on the preference for land 

use type k. A statistical model can be developed as a binomial logit model of 

two choices: convert location i into land use type k or not. The preference Rki 

is assumed to be the underlying response of this choice and is calculated as a 

probability. The function that relates these probabilities with the biophysical 

and socio-economic location characteristics is defined in a logit model as: 

  

Xβ...XβXββ
Pi1

PiLog nin2i21i1o ++++=⎥⎦
⎤

⎢⎣
⎡
−

             Eq. 6-2 
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where Pi is the probability of occurrence of the considered land use type on location i 

and the X's are the location factors. The coefficients (β) are estimated through 

logistic regression using the actual land use pattern as dependent variable. It is 

assumed that locations are devoted to the land use type with the highest 'suitability', 

which could be monetary profit, cultural and other factors that lead to deviations 

from (economic) rational behaviour in land allocation. Most of these location 

characteristics relate to the location directly, such as soil characteristics and altitude 

or indirectly through decisions made at household, community or administrative 

level. These indirect factors are represented by accessibility measures, indicating the 

position of the location relative to important regional facilities, such as the market. 

 

6.1.1.3 Allocation procedure in the CLUE-S 

Once all the input data and information is supplied to the model, the allocation 

procedure begins and this is summarized in Fig 6.1 below. 

 

 Spatial pattern 
of land use 
and driving 

forces 

 
Changes in 

driving forces 

 
Probability 

surface for all 
land use types 

 
Logistic 

regression 

 
Demand for all land 

use types 

Allocation of change 
Decision rules 
and land use 
conversion 
elasticities 

 
Actual land 

use 

 

Fig. 6.1: Land cover allocation procedure    

(Verburg et al, 2002) 

 

6.1.2 Land cover scenario generation 

The initial land cover map was created from the classified satellite image (ETM 

2000/2001) as explained in Chapter 5. The model generated two land cover 

scenarios for the year 2020. The results obtained from the land cover classification 

i.e. rates of change and the likely conversions obtained from the land cover change 

matrix, were used to create the first scenario (Scenario 1) by extrapolation into the 

future. The second scenario (Scenario 2) was created using the same statistics which 

were increased/decreased as an indication of fast/slow socio-economic growth. Thus, 
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different land requirements (demand) were calculated from year 2001 to 2020 in 

each scenario. 

 

6.1.2.1 Input data 

The input data required includes restriction areas, land cover requirements (demand) 

and conversion settings, and location characteristics. However restriction areas were 

not used here because the aim was to get ‘worst’ and ‘best’ case scenarios which 

would provide a range of extremes of the model output for impact assessment. 

 

a) Land cover conversion settings 

Land cover conversion settings were obtained from the land cover classification 

change matrix. All land covers could be converted into agriculture, with forest having 

the least fractional area. Other covers such as shrubland and grassland could also be 

converted from one into another while forest could be converted to shrubland, 

agriculture and to a slight extent, grassland.  

 

b) Land cover requirements (demands) 

Land cover requirements (demands) were obtained by extrapolation (both increase 

and decrease) depending on the specific scenario within a period of 20 years starting 

from the 2001 land cover map (base map), and these were used to create two land 

cover scenarios. Due to the limitation of CLUE-S to take in a large number of grid 

cells, the resolution of the base map was reduced from 28.5 to 100m. Scenario 1 and 

2 represent the ‘worst’ and the ‘best’ case scenarios for the year 2020 respectively. 

Scenario 2 is more of a reversal of trends in the scenario 1 and this creates a 

situation that is almost similar to that of Landsat MSS (1973) except for RNGB and 

RNGE which have almost equal cover. 

 

i) Scenario 1 (worst case): Extrapolation of existing historical information  

The percentage change in land covers between 1973 and 2001 was calculated from 

the Table 5.4 (Section 5.4). These rates were used to extrapolate into the year 2020 

from the land cover of year 2000/2001 which was used as the baseline data to 

initialize the CLUE-S model. 

 

ii) Scenario 2 (best case): Good policies with regard to conservation of natural 

resources (forest e.t.c.) and sustainable agriculture with appropriate farming 

methods. This scenario focused on increase in forest area where previously degraded 
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through felling of trees for timber and charcoal e.t.c., and illegal allocation, decrease 

in agricultural area thus increase in grasslands and herbaceous vegetation. This is a 

reversal of the current trends in line with one of the UN Millennium Development 

Goals, which is to ensure environmental sustainability and reverse loss of 

environmental resources.   

 

c) Location characteristics 

The probability of occurrence of the considered land use type on a specific location 

was calculated using logistic regression with the actual land cover pattern as the 

dependent variable. The coefficients (β) from Eq. 6-2 were estimated using logistic 

regression within the statistical package SPSS, and are shown in Table 6.1 below. For 

each of the land cover types, a set of potential location factors that might influence 

the suitability of a location for that land cover was prepared. The location factors 

used in the logistic regression were population density, elevation (DEM), slope, 

distances to rivers (Dist_River) and towns (Dist_Towns) and lithology (Igneous, 

Metamorphic and Sedimentary rocks). The land cover map and the location factors 

were then imported into SPSS in tabular format for statistical analysis. A separate 

regression model was used for each land cover. The regression results were used by 

CLUE-S to determine the suitability of the locations for the different land cover types.  

 

The Exp(β) in Table 6.1, indicates whether the probability of a certain land use in a 

particular grid cell increases (higher than 1) or decreases (lower than 1) upon an 

increase in the independent variable. Its magnitude however is not an indication of 

the degree of its influence on a land cover. The logistic regression model was 

evaluated using the Relative Operating Characteristics, ROC (Pontius and Schneider, 

2001). Here, a map of suitability or predicted probability of a given land cover is 

compared with a map of reality i.e. the base map. This gives the proportion of grid 

cells that are categorized as change versus non-change in reality. If a grid cell is 

simulated as change in a suitability map, it is a ‘positive’. Therefore, a ‘true-positive’ 

is a cell that is categorized as change in both reality and the modeled scenario. A 

‘false-positive’ is a cell that is categorized as non-change in reality and as change in 

the modeled scenario. Thus, a plot of the rate of true-positives versus the rate of 

false-positives results in a curve where the ROC statistic is the area under that curve.  

 



 87

 

Table 6.1: Logistic regression results on probability of occurrence of land cover types 

 
 Forest Agriculture Shrubland Grasslands 

 β Exp(β) β Exp(β) β Exp(β) β Exp(β) 

Population density -0.0037 0.9963 0.0028 1.0028 0.0002 1.0034 -0.0044 0.9956 

DEM 0.0022 1.0022 0.0014 1.0014 -0.0010 0.9990 -0.0034 0.9966 

Slope 0.0826 1.0861 -0.1939 0.8238 0.1223 1.1301 0.0694 1.0719 

Distance to river   -0.0001 0.9999   0.0001 1.0001 

Igneous       0.4843 1.6230 

Metamorphic 0.6544 1.9240       

Sedimentary -0.7036 0.4948 0.4693 1.5988  0.6763 -0.5019 0.6054 

Distance to towns -0.0152 0.9849    1.0240 -0.0243 0.9760 

ROC 0.82 0.71 0.67 0.81 
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The best model shows an ROC value that varies from 0.5 to 1.0. If the model does 

not predict the occurrence of the land use type any better than a random approach 

this value would be equal to 0.5. Results show that shrubland was predicted with the 

lowest ROC (0.67). As this value is greater than 0.5, all the models developed can be 

considered to have a good skill. 

 

6.1.2.2 Model validation 

An attempt was made to back validate the CLUE-S. This was done by comparing 

Scenario 2 with the classified land cover map MSS (1973) from which the rates of 

change were determined. The results showed relatively good agreement for the FRST 

(12 and 13%) and AGRI (40 and 36%) respectively. There was discrepancy in the 

RNGB (46 and 27%) and RNGE (2 and 24%) classes. Although the ROC value for 

RNGE is high (0.81), the validation statistics show that there is need for more driving 

factors to be considered, in order to adequately determine their location prediction. 

The failure to reproduce the RNGB and RNGE classes could be a result of:  

i) the difference in resolution between the two maps. As mentioned earlier, 

the base land cover map had to be aggregated thus reducing its 

resolution. This would have an effect of masking less abundant pixels 

within the more abundant ones;  

ii) few driving factors, which would have the effect of assigning less 

effectively the probability of occurrence of a given land cover in a given 

location. Thus, there is need in the future to include more driving factors 

in the analysis, as they become available.  

 

6.1.2.3 Land cover allocation results 

Using all the above mentioned inputs, the allocation of the two scenarios yielded the 

following results (Fig. 6.2).  In scenario 1, agricultural land occupies the largest area 

while forest occupies the least. In scenario 2, the agricultural area is reduced by half 

while forest increases threefold. These two scenarios provide extremes of land cover 

changes that could be expected in 2020. The percentage cover of these scenarios are 

shown in Table 6.2                 
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Fig. 6.2: Land cover scenarios for 2020 

 

 

Table 6.2: Land cover scenarios for 2020 (% cover). 

  Scenario1 Scenario2 

Forest 4 13 

Agriculture 73 36 

Shrubland 8 27 

Grasslands 15 24 

 

6.2 Climate change scenarios 

Climate change scenarios were obtained from GCMs. These GCM outputs namely 

CCSR96, CSI296, ECH498, GFDL and HAD300 (APPENDIX B, Table B.8) were 

obtained from MAGICC/SCENGEN. These are versions of the models CCSR, CSIRO, 

ECHAM4, GFDL and HADCM3 respectively, and will be referred to as such from this 

point onwards. The IPCC "Special Report on Emissions Scenarios" (SRES) describes 

six illustrative "marker" scenarios (A1 [A1FI, A1B, A1T], A2, B1 and B2) derived from 

sets of assumptions about energy use, population growth, economic development, 

among other factors (IPCC, 2001). In this study, the commonly used climate change 

socio-economic and emission scenarios A2 and B2 were analyzed. The A2 puts 

emphasis on self-reliance and preservation of local identities and economic 
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development is primarily regionally oriented. The B2 scenario puts emphasis on local 

solutions to economic, social, and environmental sustainability (IPCC, 2001). 

Although there is a lot of uncertainty inherent in the GCM projections, the climate 

models were selected based on various criteria outlined in the section below. The 

uncertainty of the projections was quantified as a range of possible outcomes. 

 

6.2.1 Methodology 

6.2.1.1 MAGICC/SCENGEN model 

MAGICC/SCENGEN is a coupled gas-cycle/climate model (MAGICC) that drives a 

spatial climate-change scenario generator (SCENGEN) (Wigley et al., 2003). This 

model is from the Climatic Research Unit (CRU) of the University of East Anglia and 

was used in this study for scenario construction. In MAGICC, various parameters 

determine warming and sea level rise, the most important being the climate 

sensitivity (∆T2x) which is a measure of how the global temperature changes for a 

given radiative forcing. Using the IPCC best estimate ∆T2x = 2.6°C climate change 

scenarios presented here were generated for two selected 30-year periods, 2020s 

representing the period 2010-2039 and 2050s representing the period 2040-2069. It 

should be noted that these projections were not downscaled. 

 

MAGICC/SCENGEN has been used by IPCC to produce projections of future global-

mean temperature and sea level rise. MAGICC estimates change in global mean 

temperature while the SCENGEN component uses the global mean temperature 

output from MAGICC to scale the results from the transient GCMs to give regional 

output on temperature and precipitation. SCENGEN produces climate change 

information averaged over any selected region of the world. MAGICC/SCENGEN 

allows a user to compare average change in temperature or precipitation simulated 

by the GCMs relative to inter-model variability (that is, differences in projections of 

regional temperature and precipitation changes by different models). This is an 

indication of whether or not the models are in agreement on the direction of change. 

SCENGEN uses the scaling method of Santer et al., (1990) to produce spatial 

patterns of change from the atmosphere/ocean GCM (AOGCM) data on 5°x5° 

latitude/longitude grid. The scaling method is based on the separation of the global-

mean and spatial-pattern components of future climate change, and the further 

separation of the latter into greenhouse-gas and aerosol components. Spatial 
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patterns in the database are normalized and expressed as changes per 1oC change in 

global-mean temperature.  

 

The scaling can be represented by  

∆T/∆V*∆T∆V GCMiyearCMyeari, =                                             Eq. 6-3 

 

where V is the variable, ∆Vi is the 2xCO2 – 1xCO2 GCM change at gridpoint i, ∆TGCM is 

the GCM climate sensitivity, ∆TyearCM is the global mean temperature change defined 

by the climate model (CM) for a given year with respect to baseline year, and ∆Vi,year 

is the gridpoint change in variable V in the given year. This is important especially 

because it can quantify uncertainties in terms of inter-model differences. These can 

then be used to give probabilistic outputs, and quantify uncertainties in the time 

domain through standard signal-to-noise ratios, where the signal is the change in the 

mean state and the noise is the baseline inter-annual variability.  

 

6.2.1.2 Climate model uncertainty  

The differences in projections associated with different climate models for both 

rainfall (% change) and temperature (oC) changes are shown in Fig. 6.3. The 

changes in mean annual rainfall and temperature for 17 models were compared up to 

the year 2080 in order to better visualize the uncertainty inherent in the climate 

models. Rainfall shows a higher degree of uncertainty than temperature. All the 

models show an increase in the mean temperature while for rainfall some models 

show a decrease and others an increase. The uncertainty in rainfall as modeled by 

the different GCMs, increases with time both for rainfall and temperature. It can be 

seen that the discrepancies in 2020s are less between the models, but this increases 

in 2050s and further in 2080s. 
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Fig. 6.3: Comparison of mean annual changes in rainfall and temperature of 17 

climate models over the Nzoia catchment  

 

6.2.1.3 Selection of Climate models 

The climate models were selected based on the validation results from 

MAGICC/SCENGEN between the observed and modeled variable, and the inter-model 

signal-to-noise ratio (SNRs). The inter-model SNR is a useful index of climate change 

uncertainty and is defined as the across-model average of the normalized changes 

divided by the inter-model standard deviation (Wigley et al., 2003). It is a measure 

of the strength of the climate change signal, relative to the inter-model differences. A 

high inter-model SNR indicates a high level of consistency between models in terms 

of their normalized patterns of change. The selected models were based on a 
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correlation greater than 0.7 between the observed and simulated rainfall and 

temperature and a small root mean square error.  Model validation was carried out 

by comparing baseline model data sets with the observed climatologies (1981-2000). 

The comparison statistics are pattern correlations, root-mean-square errors (RMSE), 

and mean errors. It should be noted that a good (or bad) simulation of present-day 

climate does not necessarily translate to good (or bad) climate prediction results. The 

validation results obtained by comparing baseline model data sets with the observed 

climatologies are given in Table 6.3.  

 

Table 6.3: Climate models validation statistics for annual rainfall (1981-2000) 

MODEL CORRELATION, r 

RMSE 

mm/day 

MEAN ERROR 

mm/day 

CCSR 0.74 1.38 0.07 

CSIRO 0.86 1.04 -0.10 

ECHAM4 0.91 0.94 -0.15 

GFDL 0.74 1.40 0.05 

HADCM3 0.87 1.17 -0.24 

 

6.2.2 Results and discussion 

6.2.2.1 Average rainfall and temperature change scenarios 

Table 6.4 shows the 30-year monthly average rainfall and temperatures changes 

from the baseline (1981-2000), centered on the years 2020 and 2050. The averages 

were calculated for the five selected models to give an overview of the general 

differences between the two time periods on a monthly basis. On average, the 

scenarios indicate an increase in rainfall for the months October to April with a 

relatively smaller increase in temperature as compared to the months of May to 

September, which show a higher increase in temperatures and a decrease in rainfall. 

A distinct increase in rainfall is expected for the months December to February. 

These months are presently considered as the dry season. Generally scenario A2 

gives more rainfall than B2 while the 2050s indicate higher rainfall than the 2020s. 

B2 is a warmer scenario than A2 in both 2020s and 2050s, with the 2050s indicating 

a much warmer climate than the 2020s. 
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Table 6.4: Average monthly precipitation and temperature changes for scenarios A2 

and B2 (baseline is 1981-2000). 

   Precipitation (mm/day) 

   2020 2050 

  Baseline A2 B2 A2 B2 

Jan 0.8 0.9 0.9 1.1 1.1 

Feb 1.3 1.5 1.4 1.7 1.5 

Mar 2.8 3.6 3.2 4.2 3.5 

Apr 4.7 4.9 4.9 5.2 5.1 

May 4.6 4.5 4.5 4.5 4.5 

Jun 3.6 3.4 3.3 3.3 3.2 

Jul 3.5 3.2 3.2 3.0 2.9 

Aug 3.6 3.6 3.3 3.5 3.0 

Sep 3.3 3.3 3.2 3.4 3.1 

Oct 3.7 4.0 3.9 4.2 4.1 

Nov 2.9 3.6 3.1 4.0 3.2 

Dec 1.5 1.8 1.8 2.2 2.1 

     
 

 

  Temperature  (oC) 

   2020 2050 

  Baseline A2 B2 A2 B2 

Jan 24.1 24.5 24.6 25.4 25.2 

Feb 24.7 25.0 25.2 25.7 25.8 

Mar 24.8 25.0 25.1 25.6 25.7 

Apr 24.0 24.3 24.4 25.0 25.0 

May 23.3 23.7 23.9 24.6 24.6 

Jun 22.7 23.2 23.4 24.2 24.4 

Jul 22.2 22.8 23.0 23.9 23.9 

Aug 22.3 22.9 23.0 24.0 23.8 

Sep 22.8 23.3 23.5 24.2 24.0 

Oct 23.2 23.4 23.7 24.2 24.3 

Nov 23.3 23.5 23.7 24.2 24.3 

Dec 23.5 23.5 23.8 24.1 24.4 
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The least increase in rainfall is expected in the months April to October, which are 

wet months, while the months of November to March, the drier months, have larger 

increases. Even with this pattern, the seasonality of rainfall is still maintained even 

though with varied total amounts (Fig 6.4). Of all the three rainfall seasons, 

September to November (SON) receives the lowest amount. Applying the monthly 

adjustments (% change) to the observed monthly rainfall, the total amount of rainfall 

in December to February (DJF) will still be less than that received presently for the 

March to May (MAM) and JJA seasons by about 60% and 56% in the 2020s and 54% 

and 49% in 2050s respectively (see Table B.10 in Appendix B for the seasonal 

rainfall amounts). 

 

 

Fig. 6.4: Comparison of the observed seasonal rainfall against scenarios A2 and B2 in 

the 2020s and 2050s 

 

An exception to this is the CCSR scenario in the 2050s which gives the months DJF 

higher rainfall than JJA. The JJA period is one of the rainfall seasons in this region. 

This implies that under this scenario there is likely to be a shift in activities 

dependent on JJA rainfall season such as agriculture. Also there is likely to be only 

one distinct rainfall season (MAM) and that drought conditions could be experienced 

for most part of the year.  
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6.2.2.2 Comparison of rainfall and temperature between models and 

scenarios 

Scenarios of future climate were obtained by adjusting the baseline observations by 

the difference (in the case of temperature) or percentage change (in the case of 

rainfall) between period-averaged results for the GCM experiments (30-year period) 

and the simulated baseline period (1981-2000). Table 6.5 shows the actual monthly 

rainfall and temperature for scenarios A2 and B2 in the 2020s and 2050s. 

 

In general, scenario A2 gives more increases in rainfall than B2 in each time period 

and according to these scenarios, more rainfall will be experienced in the 2050s than 

in the 2020s. Looking at the individual climate models (Fig. 6.5), all the models, 

except CCSR, are consistent in terms of changes in rainfall. However, CSIRO differs 

slightly for the months of January and February while GFDL differs slightly in the 

month of December. CCSR shows a marked deviation from the other models. It gives 

very high rainfall increases in the drier months and very low amounts to the wet 

months. When these changes in rainfall are applied to the observed rainfall series, 

ECHAM4 has the highest rainfall amounts followed by CSIRO, GFDL, HADCM3 and 

CCSR, in that order. 

 

 

Fig. 6.5: Change in rainfall with respect to baseline period for the scenarios A2 

(upper) and B2 (lower) in the 2020s and 2050s 
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Table 6.5: GCM monthly rainfall (a and b) and temperature (c and d) for scenarios A2 and B2 in the 2020s and 2050s 

 

a) Rainfall (mm/day)          

   A2 2020      B2 2020   

 CCSR CSIRO ECHAM4 GFDL HADCM3  CCSR CSIRO ECHAM4 GFDL HADCM3 

Jan 1.1 0.9 0.8 0.9 0.8  1.2 0.9 0.9 0.9 0.9 

Feb 1.7 1.6 1.5 1.4 1.4  1.6 1.5 1.4 1.3 1.3 

Mar 4.0 3.5 3.6 3.6 3.5  3.5 3.1 3.2 3.2 3.1 

Apr 5.0 4.8 5.1 4.8 4.8  5.0 4.8 5.1 4.8 4.8 

May 4.2 4.4 4.7 4.6 4.6  4.2 4.4 4.7 4.6 4.6 

Jun 2.9 3.5 3.7 3.4 3.5  2.9 3.4 3.7 3.3 3.4 

Jul 2.5 3.3 3.4 3.3 3.6  2.5 3.2 3.4 3.2 3.6 

Aug 3.2 3.7 3.7 3.7 3.9  2.9 3.4 3.4 3.4 3.5 

Sep 2.9 3.4 3.5 3.4 3.5  2.8 3.3 3.4 3.3 3.3 

Oct 4.0 4.0 4.0 4.1 3.9  3.9 3.9 4.0 4.0 3.8 

Nov 3.5 3.7 3.5 3.7 3.5  3.0 3.2 3.0 3.3 3.0 

Dec 2.5 1.7 1.6 1.8 1.6  2.4 1.6 1.5 1.8 1.6 
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Continued…..Table 6.5 

 

b) Rainfall (mm/day)          

   A2 2050      B2 2050   

 CCSR CSIRO ECHAM4 GFDL HADCM3  CCSR CSIRO ECHAM4 GFDL HADCM3 

Jan 1.7 1.0 0.8 0.9 0.8  1.5 1.0 0.9 1.0 0.9 

Feb 2.3 2.0 1.6 1.4 1.4  2.0 1.7 1.4 1.3 1.3 

Mar 5.0 3.9 4.1 4.0 3.8  4.2 3.3 3.4 3.3 3.2 

Apr 5.6 5.0 5.6 4.8 4.8  5.4 5.0 5.5 4.8 4.8 

May 3.8 4.3 4.9 4.8 4.7  3.9 4.3 4.8 4.7 4.6 

Jun 2.1 3.4 4.1 3.3 3.6  2.2 3.3 3.9 3.2 3.4 

Jul 1.2 3.1 3.6 3.1 4.0  1.5 3.0 3.4 3.0 3.8 

Aug 2.4 3.8 3.6 3.6 4.1  2.1 3.3 3.1 3.1 3.5 

Sep 2.2 3.6 3.9 3.5 3.7  2.2 3.3 3.5 3.2 3.4 

Oct 4.2 4.2 4.3 4.5 3.9  4.1 4.1 4.2 4.3 3.9 

Nov 3.7 4.3 3.7 4.4 3.7  3.0 3.4 3.0 3.5 3.0 

Dec 3.8 1.7 1.5 2.2 1.7  3.4 1.7 1.5 2.0 1.7 
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Continued…..Table 6.5 

 

c) Temperature (oC)          

   A2 2020      B2 2020   

 CCSR CSIRO ECHAM4 GFDL HADCM3  CCSR CSIRO ECHAM4 GFDL HADCM3 

Jan 24.4 24.4 24.8 24.3 24.7  24.5 24.4 24.9 24.4 24.7 

Feb 24.8 24.9 25.3 24.8 25.3  25.0 25.0 25.5 25.0 25.5 

Mar 24.7 24.9 25.1 24.9 25.2  24.9 25.0 25.2 25.0 25.4 

Apr 24.3 24.2 24.2 24.1 24.6  24.4 24.4 24.4 24.3 24.7 

May 23.8 23.6 23.6 23.6 24.0  24.0 23.8 23.8 23.8 24.2 

Jun 23.5 23.1 23.1 22.8 23.5  23.7 23.4 23.3 23.1 23.7 

Jul 23.1 22.8 22.7 22.8 22.8  23.2 22.9 22.8 22.9 23.0 

Aug 23.3 22.9 22.9 22.8 22.8  23.3 23.0 23.0 22.9 22.9 

Sep 23.6 23.3 23.2 23.2 23.3  23.7 23.4 23.4 23.4 23.4 

Oct 23.6 23.4 23.2 23.5 23.5  23.9 23.7 23.5 23.8 23.8 

Nov 23.6 23.5 23.5 23.4 23.7  23.8 23.7 23.7 23.6 23.9 

Dec 23.5 23.5 23.5 23.3 23.7  23.8 23.8 23.9 23.6 24.0 
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Continued…..Table 6.5 

 

 

d) Temperature (oC)          

   A2 2050      B2 2050   

 CCSR CSIRO ECHAM4 GFDL HADCM3  CCSR CSIRO ECHAM4 GFDL HADCM3 

Jan 25.1 25.0 26.2 24.8 25.8  25.0 25.0 25.9 24.7 25.5 

Feb 25.2 25.3 26.4 25.2 26.6  25.4 25.5 26.4 25.4 26.5 

Mar 24.9 25.5 26.0 25.4 26.4  25.1 25.5 25.9 25.5 26.3 

Apr 25.0 24.9 24.8 24.6 25.7  25.0 24.9 24.9 24.7 25.6 

May 24.9 24.3 24.3 24.2 25.3  24.9 24.4 24.4 24.3 25.2 

Jun 24.9 23.9 23.9 23.3 24.9  25.0 24.2 24.1 23.6 24.9 

Jul 24.7 23.7 23.5 23.8 24.0  24.5 23.7 23.5 23.7 23.9 

Aug 24.9 23.8 24.0 23.7 23.7  24.5 23.7 23.8 23.6 23.6 

Sep 24.9 24.1 23.9 24.0 24.1  24.8 24.1 24.0 23.1 24.2 

Oct 24.7 24.0 23.6 24.2 24.3  24.9 24.4 24.0 23.5 24.6 

Nov 24.3 24.1 24.1 23.8 24.6  24.5 24.2 24.2 24.0 24.7 

Dec 24.2 24.1 24.2 23.6 24.6  24.5 24.4 24.5 24.0 24.8 
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Temperature changes in the 2020s are consistent in all the models with only slight 

differences for CCSR (Fig. 6.6). In the 2050s, there are marked differences in 

temperature changes between the models and this is an indication of the uncertainty 

associated with temperatures projections for this time period. According to Scenarios 

A2 and B2, the months June to August (JJA) will experience higher temperature 

increases. These are normally the cold season months. All the scenarios indicate that 

temperature will increase in this region, with the 2050s experiencing much higher 

increases than the 2020s. This projection, where the cold months get warmer and 

the already warm months get much warmer, could alter the distribution of agro-

ecological zones. This region is mainly agricultural and thus changes in temperature 

are very important. Warming tends to accelerate plant growth, thus reducing the 

length of the growing season and the quality of yields may decrease eventually. The 

warming could also lead to the upcoming of new pests and diseases, further reducing 

the quality of the yields. 

 

 

Fig. 6.6: Change in temperature (oC) with respect to the baseline period for the 

scenarios A2 (upper) and B2 (lower) in 2020s and 2050s 
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6.2.3 Conclusion 

The CLUE-S was used to generate land cover scenarios namely the ‘best’ and ‘worst’ 

case scenarios. The ‘best’ scenario considered environmental sustainability with a 

reversal of loss of environmental resources, while the ‘worst’ scenario was an 

extrapolation of the historical trends. Different evaluation criteria for model validity 

were used. It was concluded that the results were adequate for use in impact 

assessment. The climate scenarios were generated from GCMs and a total of five 

models were selected. These were used to perturb the historical time series for use in 

the hydrological model. Downscaling of the GCM outputs was not carried out and so 

care is taken when interpreting these results.  

   

In various LULC change studies, it is recognized that future developments of driving 

factors especially socio-economic factors are unknowable and that assigning them 

probabilities will be a great challenge. Land cover change scenarios largely depend on 

factors such as population pressures, availability of resources to sustain livelihoods, 

political and economic pressures, and law enforcement on protection of natural 

resources etc., which are very unpredictable especially in the developing countries. 

However, it is worth investing more into this research to find more and better 

explanatory factors of LULC change, if only to reduce and/or explain the uncertainties 

inherent in LULC projections. This will provide policy makers with information for risk 

assessment and management of resources. It is also worthwhile to recognize that 

uncertainty will remain inherent in all future projections, be they climate change or 

LULC change, and that more efforts would be best utilized presenting uncertainty in a 

more effective way than in narrowing the range of uncertainty. On the other hand, 

care should be taken to avoid representing uncertainty as a range of outcomes at the 

expense of deriving important information about the most likely impacts of LULC and 

climate changes.  
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CHAPTER 7 

SWAT MODEL SETUP, CALIBRATION AND VALIDATION 

7 SWAT MODEL SETUP, CALIBRATION AND VALIDATION 

7.1 Introduction 

The model SWAT2005 was used for hydrological modelling and the model input files 

were created by way of the Arcview-SWAT (AVSWAT) interface. A sensitivity analysis 

on the model parameters was performed, and the model was calibrated and validated 

for use in impact assessment. The sensitivity analysis was carried out using the Latin 

Hypercube and ‘One-factor-At-a Time’ (LH-OAT) method while the Parameter 

ESTimation (PEST) tool was used to calibrate the model. The model output was 

analysed in terms of the water balance components namely rainfall, surface runoff, 

groundwater and evapotranspiration.  

 

7.2 Model description- SWAT2005 

SWAT is a continuous time model that operates on a daily/sub-daily time step. It is 

physically based and can operate on large basins for long periods of time (Arnold et 

al., 1998). The basic model inputs are rainfall, maximum and minimum temperature, 

radiation, wind speed, relative humidity, land cover, soil and elevation (DEM). The 

watershed is subdivided into subbasins that are spatially related to one another. This 

configuration preserves the natural channels and flow paths of the watershed. The 

subbasin watershed components can be categorized into the following components – 

hydrology, weather, erosion and sedimentation, soil temperature, plant growth, 

nutrients, pesticides and land management. In the land phase of the hydrologic 

cycle, runoff is predicted separately for each hydrologic response unit (HRU) and 

routed to obtain the total runoff for the watershed. Once the loadings (water, 

sediment, nutrients and pesticides) to the main channel are determined, they are 

routed through the stream network of the watershed.  

 

 

The hydrologic cycle is based on the water balance equation: 

( )∑
=

−−−−+=
t

1i
QgwWdeepEaQsurfRdaySW0SWt                        Eq. 7-1 
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where SWt is the final soil water content (mm H2O), SW0 is the initial soil water 

content on day i (mm H2O), t is the time (days), Rday is the amount of precipitation 

on day i (mm H2O), Qsurf is the amount of surface runoff on day i (mm H2O), Ea is the 

amount of evapotranspiration on day i (mm H2O), Wdeep is the amount of water into 

the deep aquifer on day i (mm H2O), and Qgw is the amount of return flow on day i 

(mm H2O). Runoff is predicted separately for each HRU and routed to obtain the total 

runoff for the watershed. A brief description of SWAT is given in APPENDIX A (A.1) 

but more details can be found in the SWAT User’s Manual (Neitsch et al., 2005). 

 

The first subdivision of the catchment is the subbasin. Subbasins are spatially related 

to one another and contain at least one HRU, a tributary channel and a main channel 

or reach. The next subdivisions are the hydrologic response units. These are portions 

of a subbasin that possess unique landuse/cover and soil attributes although their 

geographic locations are unknown. In other words, an HRU is the total area in the 

subbasin with a particular landuse/cover, and soil. While individual HRUs may be 

scattered throughout a subbasin, their areas are lumped together to form one HRU. 

Thus, the HRUs serve to account for the complexity of the landscape within the 

subbasins. An assumption is made that there is no interaction between HRUs in one 

subbasin. Loadings (e.g runoff) from each HRU are calculated separately and then 

summed together to determine the total loadings from the subbasin. If the 

interaction of one landuse area with another is important, rather than defining those 

landuse areas as HRUs they should be defined as subbasins because it is only at the 

subbasin level that spatial relationships can be specified. The benefit of HRUs is the 

increase in accuracy it adds to the prediction of loadings from the subbasin. For 

example, the growth and development of different plants can differ greatly and when 

the diversity in plant cover within a subbasin is accounted for, the net amount of 

runoff entering the main channel from the subbasin will be much more accurate. 

 

SWAT inputs defined at three levels, namely watershed, subbasin and HRU, are used 

to model processes throughout the catchment. There are processes modeled using 

one method for all HRUs in the catchment e.g. the method selected to model 

potential evapotranspiration.  At the subbasin level, inputs are set at the same value 

for all HRUs in the subbasin e.g. rainfall and temperature information. At the HRU 

level, inputs can set to unique values for each HRU in the catchment e.g. a land 

management scenario simulated in an HRU. 
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In SWAT, surface runoff amounts can be estimated using either the SCS curve 

number (Eq. 7-2) or the Green & Ampt infiltration method. In this study, the SCS 

curve number method was used. It is an empirical model that estimates the amounts 

of runoff under varying land use and soil types. The SCS curve number (CN) is a 

function of the soil’s permeability, land use and antecedent soil water conditions. 

 

( )
( )SIR

IR
Q

aday

aday
2

surf +−

−
=           Eq. 7-2 

 

where Qsurf is the accumulated runoff or rainfall excess (mm H2O), Rday is the rainfall 

depth for the day (mm H2O), Ia is the initial abstractions which includes surface 

storage, interception and infiltration prior to runoff (mm H2O), and S is the retention 

parameter (mm H2O). The retention parameter varies spatially due to changes in 

soils, land use, management and slope and temporally due to changes in soil water 

content. The retention parameter is defined as: 

 

⎟
⎠
⎞

⎜
⎝
⎛ −= 10

CN
10004.25S           Eq. 7-3 

 

where CN is the curve number for the day. The initial abstractions, Ia, is 

approximated as 0.2S and Eq 7-2 becomes Eq 7-4 
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The peak flow rate is calculated using the modified rational formula Eq 7-5 

t6.3
AreaQ

q
conc

surftc
peak ⋅

⋅⋅α= .         Eq. 7-5 

where qpeak is the peak runoff rate (m3/s), αtc is the fraction of daily rainfall that 

occurs during the time of concentration, Qsurf is the surface runoff (mm H2O), Area is 

the subbasin area (km2), tconc is the time of concentration for the subbasin (hr) and 

3.6 is a unit conversion factor. 

 

SWAT provides three methods that can be used to calculate potential 

evapotranspiration (PET). These are the Penman-Monteith method, the Priestley-

Taylor method and the Hargreaves method. The model can also read in daily PET 
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values if the user prefers to apply a different potential evapotranspiration method. 

The three PET methods vary in the amount of required inputs. The Penman-Monteith 

method requires solar radiation, air temperature, relative humidity and wind speed. 

The Priestley-Taylor method requires solar radiation, air temperature and relative 

humidity. The Hargreaves method requires air temperature only. This last method 

was used in this study to estimate the potential evapotranspiration. 

 

( ) ( )8.17TTmnTmxH0023.0E av
5.0

0o +⋅−⋅⋅=λ      Eq. 7-6 

 

where λ is the latent heat of vaporization (MJ/kg), Eo is the potential 

evapotranspiration (mm/d), H0 is the extraterrestrial radiation (MJ/m2/d), Tmx is the 

maximum air temperature for a given day (°C), Tmn is the minimum air temperature 

for a given day (°C), and T av is the mean air temperature for a given day (°C). 

 

7.3 SWAT Model setup for the Nzoia catchment 

The SWAT model was set up using data described in Chapter 3 and the SWAT-

ARCVIEW (AVSWAT) interface. The interface helped to create the stream network, 

delineate the catchment boundary from the DEM and further subdivide the catchment 

into subbasins. The land cover and soil layers were used to generate HRUs. The 

climatic data was also integrated spatially to assign these data as the main drivers of 

the model to the various subbasins.  

 

The model setup steps are described below. 

i. The first step was to load the digital elevation model (DEM) in the AVSWAT 

interface. This map was projected to the Lambert azimuthal equal area 

projection.  

ii. A mask of the Nzoia ctachment was used to focus the watershed area. This is 

however not a necessary step if the general location of the catchment is 

known.     

iii. The stream network was generated by use of a threshold area that defines the 

origin of a stream. The smaller the number, the more detailed the stream 

network generated by the interface. 

iv. The locations of the two river gauging locations were added as subbasin 

outlets. This was to ensure that the model calibration was done at their exact 

locations. Once the entire watershed outlet is selected, the subbasins are 
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delineated and their parameters calculated. The subbasins are shown in Fig 

3.1. 

v. Next, the landuse and soil maps are loaded. The lookup table for each map is 

also loaded in order for the interface to know which codes or names to assign 

to the different categories. Once the land use and soil map have been loaded 

and reclassified, an overlay is done, resulting in landuse/soil distribution 

within the subbasins. 

vi. The HRUs were then created by applying thresholds of landuse (10%) over 

the subbasin area, and the soil class (20%) over the landuse area. A total 

number of 29 subbasins and 106 HRUs were created. However, only 26 

subbasins and 95 HRUs, upto the most downstream streamflow station, were 

used for this study. The number of subbasins, and HRUs in each subbasin are 

given in Table 7.1 

vii. Next, the climatic data (observed rainfall and temperature) are loaded and the 

interface assigns the different weather station data sets to the subbasins in 

the watershed.  

viii. In the final step, the SWAT input files are built and the model is ready to run. 
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Table 7.1: Subbasins and HRUs created by the AVSWAT interface in the Nzoia 

catchment 

Subbasin Area 

(km2) 

% Watershed 

Area 

Landuse/cover Number of 

Hydrologic 

response 

units 

1 280.7 2.21 Agriculture, Shrubland 3 

2 259.6 2.05 Forest, Agriculture 7 

3 281.2 2.22 Forest, Agriculture 4 

4 485.8 3.83 Shrubland, Grasslands, Forest, Agriculture 7 

5 218.2 1.72 Forest, Agriculture 2 

6 89.6 0.71 Shrubland, Agriculture 2 

7 863.2 6.81 Agriculture, Shrubland, Forest 3 

8 261.0 2.06 Agriculture, Shrubland 4 

9 254.5 2.01 Forest, Agriculture 5 

10 281.1 2.22 Agriculture, Shrubland  4 

11 346.0 2.73 Agriculture, Shrubland  3 

12 808.6 6.38 Forest, Grasslands, Agriculture, Shrubland 4 

13 341.9 2.7 Agriculture, Grasslands, Shrubland  5 

14 577.5 4.56 Grasslands, Forest, Shrubland 4 

15 111.9 0.9 Agriculture, Forest, Shrubland  6 

16 712.2 5.62 Agriculture, Shrubland 3 

17 653.7 5.16 Forest, Agriculture 2 

18 33.8 0.27 Agriculture, Shrubland 4 

19 1154.3 9.11 Forest, Shrubland, Agriculture 3 

20 722.9 5.7 Forest, Agriculture, Shrubland  4 

21 326.9 2.58 Shrubland, Agriculture  5 

22 90.7 0.72 Shrubland, Agriculture 2 

23 1181.1 9.32 Agriculture, Shrubland 2 

27 424.1 3.33 Agriculture, Shrubland 2 

28 613.4 4.84 Shrubland, Agriculture 2 

29 383.1 3.02 Shrubland, Agriculture  3 
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7.4 Model calibration and validation 

7.4.1 Sensitivity Analysis 

A sensitivity analysis was carried out prior to the calibration exercise. This was done 

by use of the LH-OAT method (van Griensven and Meixner, 2006). This method 

combines the ‘One-factor-At-a Time’ (OAT) design and the Latin Hypercube (LH) 

sampling by taking the LH samples as initial points for a OAT design. 

 

i) LH simulations 

The LH simulation is based on the Monte Carlo simulation but uses a stratified 

sampling approach that allows efficient estimation of the output statistics. The 

distribution of each parameter is subdivided into N ranges each with a probability of 

occurrence of 1/N. Each range is sampled once and random values of the parameters 

are generated. The model is then run N times with the random combinations of the 

parameters. 

 

ii) One-factor-At-a Time sampling 

The OAT design integrates local to global sensitivity method. In each run, only one 

parameter is changed and thus the changes in the output can be attributed to the 

input parameter changed. Considering n parameters, n+1 model runs are performed 

to obtain one partial effect for each parameter. Each input parameter is varied one 

by one starting from an initial vector. The result of the influence of a parameter may 

depend on the values chosen for the remaining parameters i.e. a partial effect, thus 

the process is repeated for several sets of input parameters. The final effect is then 

calculated as the average of all the partial effects. The variance of this set gives a 

measure of how uniform the effects are. The elementary effects obtained using this 

procedure allows the screening of the entire set of input parameters with a low 

computational requirement. 

 

iii) LH-OAT sensitivity analysis 

The LH-OAT method combines the two methods described above, thus ensuring that 

the full range of all parameters has been sampled with the precision of an OAT 

design. This leads to a robust and efficient sensitivity analysis method. For m 

intervals in the LH method and p parameters, a total of m*(p+1) runs are required. 

The model was run from the period 1970-1999 (using the upstream station) for the 

sensitivity analysis and the results are given in Table 7.2. The sensitivity analysis was 
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carried out against the measured streamflow. The objective function (i.e. the sum of 

the squared errors between the observations and the simulations) is calculated 

during each run. The effect of a change of a parameter value on this objective 

function is then calculated. The parameters are ranked with decreasing sensitivity.  

 

Table 7.2: Parameter sensitivity ranking 

Parameter Code Rank Parameter Description File 

CN2 1 Initial SCS CN II value *.mgt 

RCHRG_DP 2 Deep Aquifer percolation coefficient *.gw 

GWQMN 3 Threshold depth of water in the shallow aquifer 

required for return flow to occur 

*.gw 

GW_REVAP 4 Groundwater revap coefficient *.gw 

CANMX 5 Maximum canopy storage *.hru 

SOL_AWC 6 Available water capacity *.sol 

ESCO 7 Soil evaporation compensation factor *.hru 

SLOPE 8 Average slope steepness *.hru 

SOL_Z 9 Soil depth *.sol 

SOL_K 10 Saturated hydraulic conductivity *.sol 

REVAPMN 11 Threshold water in the shallow aquifer for revap to 

occur 

*.gw 

ALPHA_BF 12 Baseflow alpha factor *.gw 

GW_DELAY 13 Groundwater delay *.gw 

BIOMIX 14 Biological mixing efficiency *.mgt 

CH_K2 15 Channel effective hydraulic conductivity *.rte 

SURLAG 16 Surface runoff lag time *.bsn 

SOL_ALB 17 Moist soil albedo *.sol 

SLSUBBSN 18 Average slope length *.hru 

EPCO 19 Plant uptake compensation factor *.hru 

CH_N 20 Manning’s n value for main channel *.rte 

 

7.4.2 Baseflow separation 

Two methods of baseflow separation were used in order to ascertain with more 

confidence the baseflow fractions. Both the baseflow and surface runoff were used 

during the model calibration to compare the observed with the simulated values. This 
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provided insight into the components that needed to be adjusted further for better 

results. The period of analysis was 1968-1985 for both the streamflow stations. 

 

i) Baseflow separation using an automated digital filter  

The baseflow was separated from streamflow using an automated digital filter 

(Arnold and Allen, 1999). The baseflow bt, is estimated using Eqs. 7-7 and 7-8.   

 

( ) ( )QQ2β1βqqt 1tt1t −− −∗++=                          Eq. 7-7 

qtQtbt −=           Eq. 7-8 

where, 

 qt is the filtered surface runoff at time step t 

Qt and Qt-1 represent the observed streamflow at time steps t and t-1 

respectively 

 β is the filter parameter 

 

This filter passes over the streamflow data three times (forward, backward and 

forward). Each pass results in less baseflow as a percentage of total flow. In their 

study, Arnold and Allen (1999) compared published baseflow values from various 

studies. Most of these values were found to lie between baseflow Pass 1 and Pass 2. 

The mean baseflow for two passes was found to be 6% less; for three passes 10% 

less, than one filter pass. Table 7.3 gives the baseflow fractions at the two river 

gauging stations. 

 

Table 7.3: Baseflow fractions contribution to the water yield, baseflow recession 

constant (alpha) and number of baseflow days (1968-1985). 

Gauge 

Station 

Baseflow 

Fraction 

(Pass1) 

Baseflow 

Fraction 

(Pass2) 

Baseflow 

Fraction 

(Pass3) 

Alpha 

 

Baseflow 

Days 

Upstream 0.79 0.67 0.60 0.03  85.18 

Downstream 0.83 0.74 0.68 0.02 100.60 
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ii) Baseflow separation using WETSPRO (Water Engineering Time Series PROcessing 

Tool, Willems (2000)) 

This is a generalization of the Chapman filter which was based on the linear reservoir 

modeling concept. The generalization consists of time variability in the fraction of the 

cumulative values in the total time series that is related to the filtered component. 

The fractions of flow obtained using WETSPRO are given in Table 7.3. The baseflow 

fractions calculated using the second method were within the range determined using 

the first method. Thus, they were used to represent baseflow fractions in the 

baseflow and surface runoff calculations. Fig. 7.1 below shows the baseflow 

estimated using the two methods explained above 

 

Table 7.4: Quantities of surface runoff, baseflow and total water yield (1968-1986).  

Gauge 

Station 

Surface runoff 

(mm) 

Baseflow 

 (mm) 

Water  yield  

(mm) 

Upstream 55.5 149.7 (0.73)* 205.2 

Downstream 48.2 178.3 (0.79)* 226.5 

(*Baseflow fractions) 
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Fig. 7.1: Comparison between baseflow estimated using WETSPRO and the 

automated digital filter (Pass 1, 2 and 3) 
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7.4.3 Model Calibration  

7.4.3.1 Calibration procedure 

i) PEST tool 

The parameter estimation tool, PEST, (Doherty, 2004), was used to calibrate the 

model. It uses a non-linear estimation technique known as the Gauss-Marquardt-

Levenberg (GML) method and optimizes the fit between observations and model 

output using weighted least squares. The GML is generally a very fast way of finding 

the minimum of the objective function, especially where only one minimum exists. A 

tool within PEST (PD_MS-Pest Driver Multiple Search) that combines random 

sampling and parameter tracking to find the global minimum of the objective function 

was used prior to calibration. This tool searches for the global minimum in the 

objective function in a calibration context in which there may be many local minima. 

Thus it attempts to combine the strengths of global optimization methods with the 

speed of the GML method by incorporating a certain degree of randomness into the 

parameter estimation process. These tools have been used in studies such as those 

by Lin and Radcliffe (2006) and, Gallagher and Doherty (2007), among others. A 

more detailed description of PEST and PD_MS are given in APPENDIX  A2. 

 

ii) Parameter estimation 

Calibration was done at two gauging stations DDA01 (upstream) and EE01 

(downstream), with drainage of 10100 km2 and 11760 km2 respectively. The model 

was calibrated for the period 1978 to 1985 with the first two years as the “warm up” 

period. Thus only results for the period 1980-1985 were used in the evaluation of the 

calibration exercise. The sensitivity results guided the selection of parameters that 

required calibration. The parameters used to calibrate the model were CN2, 

RCHRG_DP, GWQMN, GW_REVAP, SOL_AWC, ESCO, and SURLAG. All optimized 

parameters and the corresponding calibration ranges are given in APPENDIX B, Table 

B.9.  

 

After the model was set, an initial run was made and the simulated hydrograph was 

compared to the observed streamflow. It was observed that the surface runoff was 

highly overestimated compared to the baseflow. Thus, it was prudent to start with 

the calibration of streamflow in such a way as to reduce the surface runoff within a 

reasonable range. The surface runoff values were obtained from the filter results 

using the baseflow filter. The ranking of CN2 as the most sensitive parameter to 

surface runoff also made this a necessary initial step in the calibration process. As an 



 114 

initial step, the streamflow was calibrated where the parameters CN2, SOL_AWC and 

ESCO were adjusted until surface runoff values were within 10-15% of the observed. 

The ranges of CN2 values (for a 5% slope) originally derived by SCS Engineering 

Division (1986) were obtained from the SWAT User’s manual. Using Eq. 7-9 (Neitsch 

et al., 2005), the CN2 values were adjusted for slope effects: 

 

( )[ ] CN13.86.slp2.exp1.
3

CNCNCN 2
23

2s +−−
−

=                         Eq. 7-9 

where CN2s is the moisture condition II curve number adjusted for slope, CN3 is the 

moisture condition III curve number for the default 5% slope, CN2 is the moisture 

condition II curve number for the default 5% slope, and slp is the average percent 

slope of the subbasin.  

 

The parameters SOL_AWC were obtained from the soil data and these were adjusted 

only slightly from their initial values by ±0.2mm. Initially, a total of 32 different 

types of soil were considered. The number however reduced to ten during the 

calibration process, where those that were insensitive to the model output were 

excluded from the calibration process. Soils that were found to be sensitive were 

those that occupied a large area and/or occurred more abundantly (about 60% of the 

catchment) and these were located mainly in the eastern half and lower part of the 

catchment. The soil evaporation compensation factor (ESCO) was also calibrated. It 

is a coefficient used to modify the depth distribution of soil water to meet the soil 

evaporative demand.  SWAT does not allow a different soil layer to compensate for 

the inability of another layer to meet its evaporative demand. The evaporative 

demand not met by a soil layer results in a reduction in actual evapotranspiration for 

the HRU. Thus, ESCO may be used arbitrarily at the expense of achieving realistic 

values for evapotranspiration and soil moisture, since there are no guidelines on how 

to change it, nor does it have a physical representation. This may affect the 

estimation of unsaturated flow, which is indirectly modeled with the depth 

distribution of plant water uptake and the depth distribution of soil water 

evaporation. 

 

After acceptable values for surface runoff were obtained, the model was then 

calibrated for groundwater. The considered groundwater parameters were 

RCHRG_DP, GWQMN, and GW_REVAP. These were calibrated with an initial whole 

range of each parameter and subsequently narrowed down in later optimization 
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iterations. In the end, most of the parameters remained in their original (default) 

values or were only slightly different. The ground water parameters were somewhat 

difficult to calibrate given that they had to be changed arbitrarily due to lack of 

information on appropriate values for these parameters. However, the baseflow value 

filtered from observed streamflow was used to check the simulation of groundwater 

processes. 

 

Another parameter that was very useful in shaping the hydrograph was the SURLAG. 

This is a surface runoff lag coefficient that determines the fraction of the total 

available water that is allowed to enter the reach on any given day. For a given time 

of concentration, more water is held in storage as SURLAG decreases in value. This 

has the effect of delaying the release of surface runoff, thus smoothing the 

streamflow hydrograph.  

 

iii) Parameter confidence intervals 

The parameter confidence intervals were calculated at the 95% confidence limits for 

the adjustable parameters. These confidence intervals are calculated based on the 

same linearity assumption which was used to derive the equations for parameter 

improvement implemented in each PEST optimization iteration (see Appendix A2). 

The parameter upper and lower bounds are not taken into account in the calculation 

of the confidence intervals. Thus, an upper or lower confidence limit can lie outside a 

parameter’s allowed domain. This is done so as not to provide an unduly optimistic 

impression of parameter certainty. These confidence limits provide a useful means of 

comparing the certainty with which different parameter values are estimated. 

Parameters may be estimated with a large margin of uncertainty because they are 

correlated. For example, if two parameters are varied in harmony and, provided one 

is varied in a manner that properly complements the variation of the other, there will 

be little effect on the objective function. Hence, while the objective function may be 

individually sensitive to each one of these parameters, it appears to be relatively 

insensitive to both of them if they are varied simultaneously. The calibrated 

parameters and their confidence interval are shown in Fig. 7.2 and 7.3. The full range 

of the calibrated parameters is given in Table B.9 (in Appendix). 
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Fig. 7.2: Optimized surface water model parameters and their confidence intervals: 

Upper: SCS runoff curve number (CN2) for different land covers and hydrologic soil 

groups (A, B, C and D). Lower: Available water capacity for different soil types. 
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Fig. 7.3: Optimized groundwater model parameters and their confidence intervals 

(Gwqmn- Threshold depth of water in the shallow aquifer required for return flow to 

occur. Rchrg_dp- Deep Aquifer percolation coefficient: The fraction of percolation 

from the root zone which recharges the deep aquifer. Gw_revap- Groundwater 

revap coefficient: As Gw_revap approaches 0, movement of water from the shallow 

aquifer to the root zone is restricted. As Gw_revap approaches 1, the rate of transfer 

from the shallow aquifer to the root zone approaches the rate of potential 

evapotranspiration.) 

 

7.4.3.2 Results- Calibration and validation  

i. Water balance statistics for the calibration period 

The water balance was calculated and the results are given in Table 7.4. The results 

show that the model was able to adequately simulate the surface runoff, baseflow 

and water yield on the long term where the largest difference was about 4.5 mm. In 

Table 7.5 the water balance components balanced well with only a slight discrepancy. 

This could be attributed to the slight overestimation of streamflow as well as changes 

in soil water. On the long term, the changes in soil water are expected to be nearly 

zero. The potential evapotranspiration was 1593 mm and this value was well within 

the range given by Sombroek et al. (1980). They categorized semi/sub-humid areas 

as having a potential evapotranspiration in the range 1300-2200 mm. 
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Table 7.5: The water balance (surface runoff, baseflow and water yield) for the 

calibration period (1980-1985) 

 

  

Surface runoff 

(mm) 

Baseflow 

(mm) 

Water yield 

(mm) 

SWAT 51.1 130.6 181.7 Upstream 

ACTUAL 51.4 134.8 186.2 

SWAT 42.7 170.3 213.0 Downstream 

ACTUAL 40.2 168.7 208.9 

 

 

Table 7.6: Annual water balance for the calibration period (1980-1985) 

 Amount (mm) 

Precipitation 1178  

Evapotranspiration  962 

Surface runoff  43 

Baseflow  170 

 1178 1175 

 

 

ii. Graphical and statistical comparison of observed and simulated streamflow 

Fig 7.2 and 7.3 show the observed and calibrated streamflow on a daily and monthly 

scale for the calibration (1980-1985) and validation (1970-1979) periods. The 

baseflow is slightly underestimated for the low flows and some peak flows too. The 

model fit is better with streamflow aggregated on a monthly than the daily time step. 

This is because over- and underestimations cancel out and this has an overall 

smoothing effect. The calibration and validation statistics i.e. the mean, standard 

deviation and Nash Sutcliffe efficiency, for the downstream station (1EE01) are 

shown in Table 7.7.  

 

The Nash Sutcliffe efficiency NSE is defined by (Nash and Sutcliffe, 1970) as: 

( )

( )∑
=

−

∑
=

−

−=
n

1i

2OO

n

1i
2SiOi

1NSE

i

                                    Eq. 7-10                          
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where  O is the observed flow 

O  is the mean observed flow 

S is the model simulated flow 

n is the number of observations 

 

The sum is taken over the whole period of the data used for calibration. A value 

closer to unity, means the model explains the variance better. A negative modeling 

efficiency means that the model prediction is worse than simply using the mean of 

the observed flows.  

 

 

 

Fig. 7.4: Comparison between simulated and observed streamflow for the calibration 

period for a) daily and b) mean monthly streamflow 

 

The means of the observed and simulated streamflow are within 10% (daily) and 1% 

(monthly) of each other. The standard deviations are larger for the simulated than 

the observed streamflow by a maximum difference of 18%. The differences in the 

variances could be attributed to the high variability in rainfall leading to higher 

variance in the simulated streamflow. 

 

The model evaluation, both graphically and statistically, shows good agreement 

between the observed and simulated streamflow. Although some peaks are not 

captured adequately, in general, the model can be said to have an acceptable 

performance and that the hydrological processes and streamflow dynamics have 

been simulated realistically. The lack of good simulation of the peak flows could be 

attributed to localized rainfall storms that may not be captured at the rainfall 

measuring stations.  
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Fig. 7.5: Comparison between simulated and observed streamflow for the validation 

period for daily (upper) and mean monthly (lower) streamflow 

 

 

Table 7.7: Model evaluation statistics for the calibration and validation period 

Observed Simulated   

Mean 

(m3/s) 

SD Mean 

(m3/s) 

SD NSE 

Calibration (daily) 76 59 84 66 0.71 

Calibration (monthly) 76 53 84 63 0.76 

Validation (daily) 91 64 90 64 0.63 

Validation (monthly) 91 58 90 60 0.74 

 

 

iii. Residual analysis 

Evaluation of models is also done by way of residual analysis. In typical residual 

analysis several assumptions are made about the independence, normality and 
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homoscedasticity of residuals. In an ideal situation the fit between observed and 

simulated values is expected to be 1:1 mapping, but in reality this is not possible.  

 

The residuals were calculated by subtracting the simulated from observed 

streamflow. The slope for the residuals against time was tested against a zero-slope 

hypothesis both for the calibration and validation periods (Fig 7.4). In the calibration 

period, the residues showed a slight decreasing trend while in the validation there 

was no indication of trend against time. The residuals against observed streamflow 

showed a slight dependency on discharge in the calibration period while a greater 

dependency was observed in the validation period. This is because peak flows in the 

validation period are higher than in the calibration period. Thus, with the 

underestimation of peak flows, the residuals are much larger giving the seemingly 

increased dependency of residuals on streamflow in the validation period. This slight 

dependency could be due to the underestimation of peaks occurring in the 1970s 

(specifically 1970, 1975 and 1977). The model was not able to capture these peaks 

adequately in which case they had some leverage on the residual’s trend.  

 

 

Fig. 7.6: Residual plots against time and observed streamflow for the calibration (left 

column) and validation periods (right column). The residual are calculated as 

“observed – simulated” streamflow 
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7.5 Model prediction uncertainty 

During model calibration, it is not always certain to find the global minimum of the 

objective function.  This is the case especially when model parameters number more 

than just a few and when the system being modeled is non-linear. The objective 

function minimum often lies at the bottom of a long and narrow valley (Fig. 7.5). Any 

set of parameters for which the objective function lies within this valley can be 

considered to calibrate the model. Equifinality (or multiple parameter sets that 

calibrate the model) leads to model predictive non-uniqueness (Beven and Freer, 

2001). To determine the effect of parameter non-uniqueness on model predictions, 

the parameters must be varied in a way that the objective function does not change 

or changes very little. Thus the modeler will be able to determine what the model’s 

predictions would have been if another set of parameters were used to calculate the 

uncertainties in model predictions arising from uncertainties in model parameters, 

while ensuring the model remains calibrated. This is a way of quantifying prediction 

uncertainty. 

 

Predictive analysis is very important in any modeling exercise. Often, a single 

prediction is made, though there might be a range of possible predictions. It is good 

modeling practice to provide some indication of the extent of this range. In PEST, 

predictive analysis is undertaken after the model has been calibrated. The aim of 

predictive analysis is to find the maximum/minimum prediction (with prediction and 

model parameters constraints) in such a way that the model adequately simulates 

the system performance under calibration conditions. This prediction corresponds to 

the “critical point” shown in Fig. 7.4. The minimum objective function under 

calibration conditions is Φmin. The point of maximum (minimum) model prediction lies 

on the Φmin + δ contour, or very close to it.  

 

Using this method, the prediction confidence interval given by the maximum and 

minimum values represents the prediction uncertainty of the watershed model on the 

specified prediction. Although this method requires fewer model runs than the Monte 

Carlo methods, it is unable to provide a probability distribution function for the model 

prediction. 
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Fig. 7.7: The critical point in parameter space (Doherty, 2004) 

 

 

The set up for predictive analysis was done in the same way as that for parameter 

estimation in the calibration process, except for the prediction constraints. These 

constraints are Φmin and Φmin + δ, in addition to other PEST parameters required for 

predictive analysis. At a probability level of 1-α, δ is given by; 

 

δ = n σ2 Fα(n,m-n)                  Eq. 7-11 

σ2 = Φmin/(m - n)                Eq. 7-12 

where n is the number of parameters, m is the number of observations comprising 

the calibration dataset, and F(.,.) denotes the F distribution (Doherty, 2004)..  

 

The average daily streamflow was used as the prediction variable. The calibrated 

value was 84.89 while the minimum and maximum predictions were 78.76 and 87.58 

m3/s respectively. Using the maximum and minimum predictions arising out of each 

of the calibration parameters’ space, the surface runoff, baseflow and water yield 

depths were calculated. The fractions of both surface runoff and baseflow resulting 

from the predictive analysis were well within the range estimated using the baseflow 

filter (section 7.3.2). Fig. 7.6 and Table 7.8 show the comparison between the 

maximum/minimum predictions and the calibrated water depths. The prediction 

uncertainty range for surface runoff is small compared to that of baseflow. This 

shows that there was more uncertainty associated with the groundwater parameters. 

As explained in section 7.3.3.1, the ground water parameters were not precisely 

determined due to lack of information on appropriate values for these, and thus were 

more difficult to calibrate than the surface water parameters.  
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Results arising out of calculations based on the calibrated values should be 

interpreted in light of this range of predictions. Thus the range of predictive non-

uniqueness associated with the calibrated model, expressed as a percentage from the 

mean calibrated conditions,  is  -6.5 to +3.9 for surface runoff, -7.2 to +3.7 for 

baseflow and -7.0 to +3.7 for water yield. Although the range of these predictions is 

narrow, larger uncertainties could be expected for peak flows.  

 

 

Fig. 7.8: Maximum and minimum predictions against the calibrated value. 

(The lower and upper horizontal lines indicate the minimum and maximum 

predictions respectively; SR- surface runoff, BF- baseflow and WYLD- water yield) 

 

 

Table 7.8: Predictive uncertainty of surface runoff, baseflow and water yield 

compared with the calibrated values 

  SR (mm) BF (mm) WYLD (mm) 

Calibrated value 42.7 170.3 213.0 

Minimum prediction 40.0 158.1 198.1 

Maximum prediction 44.4 176.6 221.0 

 

 

7.6 Conclusion 

The model was set up using readily available data that were quality controlled before 

being used. Model parameters adjustment was based on the sensitivity analysis as 

well as those that were deemed needing adjustment because their initial values were 
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not adequately determined. The model parameters were kept at reasonable ranges 

and this minimized the uncertainty within the model output. Different criteria used to 

evaluate the model performance showed that the model was adequately calibrated 

for use in impact assessment. In general, there was good agreement between 

measured and simulated daily and monthly streamflow statistics. The residual 

analysis also indicated acceptable results especially for the calibration period. 

Predictive analysis was carried out to determine the model prediction uncertainty. On 

average, the range was -6.9 to 3.7% of the calibrated conditions. On the other hand, 

it should be acknowledged that the peak flows are not very well represented by the 

model. It is believed that this problem is mainly caused by the inadequate 

representation of the spatial variability of rainfall, due to lack of data.  
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CHAPTER 8 

LANDCOVER AND CLIMATE CHANGE IMPACT 

ASSESSMENT ON THE HYDROLOGY OF THE STUDY 

AREA 

8 LANDCOVER AND CLIMATE CHANGE IMPACT ASSESSMENT ON THE HYDROLOGY 

OF THE STUDY AREA 

8.1 Land cover change impacts  

8.1.1 Catchment response 

Among the various hydrologic processes that take place in a catchment, surface 

runoff, groundwater flow and evapotranspiration (ET) are most essential. The results 

obtained for these water balance components are characterized by the spatial 

distribution of the meteorological input variables and the heterogeneities within the 

subbasins. The results of the impact on streamflow due to land cover change 

Scenarios 1 and 2 (section 6.1.2.3), against the baseline (1980-1985), are given in 

Table 8.1. On average, scenario 1 yields more runoff, baseflow and total streamflow 

while Scenario 2 yields reduced amounts. Scenario 2 gives higher mean 

evapotranspiration than Scenario 1 and this is due to more vegetative cover in the 

former. Removal of vegetative cover would generally increase the average surface 

runoff. Thus, the increase in streamflow could be attributed to a decrease in 

evapotranspiration. This decrease in evapotranspiration could be attributed to 

decreased interception as well as transpiration. Also, increase in groundwater 

recharge would lead to increased soil moisture and an increase in baseflow. 

 

Higher streamflow, as a result of increased agricultural and decreased forest areas 

was observed. Crops demand less soil moisture than forests thus rainfall satisfies the 

soil moisture deficit in agricultural lands more quickly than in forests thereby 

generating more runoff. Forests have the effect of reducing runoff, thus the smaller 

the area the more the runoff. A similar explanation applies to Scenario 2 where less 

agricultural area and more forest cover have the overall effect of reducing runoff.  
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Table 8.1: Comparison of land cover scenarios 1 and 2 against the baseline (1980-1985).  

a) Land cover area (km2), b) Surface runoff, baseflow, streamflow and evapotranspiration.  

 

a)                              % changes from the Baseline  

  Baseline Scenario 1 Scenario 2  Scenario 1 Scenario 2 

Agriculture 5384 9279 4560  72 -15 

Forest 1295 441 2280  -66 76 

Shrubland 4857 1021 1944  -79 -60 

Grasslands 221 1016 2973   360 1246 

       

    % changes from the baseline 

  Baseline Scenario 1 Scenario 2  Scenario 1 Scenario 2 

Surface runoff (mm) 43 56 36  30 -16 

Baseflow (mm) 170 202 144  19 -15 

Evapotranspiration (mm) 963 913 989  -5 3 

Streamflow (m3/s) 85 101 72   19 -15 
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Studies by Trimble et al., (1987), Swank et al., (1988), among others have indicated 

a similar observation where streamflow is reduced as a result of afforestation. 

Various studies have shown that when agricultural land is tilled, compaction of lower 

soil horizons occurs and this lowers infiltration rates and increases bulk density 

(Ankeny et al., 1990; Logsdon et al., 1990; Nidal, 2003). This compaction increases 

water retention as rainfall saturates the soil profile quicker in agricultural lands than 

in the forested areas thus producing more runoff. In the study area the bulk density 

of the top soil layer with which runoff interacts is on average greater for agricultural 

lands (1.22 Mg/m3) than in forested (1.19 Mg/m3) areas. Runoff is dependent on the 

antecedent soil water conditions, which is a function of bulk density. The bulk density 

affects percolation as saturated flow occurs when the water content of a soil layer 

exceeds the field capacity for the layer. 

 

Analysis of variance of surface runoff contributed by each of the four land covers 

indicated a significant difference in response at the 5% level. From the baseline land 

cover, the greatest contributor of runoff was agriculture with about 48% of the total 

runoff, followed by shrubland (40%), grasslands (11%) and finally forest (1%). The 

mean runoff amounts were 117, 100, 26 and 2 mm respectively (Fig 8.1) and the 

corresponding areas of each land cover were 46, 41, 2 and 11% of the total land 

cover respectively. A similar pattern is observed for baseflow (Fig. 8.1). Significant 

differences (p<0.05) were observed in evapotranspiration between agriculture and 

the rest of the land covers. However, there were no significant differences in 

evapotranspiration between forest, shrubland and grasslands. The lowest mean 

evapotranspiration was observed in the agricultural land cover.  
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Fig. 8.1: Comparison of mean surface runoff, baseflow and evapotranspiration (mm) 

generated from the four land covers.    

(*Vertical bars denote 95% confidence intervals) 

 

With the same climatic conditions prevailing, Scenario 1, which is an extrapolation of 

historical trends, yielded a high increase in runoff, indicating that there is a higher 

likelihood of flood-like events. Scenario 2, yielded reduced runoff, and this may imply 

a lesser likelihood of floods. A comparison made between 1970-1975 and 1980-1985 

shows there has been a considerable increase in runoff of about 119%. The surface 

runoff amounts for the two periods are 19.5 and 42.7 mm respectively. If the land 

cover situation in 1973 were maintained over the years, the surface runoff would be 

27.5 mm, which accounts for a difference in surface runoff of about 55%. If a similar 

climate to that of 1973 were experienced with the land cover of 1986/1988, the 

surface runoff would be 32.8 mm, an increase of about 68%. Thus, without climate 

change, land cover changes accounted for an increase in runoff of about 55-68%.  

 

8.1.2 Conclusion 

This analysis has clearly shown the strong effect that LULC change, and especially 

agricultural land use, has had on the hydrological regime of the Nzoia river 
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catchment. The changes in LULC over the period 1973-2001 have been significant 

and have contributed to a considerable increase in runoff. The agricultural area has 

increased from about 39.6 to 64.3% while forest area has decreased from 12.3 to 

7.0%. Generally runoff was highest from agricultural lands while runoff from 

shrubland was greater than that from grasslands. Increase in area of agricultural 

land increased runoff and a similar response was observed with shrubland. Increase 

in area of forest land and grasslands have shown an opposite effect on runoff, that is, 

an increase in area reduces runoff. There has been a considerable increase in runoff 

of about 119% between 1970 and 1985. Without climate change, land cover changes 

account for an increase in runoff of about 55-68%.  

 

If any control measures against increased runoff were to be applied, then clearly 

agricultural land has to be given priority with emphasis on proper farming practices, 

where less land is optimised to produce more crop yield rather than the opposite. The 

extra land could then be utilised to plant trees since forests have the lowest mean 

runoff rate per unit area. This analysis has provided a broad-scale framework for 

assessing the response and vulnerability of Nzoia catchment to altered streamflow 

regimes attributable to changes in land cover that have occurred over large areas for 

long time-frames. 

 

8.2 Climate change impacts 

8.2.1 Streamflow response to GCM scenarios 

The GCM scenarios presented in section 6.2 were imposed on the calibrated model 

and the streamflow response analyzed for the period 1981-1985. This was compared 

against the GCM baseline (1981-2000). Climate change can be simulated within 

SWAT by manipulating the climatic input that is read into the model (e.g. rainfall and 

temperature) or by use of adjustment factors for the various climatic inputs in each 

subbasin. In this study, the latter method was used. The adjustment varies from 

month to month, thus, seasonal changes in climatic conditions can be simulated. The 

adjustment of rainfall and temperature was done using Eqs. 8-1 and 8-2 

 

⎟
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where Rday (Rday(adj)) is the rainfall (adjusted-rainfall) amount falling in the subbasin 

on a given day and adjpcp is the % change in rainfall. 

 

adjTT tmpav)adj(av +=                   Eq. 8-2 

where T av ( T av(adj)) is the daily (adjusted-daily) mean temperature (°C), and adjtmp 

is the change in temperature (°C). 

 

Relatively higher amounts of surface runoff and baseflow were observed in the 2050s 

than in 2020s (Fig. 8.2). The lowest and highest increase in annual runoff was given 

by CCSR and ECHAM4 model respectively (Table 8.2). The CCSR model showed a 

decrease in baseflow, except for scenario A2 2020, while all the other models showed 

increases in baseflow. CCSR had the lowest annual rainfall compared with the other 

models. All the models in the 2020s were consistent with respect to changes in both 

runoff and baseflow with the exception of CCSR.  The lowest (42 mm) and highest 

(84 mm) mean annual runoff depth corresponded to scenarios CCSR (and HADCM3) 

B2 2020 and ECHAM4 A2 2050 respectively. The lowest (126 mm) and highest (262 

mm) mean annual baseflow corresponded to scenarios CSIRO B2 2050 and ECHAM4 

A2 2050 respectively (Table 8.3).  

 

Looking at the baseflow results, again all the models showed consistency in the 

2020s with the exception of CCSR. ECHAM4 yielded more base flow and this follows 

from higher amounts of rainfall and runoff when compared to the other models. In 

the 2050s, the models gave varied amounts of baseflow and pronounced variation 

between the models was seen in the months of May to October. Scenario A2 gave 

larger amounts than B2, in both surface runoff and baseflow. 
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Fig. 8.2: Monthly surface runoff and baseflow for scenarios A2 and B2 in 2020s and 

2050s, against the observed (dark blue line) 
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Table 8.2: Annual % changes in runoff and baseflow for scenarios A2 and B2  

(The baseline amounts are: surface runoff (39 mm), baseflow (174 mm)) 

 Runoff  Baseflow 

2020 2050  2020 2050 

 A2 B2 A2 B2  A2 B2 A2 B2 

CCSR  46 6 93 27  4 -15 -8 -28 

CSIRO  44 11 84 21  19 1 29 0 

ECHAM4  56 20 115 42  28 8 50 15 

GFDL   45 10 84 22  21 1 29 1 

HADCM3  38 7 65 11  20 2 32 3 

 

 

Table 8.3: Annual water balance for scenarios A2 and B2  

(The baseline amounts are: rainfall 1253 mm and evapotranspiration 1011 mm) 

GCM Scenario Rainfall (mm) SR (mm) BF (mm) ET (mm) 

CCSR A2 2020 1435 57 180 1179 

CSIRO  1469 56 207 1175 

ECHAM4  1488 61 223 1175 

GFDL  1468 57 210 1172 

HADCM3   1467 54 208 1177 

CCSR B2 2020 1378 42 148 1175 

CSIRO  1410 43 176 1172 

ECHAM4  1427 47 188 1170 

GFDL  1409 43 176 1171 

HADCM3  1408 42 178 1172 

CCSR A2 2050 1451 75 161 1171 

CSIRO  1538 72 225 1190 

ECHAM4  1585 84 262 1188 

GFDL  1535 72 226 1186 

HADCM3   1532 65 231 1189 

CCSR B2 2050 1361 50 126 1167 

CSIRO  1431 47 175 1184 

ECHAM4  1470 55 200 1181 

GFDL  1429 48 177 1175 

HADCM3   1427 43 179 1182 
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In the 2020s and 2050s, B2 is a warmer scenario than A2 and this could cause more 

evaporation to take place, giving rise to less amounts of surface water. The following 

example illustrates the effect of a warmer scenario; in Table 8.3, the ECHAM4 (B2 

2020) with a rainfall of 1427 mm yields a surface runoff of 47 mm and an 

evapotranspiration of 1170 mm, while for the same amount of rainfall, HADCM3 (B2 

2050), a warmer scenario than ECHAM4 (B2 2020) (see Fig 6.6), yields reduced 

surface runoff (43 mm) and higher evapotranspiration (1182 mm). There is however 

a marked variation of surface runoff and baseflow on a month-to-month basis and 

details of monthly surface runoff and baseflow amounts are given in Appendix B 

(Table B.11 and B.12). The evapotranspiration amounts in the 2020s show very little 

variability between the models and this is because the variation of temperature is 

also very little. In the 2050s, temperatures are higher and more variable than in the 

2020s, leading to higher and a wider range of evapotranspiration estimates. 

 

Sustained high baseflow, especially during the DJF season, may imply favorable 

conditions especially for activities such as irrigation, since there is less rainfall in 

these months. High runoff may occur over short periods of time (e.g. a single storm) 

that may not be suitable for any meaningful agricultural activity, unless measures are 

put in place to harvest the excess water. In other words, increase in runoff during 

the rainfall seasons may not always alleviate the problem of water shortage in the 

dry season, but might cause flooding rather than reduce water stress. 

 

8.2.2 Catchment response 

The results from the climate models were used to derive relationships between 

changes in rainfall and runoff (Table 8.3 and Fig. 8.3). The relationships discussed 

here do not include temperature because streamflow response was not sensitive to 

changes in temperature. It is likely that a much larger temperature change than that 

given by the climate models considered in this study may be required to produce 

meaningful relationships with water yields. Temperature changes are known to have 

a significant effect in regions with snowmelt conditions (Merritt et al., 2006; Miller et 

al., 2003).  

 

Evapotranspiration is about 82% of the annual rainfall and is highest in the rainfall 

seasons but lags the rainfall peak by about one month, except in August where both 

peak evapotranspiration and rainfall occur. In certain months (November-February) 
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however, the evapotranspiration exceeds rainfall. This can affect the relationship 

between rainfall and streamflow due to changes in soil moisture and the evaporative 

demand of the vegetation and soil surfaces. The change in annual evapotranspiration 

due to the climate change scenarios was in the range 15 to 18% (156-179 mm).  

 

Fig. 8.3: Relationship between changes in rainfall and runoff 

 

Table 8.4: Linear equations and R2 values of the relationship between changes in 

rainfall and runoff (x, y are % changes in rainfall and runoff respectively) 

 Equation R2   Equation R2 

Jan y= 7.87x - 7.67 0.94  Jul y= 1.98x - 8.74 0.65 

Feb y= 8.75x - 2.51 0.92  Aug y= 3.39x - 2.33 0.80 

Mar y= 8.68x - 59.29 0.96  Sep y= 3.47x - 2.05 0.88 

Apr y= 6.82x + 17.86 0.79  Oct y= 2.76x - 9.16 0.12 

May y= 2.46x + 16.78 0.54  Nov y= 6.61x - 20.02 0.89 

Jun y= 2.06x + 10.09 0.81  Dec y= 3.84x + 52.00 0.84 
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It can be seen that all the months, except May and October, gave linear relationships 

between changes in rainfall and runoff with R2 >0.6 (Table 8.3). However, the slope 

of the regression equation in May was significantly different from zero at the 5% 

level while that in October was not. Other different climate change scenarios can thus 

be determined from these relationships with more confidence where R2 >0.7. The 

relationship between precipitation and streamflow is obvious in that on a seasonal 

basis streamflow tends to reach a maximum during the wet season and declines 

slowly during the drier part of the year.  

 

Rainfall peaks in this region are observed in April/May, August and October. The 

months of April/May have the highest rainfall followed by August and then October. 

This may be consistent with the lack of a strong relationship between rainfall and 

runoff for the months of May and October due to other factors such as antecedent 

soil moisture conditions and the intensity of rainfall, which is not directly taken into 

account in the model. Largely, rainfall in this region is dependent on the Inter 

Tropical Convergence Zone (ITCZ), which lags behind the overhead sun. The 

structure of ITCZ over the East Africa region consists of the zonal and meriodional 

arms. The double passage of the zonal arm is associated with two main rainfall 

seasons namely the long and short rainfall season during which a large portion of the 

annual rainfall total is received. The meriodional arm on the other hand fluctuates 

from east to west and vice versa, with the easternmost extent noted in July and 

August. The rainfall received over the western highlands of Kenya is associated with 

this arm (Okoola, 1996). The good relationship obtained between rainfall and runoff 

in the month of August (as compared to April/May and October) can be attributed to 

the rainfall associated with the meridional arm of the ITCZ, which may exhibit 

different characteristics of rainfall from those of the zonal arm, such as 

spatial/temporal distribution and intensity. Also, during this month the 

evapotranspiration and rainfall are in phase, thus soil water changes are less variable 

with time and this leads to less variability in the generated runoff. 

 

There was no distinct relationship between rainfall and the baseflow component. 

However, it was observed that baseflow response to changes in rainfall in December 

was unlike that observed in other months. While the runoff increases, base flow was 

seen to be decreasing. The condition where base flow decreases with increase in 

runoff, could occur under certain conditions. When the rainfall intensity exceeds the 

infiltration capacity, runoff increases and if infiltration exceeds the soil moisture 
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deficit, percolation to the groundwater and an increase in the groundwater 

component of base flow occurs. After the runoff peak has passed, the rate of 

percolation to the groundwater may be less than the normal rate of groundwater 

depletion, so that groundwater flow decreases during the period of the overall 

increase in runoff. 

 

In Fig. 8.4, the relationship between changes in rainfall and runoff is clearly seen 

with some scatter observed in the drier months (DJF) while the wetter months are 

linearly clustered together. Although some months exhibit a strong linear relationship 

while some do not, the overall relationship is non-linear. The linear relationships are 

useful and can be used to infer and/or extrapolate possible changes in runoff due to 

specified changes in rainfall, with a higher confidence in results obtained from the 

analyzed ranges of change.  

 

 

Fig. 8.4: Composite of all GCM scenarios showing monthly changes in streamflow due 

to changes in rainfall 

 

Analysis of the relationship between total streamflow and rainfall reveals a strong 

linear correlation (R2>0.7) only for the months March, June-September and 

November, unlike the rainfall-runoff relationship where all - but May and October - 

had strong relationships. This is because of the influence of groundwater which does 

not exhibit a linear relationship with rainfall and thus causes a non-linear relationship 

in total streamflow. A comparison was done between the periods 1970-1975 and 

1980-1985 with constant land cover changes. Simulation of streamflow with the 
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1986/1988 land cover for the two periods yielded surface runoff amounts of 32.8 and 

42.7 mm respectively while simulation with the 1973 land cover yielded 19.5 and 

27.5 mm respectively. These statistics translate into increases in surface runoff in the 

range 30-41%. Thus, climate change without land cover change accounted for an 

increase of about 30-41% in runoff. 

 

During the 1997-1998 floods, as a consequence of El Nino rainfall in the months of 

October and November, precipitation was 100 to 300% of the normal. Using the 

derived streamflow-rainfall relationships, this magnitude of rainfall translates to 671-

1880 m3/s flood discharge, which compares well with a flood discharge of 680 m3/s, 

from a study done by MRWMD (2004). 

 

In general, streamflow volume increases with increase in rainfall. The proportional 

change in maximum mean monthly flow was higher than the proportional change in 

precipitation and this suggests that the high flows are related to other factors such as 

antecedent soil moisture conditions or storage among others. The runoff coefficient 

was lowest in March and highest in December as forced by the GCM scenarios. The 

range of change in mean annual rainfall was 2.4-23.2% while that of streamflow was 

6-115%. Monthly changes are much more variable and it follows that these figures 

would be much larger for monthly changes. 

 

8.2.3 Hydrological extremes under different climate change scenarios 

Using a threshold value of 270 m3/s (MRWMD, 2004) as the bankfull discharge, the 

probability of exceedance was calculated from the probability distributions of the 

resulting daily streamflow in each scenario. In Fig. 8.5, we see that the likelihood of 

experiencing more flood-like events in 2050s is greater, due to more rainfall, than in 

the 2020s. This is more probable in the months of April, May and November when 

runoff is highest. The A2 scenario however gives a higher number of flood-like events 

than B2.  
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Fig. 8.5: Probability of exceedance (hydrological extremes under different climate 

change scenarios)  

 

8.2.4 Conclusion 

An analysis was performed on the Nzoia river catchment to investigate the response 

of the streamflow in the catchment due to changes in temperature and precipitation 

based on five GCM projections. The IPCC scenarios A2 and B2 that have been used in 

this study all indicate increased amounts of annual rainfall with variations on a 

monthly basis. All the models show consistency in the monthly rainfall amounts 

except CCSR in the 2050s. Higher amounts of rainfall are observed in the 2050s than 

in the 2020s. This pattern is also exhibited by surface runoff and baseflow 

components, with higher amounts in the 2050s than in the 2020s. Even though the 

seasonal patterns are maintained, the changes in rainfall amounts and increase in 

temperatures may affect in different ways, sectors such as agriculture, water 

resources and other industries that are dependent on climate. These scenarios may 

or may not be favorable depending on the activity and the season. For example, 

higher temperatures may affect crop growth leading to decreased yields while high 

evaporation rates might lead to reduced reservoir storages. On the other hand, 

hydroelectric production and irrigation may benefit from increased runoff as a result 

of full capacities of their storages.  

 

The analysis on changes in rainfall, runoff and baseflow has revealed important linear 

relationships for all the months except May and October. The linear relationships 
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could be extrapolated to estimate amounts of runoff and baseflow under various 

scenarios of changes in rainfall. Baseflow in this catchment contributes about 70-

80% of the total water yield and thus its estimates can also be inferred from the 

rainfall-runoff change relationships. Streamflow response was not sensitive to 

changes in temperature. The results have shown that land cover changes have 

resulted in greater runoff changes than climate change for the period 1970-1985.  

 

It is known that land use and climate change have an effect on each other. In this 

study, the effect of climate change on land use and vice versa was not done. Thus, it 

is not easy to quantify how much climate change was as a result of land use change. 

However, it would be an important part of research for future work to model how 

land cover would respond to transient patterns of precipitation, temperature, solar 

radiation etc. This would require models that can deal with complexities and 

interactions of climate and vegetation.  

 

8.3 Summary 

There has been a considerable increase in runoff of about 119% between 1970 and 

1985. Without climate change, land cover changes account for a difference in runoff 

of about 55-68% while change in climate without land cover change accounts for an 

increase of 30-41%. These results show that for this study region land cover changes 

have contributed to greater runoff changes than climate has. Different regions are 

impacted in different ways due to LULC and climate changes. Thus, it is of major 

importance to take into account possible future land use evolution when projecting 

the behaviour of a watershed within a climate change context.  

 

Climate models will never predict the future, but can yield projections with an 

uncertainty that can be expressed as lower and upper bounds or quantified as a 

range of possible outcomes. These ranges can provide decision makers with the type 

of information needed to safeguard water resources. Even though GCM scenarios 

were used in this study as described, the focus was more on the relationship between 

changes in rainfall and runoff/streamflow. The GCMs provided plausible changes on a 

monthly basis, thus it was found appropriate to use the monthly change fields of 

rainfall and temperature instead of mean annual perturbations to the historical time 

series or hypothetical scenarios. This region has distinct wet and dry seasons and the 

results have clearly shown the difference in magnitudes of streamflow response to 
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climate change. The hydrological scenarios presented here should thus not be 

interpreted as future projections but as magnitudes of change in climate required to 

produce certain magnitudes of change in catchment response.  

 

It is important to note that even without climate change, climate variability still exists 

and is an important factor that affects a wide range of human activities. Due to 

climate change and variability, extreme climate events can be expected and thus 

should be planned for. The situation might be complicated further as a result of 

population growth and changes in land and water use. It cannot be taken for granted 

that there may be water stress even with increased amounts of water yields in this 

region. Therefore, it is imperative to put in place measures to harness any excess 

water for use during periods of little or no rainfall.  

 

Impact assessments are generally undertaken to address specific issues or sensitivity 

in order to inform policy. Thus, their results need to encompass a range of possible 

outcomes. The results obtained in this study could be useful for planning and 

management in different sectors in this region especially agriculture, hydropower 

generation and water supply among others. This study has provided extremely 

valuable insights into the sensitivity of Nzoia hydrological system to changes in land 

cover and climate. 
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CHAPTER 9  

CONCLUSIONS AND RECOMMENDATIONS FOR 

FURTHER RESEARCH 

9 CONCLUSIONS AND RECOMMENDATIONS FOR FURTHER RESEARCH 

9.1 Introduction 

SWAT has been used in this study to analyze the impact of environmental change, 

both global and local, in the Nzoia catchment within the Lake Victoria Basin. The 

results include water balance statistics, land cover maps, land cover and climate 

change scenarios, and risk assessment statistics. The study has also shown land 

cover and climate changes that have taken place and their impact on the hydrology 

of this region. This chapter summarizes the important findings and contributions of 

this study to scientific research, especially in this region of the world. It also 

discusses some of the limitations of the SWAT and CLUE-S models, and 

recommendations for future research. 

 

9.2 Summary of results  

9.2.1 Historical trends of climate and land use/land cover  

i) Climate 

Various methods were used to analyze the historical trends of hydro-meteorological 

data. The inter-annual independence was verified using the detrended fluctuation 

analysis which takes into account the autocorrelation function for long-range 

correlations, among other methods. The results of this analysis make valid the 

assumption of inter-annual independence for the period of study. On average, the 

trend analysis over the period 1962-2004 has shown that rainfall amounts have 

increased by a median trend of 2.3 mm/year although this was not significant. Two 

rainfall stations in the upper part of the catchment have shown a significant increase 

while two other stations, in the middle-to-the-south of the catchment, have shown a 

significant decrease. Overall, the larger part of the upper Nzoia catchment has 

recorded increases in rainfall while the lower part, which receives relatively less 

rainfall, has shown a decrease in rainfall. Temperature has increased, with higher 

increases in the lowlands (0.79oC/decade) than in the highlands (0.21oC/decade). 

Streamflow trend analysis has shown indications of increasing annual streamflow 

(3.9m3/s) in the upper catchment, while downstream, the streamflow is seen to 
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decrease (-9.4m3/s). These trends could partly be explained by the trends observed 

in the rainfall and temperature. The increase in rainfall in the upper catchment may 

cause the observed increase in streamflow at the upstream station. The decreasing 

rainfall in the lower catchment, coupled with higher evapotranspiration occasioned by 

temperature increases in this region, could lead to the observed decreasing trends in 

streamflow. Although streamflow shows an increasing tendency in the upstream 

station and a decreasing tendency in the downstream station, the relatively stronger 

long-term persistence in streamflow than in rainfall creates a need to study a longer 

period than that considered in this study, for better indications of trend. Use of 

longer time series is recommended for better indications of existence and 

magnitudes of trend.  

 

ii) Land use/cover  

Land cover classification and change detection analysis was carried out for the 

LANDSAT images of 1973, 1986/1988 and 2000/2001. It is evident that land cover 

changes have occurred between 1973 and 2001. Forest cover has decreased from 

12.3 to 7%, attributable to logging for timber, firewood, and clearing for agricultural 

purposes. In contrast, the agricultural area increased over the years from 39.6 to 

64.3%. The change matrix results indicate that about 17% of forest cover has been 

converted to agricultural land. Other land covers have also been converted to 

agricultural areas. These land cover conversions have caused land degradation in 

different regions and have interfered with biodiversity and ecosystems. As the 

demand for food, water and other social amenities increases, mainly due to increase 

in population, more land degradation is likely to occur. However, this can be reversed 

by implementation of environmental-friendly policies.  

 

9.2.2 Land cover and climate change scenarios  

The CLUE-S model was used to generate two land cover scenarios for the year 2020 

based on the driving factors; population density, elevation, slope, distances to rivers 

and towns and lithology. Scenario 1, (the ‘worst’ case scenario) was an extrapolation 

of the historical trends. Scenario 2, (the ‘best’ case scenario) considered 

environmental sustainability with a reversal of the loss of environmental resources. 

An attempt to validate the CLUE-S resulted in a discrepancy in the shrubland (46 and 

27%) and grasslands (2 and 24%) coverage, between the two land cover maps that 

were used for validation. The discrepancy could be attributed to two factors; i) the 
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difference in resolution between the two land cover maps that were used for 

validation. The base land cover map had to be aggregated, thus reducing its 

resolution. This would have an effect of masking less abundant pixels within the more 

abundant ones; ii) due to the few driving factors, the probability of occurrence of a 

given land cover in a given location could be assigned less effectively. Thus there is 

need in the future to include more driving factors in the analysis, in order to 

adequately determine the location prediction of these land covers. However, the 

CLUE-S model showed the capability of providing land cover projections for use in 

impact assessment studies. 

 

The climate scenarios were generated from GCMs and a total of five models were 

selected (CCSR, CSIRO, ECHAM4, GFDL and HADCM3). The climate change socio-

economic and emission scenarios A2 and B2 were considered for the periods 2010-

2039 (i.e. 2020s) and 2040-2069 (i.e. 2050s). Scenario A2 puts emphasis on self-

reliance and economic development that is primarily regionally oriented. Scenario B2 

puts emphasis on local solutions to economic, social, and environmental 

sustainability. The changes in rainfall and temperature were used to perturb the 

historical time series for use in the hydrological model.  In general, scenario A2 gives 

more increases in rainfall than B2 in each time period, and according to these 

scenarios, more rainfall will be experienced in the 2050s than in the 2020s. B2 is a 

warmer scenario than A2, with the 2050s indicating a much warmer climate than the 

2020s.  

 

An increase in rainfall is expected for the months October to April with a relatively 

smaller increase in temperature as compared to the months of May to September, 

which show a higher increase in temperatures and a decrease in rainfall. A distinct 

increase in rainfall is expected for the months December to February. These months 

are presently considered as the dry season. In general, the least increase in rainfall is 

seen in the wet months, while the drier months, have larger increases. Even with this 

pattern, the seasonality of rainfall is still maintained, though with varied total 

amounts. According to these scenarios, the September to November (SON) season 

receives the lowest amount of rainfall. Although higher rainfall increases are 

expected for the December to February (DJF) season, the seasonal rainfall amount 

will still be less than that received presently for the March to May (MAM) and June to 

August (JJA) seasons by about 60% and 56% in the 2020s, and 54% and 49% in 

2050s respectively. With these changes in the seasonal amounts of rainfall, coupled 
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with changes in temperature, there is likely to be shifts in rainfall-dependent 

activities such as agriculture. 

 

9.2.3 SWAT model calibration and validation 

The SWAT model was calibrated against streamflow where parameters were adjusted 

based on the sensitivity analysis, as well as those that were deemed needing 

adjustment because their initial values were not adequately estimated. Keeping the 

model parameters at reasonable ranges minimized the uncertainty in the simulations. 

In general, there was good agreement between measured and simulated daily 

(NSE=0.71) and monthly (NSE=0.76) streamflow for the calibration period. The 

corresponding simulation efficiencies for the validation period were 0.63 and 0.74 

respectively. The daily flow predictions were not as good as monthly flow predictions. 

The simulation of baseflow was slightly underestimated but overall, the agreement 

between the observed and simulated streamflow was acceptable. The groundwater 

parameters presented some difficulties in the calibration exercise, as there was not 

adequate information on their estimates for this region. Only the baseflow, as filtered 

from observed streamflow, was used to check for the proper simulation of 

groundwater. In the predictive analysis, it was also clear that the larger uncertainty 

of the baseflow predictions was as a result of this difficulty in groundwater 

calibration.  However, the overall prediction uncertainty on the daily average flow 

was in the range of -6.9 to +3.7% of the calibrated conditions. The peak flows were 

not adequately simulated, which could be attributed to inadequate representation of 

the spatial variability of rainfall. However, the statistical and graphical evaluations of 

the model performance showed that it could be reliably used for assessing impacts of 

land cover and climate change. This study has shown that SWAT, which was 

developed in the USA, could be used to model hydrology in African watersheds with 

some few changes and modifications, such as the crop database. 

 

9.2.4 Land cover and climate change impact assessment on the 

hydrology of the Nzoia catchment 

The changes in LULC over the period 1973-2001 have been significant and have 

contributed to a considerable increase in runoff. A comparison made between 1970-

1975 and 1980-1985 shows there has been a considerable increase in runoff of about 

119%. Without climate change, land cover changes accounted for an increase in 

runoff of about 55-68%. Looking at the two land cover scenarios, on average, 
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Scenario 1 yields more surface runoff, baseflow and total streamflow while Scenario 

2 yields reduced amounts. On the other hand, Scenario 2 gives higher mean 

evapotranspiration than Scenario 1 and this is due to more vegetative cover in the 

former, which decreases the water yield. Thus, there is an increase/decrease in water 

yield with a decrease/increase in evaporation. Scenario 1 increases surface runoff by 

30% while Scenario 2 decreases it by 16%. A decrease in surface runoff would be 

desirable, as this would also decrease the devastating effects of floods. Analysis of 

the variance of the surface runoff contributed by each of the four land covers showed 

the greatest contributor of runoff was agriculture with about 48% of the total runoff, 

followed by shrubland (40%), grasslands (11%) and finally forest (1%).  

 

All the climate change scenarios considered show that higher streamflow is expected 

in the future. Looking at the likelihood of flood-like events, ECHAM4 A2 2050 

scenario gives the highest probability while CCSR B2 2050 gives the lowest 

probability. The relationship between changes in rainfall and runoff is such that some 

months exhibit a strong linear relationship while some do not. The linear 

relationships are useful and can be used to infer and/or extrapolate possible changes 

in runoff due to specified changes in rainfall. The range of change in mean annual 

rainfall was 2.4-23.2% while that of streamflow was 6-115%. Without land cover 

change, climate change accounts for an increase of about 30-41% in surface runoff.  

 

These results show that for this study region and for the considered period, land 

cover changes have contributed to greater runoff changes than climate change has. 

From the statistical trend analysis, rainfall is seen to be increasing, especially in the 

upper catchment. On the other hand, GCMs also project increasing rainfall in this 

region. This means that extreme wet events may be expected and thus, 

environmental conservation needs to be emphasized to mitigate against possible 

floods. Also, water harvesting techniques need to be explored to minimize the effects 

of droughts which occur, especially after floods have occurred.    

 

9.3 SWAT strengths and limitations 

a) Strengths 

SWAT is physically based and uses readily available inputs. The AVSWAT GIS 

interface provides a very quick and efficient way to create model input files. It is 
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public domain, has great documentation and is supported by USDA, with a large user 

community. 

 

b) Limitations 

Although SWAT has been used satisfactorily for the purpose of achieving the 

objectives of this research, there are a few limitations of the model.  

i. In SWAT, subbasins are spatially located while HRUs are not. This poses some 

difficulty in finding a balance between creating subbasins and HRUs that will give 

enough spatial details for the intended use. Thus, a modification to SWAT in this 

regard will entail including interaction among HRUs, where landscape position is 

taken into account.   

ii. SWAT does not allow a different soil layer to compensate for the inability of 

another layer to meet its evaporative demand. The evaporative demand not met 

by a soil layer results in a reduction in actual evapotranspiration for the HRU. The 

coefficient ESCO is used to modify the depth distribution to meet the soil 

evaporative demand.   Also, the inability of the upper layers to meet the plant 

water uptake is compensated by lower layers through the coefficient EPCO. These 

two coefficients may be used arbitrarily at the expense of realistic values for 

evapotranspiration and soil moisture, since there are no guidelines on how to 

change them nor do they have a physical representation.  

 

9.4 CLUE-S strengths and limitations 

CLUE-S is a non-commercial model that is made available by its developers. Thus 

there is no cost implication, which makes it suitable for academic research. It covers 

a wide range of biophysical and human drivers at differing temporal and spatial 

scales. It uses linear regressions as model input, which can be reproduced, unlike in 

a calibration exercise. One of the weaknesses is the limited consideration of 

institutional factors, although this would be more important for developed rather than 

developing countries. Another limitation is the small area extent which it can 

accommodate. If a large area is to be modeled, then it has to be aggregated, and 

this reduces the analysis resolution. 
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9.5 Contributions 

The use of scenarios in this study has helped to better understand and visualize how 

LULC and climate change act together to alter catchment hydrologic response. These 

scenarios have made it possible to explore a range of conditions with respect to both 

climate and landuse/cover within which we can find estimates of the sensitivity of the 

catchment. This can help stakeholders and policy-makers to assess the impacts of 

several alternative sets of options to make better informed choices for an improved 

future. The study has also demonstrated the general potential of integrating spatial 

data and distributed modeling in impact assessment, which includes assessing 

vulnerability.  

 

The study has not only examined the actual changes that have taken place but also 

the direction and relative magnitude of changes in streamflow that could be 

associated with various conditions of the potential LULC and climate change scenarios 

for the future. Hypotheses about the climatic trends over time, more specifically that 

heavy rainfall has been experienced in the upper Nzoia catchment, have been 

confirmed through rigorous statistical analysis. This research is one of the first 

attempts made to model the impact of land cover and climate change together in this 

region.  The contributions of this research are several.  

 

i. A great amount of spatial and temporal data describing the hydro-meteorology 

and landuse in the study area has been acquired, processed and organized in a 

consistent way. These data were obtained from different institutions and 

organizations and constitute a complete hydrologic data set for the Nzoia River 

Catchment.  

ii. The concepts of land cover and climate change have been explored not only from 

a statistical perspective, but also from the physical viewpoint. Due to regular 

flooding in the recent past in this region, there have been various hypotheses as 

to the cause, the two most common being land degradation and climate change. 

These results have responded to these hypotheses and the need to understand 

the implications of these changes on the physical behavior of the system.  

iii. Changes in runoff were related to changes in rainfall. Useful linear relationships 

between rainfall and runoff were developed for certain months. These could be 

used for streamflow forecasting by incorporating streamflow thresholds such as 

the one used in this study, the bankfull discharge. 
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iv. It has been established that changes in land cover have contributed more to 

increased runoff than climate change. Both these changes have occurred together 

to have an even greater impact than if each were acting alone. Thus mitigation 

measures with regard to problems of environmental degradation, and flooding 

should take into account climate change and variability as well as LULC changes, 

as these do not act in isolation. 

 

9.6 Recommendations 

A few recommendations are discussed below for possible future research 

i. There is need to explore the performance of other hydrologic models for the 

purpose of comparing catchment behavior and impacts’ statistics. In Kenya, little 

work has been done on distributed hydrologic modeling and much less on related 

impact assessments. Many studies have concentrated on vulnerability to climate 

variability and land use change, and mitigation to their related impacts, and these 

have taken the form of qualitative assessments. This research work has made a 

contribution towards this end. 

ii. The challenge of having adequate and good quality data may be a far away 

dream in the developing countries. In this research it was quite a daunting task to 

collect data especially from home institutions and when it was made available, 

the quality was always questionable. A thorough process of quality control is 

more likely to leave the user with half the data required. As such, other 

types/sources of data such as remotely sensed data (e.g. for rainfall) could be 

explored to provide a wider coverage of rainfall distribution and complement the 

already existing records. 

iii. There is need to explore the use of downscaled climate change projections given 

that hydrological applications require climate/weather information at a higher 

spatial and temporal resolution than that of GCMs. This may not always be a 

necessary approach to constructing climate change scenarios, but more research 

into climate impact assessments can help to answer this by evaluating the value 

added by downscaling climate information.  

iv. Definite relationships between baseflow and rainfall could not be established. It is 

obvious that this is a field where further research is needed. There is need to 

examine the structure of SWAT regarding the underestimation of the baseflow as 

well as peak discharges. It is possible that some of the formulations inherent in 



 151

the model regarding assumptions made to simulate these processes can be 

improved.  

v. With regard to parameter and model prediction uncertainties, there is need to use 

a multi-criteria approach in model calibration where other data, other than 

streamflow, are used to calibrate the model. This way, the modeler can explore 

whether or not incorporating the extra data can reduce these uncertainties. 
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APPENDIX A 

 

A1 Description of SWAT 

SWAT is a continuous time model that operates on a daily/sub-daily time step. It is 

physically based and can operate on large basins for long periods of time (Arnold et 

al., 1998). The basic model inputs are rainfall, maximum and minimum temperature, 

radiation, wind speed, relative humidity, land cover, soil and elevation (DEM). The 

watershed is subdivided into subbasins that are spatially related to one another. The 

subbasin watershed components can be categorized into the following components – 

hydrology, weather, erosion and sedimentation, soil temperature, plant growth, 

nutrients, pesticides and land management. In the land phase of the hydrologic 

cycle, runoff is predicted separately for each hydrologic response unit (HRU) and 

routed to obtain the total runoff for the watershed. Once the loadings (water, 

sediment, nutrients and pesticides) to the main channel are determined, they are 

routed through the stream network of the watershed.  

 

I. Land phase of the hydrologic cycle 

The hydrologic cycle is based on the water balance equation: 

( )∑ −−−−+=
=

t

1i
gwdeepasurfday0t QwEQRSWSW                        Eq. A1.1 

where SWt is the final soil water content (mm H2O), SW0 is the initial soil water 

content on day i (mm H2O), t is the time (days), Rday is the amount of precipitation 

on day i (mm H2O), Qsurf is the amount of surface runoff on day i (mm H2O), Ea is the 

amount of evapotranspiration on day i (mm H2O), wdeep is the amount of water into 

the deep aquifer on day i (mm H2O), and Qgw is the amount of return flow on day i 

(mm H2O). Runoff is predicted separately for each HRU and routed to obtain the total 

runoff for the watershed. 

 

The different inputs and processes involved in this phase of the hydrologic cycle are; 

 

i. Climate  

The climate of a watershed provides the moisture and energy inputs that control the 

water balance and determine the relative importance of the different components of 

the hydrologic cycle. The climatic variables required by SWAT are daily precipitation, 

maximum/minimum air temperature, solar radiation, wind speed and relative 



 166 

humidity. These can be observed data or generated by a weather generator during 

the simulation. SWAT uses the WXGEN weather generator model by Sharpley and 

Williams (1990). Daily values for weather are generated from average monthly 

values. The precipitation generator is a Markov chain-skewed (Nicks, 1974) where a 

first-order Markov chain is used to define the day as wet or dry. When a wet day is 

generated, a skewed distribution is used to generate the precipitation amount. 

 

ii. Hydrology 

As precipitation descends, it may be intercepted and held in the vegetation canopy or 

fall to the soil surface. Water on the soil surface will infiltrate into the soil profile or 

flow overland as runoff. Runoff moves relatively quickly toward a stream channel and 

contributes to short-term stream response. Infiltrated water may be held in the soil 

and later evapotranspired or it may slowly make its way to the surface-water system 

via underground paths. 

 

The SCS curve number procedure is used to calculate runoff volume. This curve 

number is a function of the soil’s permeability, land use and antecedent soil water 

conditions. Certain assumptions about initial abstractions are made. These include 

surface storage, interception and infiltration prior to runoff and a retention parameter 

that varies spatially due to changes in soils, land use, management and slope and 

temporally due to changes in soil water content. A modified rational formula is used 

to estimate the peak runoff rate. 

 

There are three potential evapotranspiration (PET) methods included in SWAT. They 

vary in the amount of required inputs. The Penman-Monteith method requires solar 

radiation, air temperature, relative humidity and wind speed. The Priestley-Taylor 

method requires solar radiation, air temperature and relative humidity while the 

Hargreaves method requires air temperature only. 

 

iii. Land cover/Plant growth 

SWAT utilizes a single plant growth model to simulate all types of land covers. The 

plant growth model is used to assess removal of water and nutrients from the root 

zone, transpiration, and biomass/yield production. 
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II. Routing Phase of The Hydrologic Cycle 

The loadings of water, sediment, nutrients and pesticides to the main channel or 

reach, are determined and routed through the stream network of the watershed.  As 

water flows downstream, a portion may be lost due to evaporation and transmission 

through the bed of the channel. Another potential loss is removal of water from the 

channel for agricultural or human use. Flow may be supplemented by the fall of rain 

directly on the channel and/or addition of water from point source discharges. Flow is 

routed through the channel using a variable storage coefficient method (which has 

been used in this study), or the Muskingum routing method. Both the variable 

storage and Muskingum routing methods are variations of the kinematic wave model. 

SWAT assumes the main channels, or reaches, have a trapezoidal shape.  

 

The volume of water held in the channel is given by: 

 

AchLch1000Vch ⋅⋅=                  Eq. A1.2 

 

where Vch is the volume of water stored in the channel (m3), Lch is the channel length 

(km), and Ach is the cross-sectional area of flow (m2)in the channel for a given depth 

of water. 

 

When the volume of water in the reach exceeds the maximum amount that can be 

held by the channel, the excess water spreads across the flood plain. The bottom 

width of the floodplain, is calculated as five times the top width of the channel when 

filled with water i.e. the bankfull width. When flow is present in the flood plain, the 

calculation of the flow depth, cross-sectional flow area and wetting perimeter is a 

sum of the channel and floodplain components. 

 

 The Manning’s equation is used to define the rate and velocity of flow in a reach 

segment for a given time step. 

 

n
slpRAq ch

1/2
ch

2/3
ch

ch
⋅⋅

=                                            Eq. A1.3 

n
slpRv ch

1/2
ch

2/3

c
⋅

=                          Eq. A1.4 
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where qch is the rate of flow in the channel (m3/s), Ach is the cross-sectional area of 

flow in the channel (m2), Rch is the hydraulic radius for a given depth of flow (m), 

slpch is the slope along the channel length (m/m), n is Manning’s “n” coefficient for 

the channel, and vc is the flow velocity (m/s). 

 

In the variable storage routing method, for a given reach segment, storage routing is 

based on the continuity equation: 

 

V∆VV storedoutin =−                          Eq. A1.5 

 

where Vin is the volume of inflow during the time step (m3), Vout is the volume of 

outflow during the time step (m3), and ∆Vstored is the change in volume of storage 

during the time step (m3). 

 

Water storage in the reach at the end of the time step is thus calculated as: 

 

VdivEtlossVVVV bnkchoutinstored,1stored,2 ++−−−+=                                      Eq. A1.6 

 

where Vstored,2 is the volume of water in the reach at the end of the time step (m3), 

Vstored,1 is the volume of water in the reach at the beginning of the time step (m3), Vin 

is the volume of water flowing into the reach during the time step (m3), Vout is the 

volume of water flowing out of the reach during the time step (m3), tloss is the 

volume of water lost from the reach via transmission through the bed (m3), Ech is the 

evaporation from the reach for the day (m3), div is the volume of water added or 

removed from the reach for the day through diversions (m3), and Vbnk is the volume 

of water added to the reach via return flow from bank storage (m3). 
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A2 Description of PEST 

PEST is a tool that aids in autocalibration of any given model that meets certain 

conditions such as; i) ASCII format of model input and output files, and ii) that the 

model must be capable of being run using a system command without requiring any 

user intervention to run to completion. It uses a non-linear estimation technique 

known as the Gauss-Marquardt-Levenberg method and adjusts model parameters 

until the fit between model outputs and field observations is optimised in the 

weighted least squares sense. The strength of this method lies in the fact that it can 

generally estimate parameters using fewer model runs than any other estimation 

method. 

  

i. Nonlinear Parameter Estimation 

Most models are non-linear and thus have to be “linearised” before the estimation of 

their parameters can be done. The relationships between parameters and model-

generated observations for a particular model can be represented by the function M 

which maps n-dimensional parameter space into m-dimensional observation space. 

The set of parameters comprising the vector b0 and the corresponding set of model-

calculated observations (generated using M) is c0, i.e. 

 

c0 = M(b0).                                    Eq. A2.1 

 

To generate a set of observations c corresponding to a parameter vector b that 

differs only slightly from b0, the following relationship is approximately correct, the 

approximation improving with proximity of b to b0: 

 

c = c0 + J(b - b0)                                    q. A2.2 

 

where J is the Jacobian matrix of M, i.e. the matrix composed of m rows (one for 

each observation), the n elements of each row being the derivatives of one particular 

observation with respect to each of the n parameters. Equation (A2.2) is a 

linearisation of equation (A2.1). 

 

To derive a set of model parameters for which the model-generated observations are 

as close as possible to the set of experimental observations in the least squares 

sense, i.e. a parameter set for which the objective function Φ defined by 
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Φ = (c - c0 - J(b - b0))tQ (c - c0 - J(b - b0))                                                  Eq. A2.3 

is a minimum, where c in equation (A2.3) now represents the experimental 

observation vector.  

 

Q is an m-dimensional, square, diagonal matrix  whose i'th diagonal element qii is the 

square of the weight wi attached to the i'th observation,  

or, to put it another way, 

 

 )2riwi(
m

1=i
=Φ ∑                Eq. A2.4 

 

where ri (the i'th residual) expresses the difference between the model outcome and 

the actual field or laboratory measurement for the i'th observation. 

 

Thus we can calculate the parameter upgrade vector (b - b0) on the basis of the 

vector (c - c0) which defines the discrepancy between the model-calculated 

observations c0 and their experimental counterparts c. The vector b defined by 

adding the parameter upgrade vector to the current parameter values b0 is not 

guaranteed to be that for which the objective function is at its minimum. Hence the 

new set of parameters contained in b must then be used as a starting point in 

determining a further parameter upgrade vector, and so on until we arrive at the 

global Φ minimum. This process requires that an initial set of parameters b0 be 

supplied to start off the optimisation process.  

 

The system parameter vector is estimated by the equation 

  

b = (MtQM)-1MtQc                                                              Eq. A2.5 

 

Denoting u as the parameter upgrade vector, equation A2.5 becomes 

  

u = (JtQJ)-1JtQ(c - c0)                                   Eq. A2.6

  

 

ii. The Marquardt Parameter 

Eq. (A2.6) forms the basis of non-linear weighted least squares parameter 

estimation. It can be rewritten as 
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u = (JtQJ)-1JtQr                                            Eq. A2.7 

 

where u is the parameter upgrade vector and r is the vector of residuals for the 

current parameter set. 

 

Including in Eq. (A2.7) the “Marquardt parameter”, named after Marquardt (1963), 

we have  

  

u = (JtQJ + αI)-1JtQr                                                            Eq. A2.8 

 

where α is the Marquardt parameter and I is the n × n identity matrix.  

 

Thus for the initial optimisation iterations it is often beneficial for α to assume a 

relatively high value, decreasing as the estimation process progresses and the 

optimum value of Φ is approached.  

 

Different types of observations and parameters whose magnitudes may differ greatly, 

can greatly affect the magnitude of the elements of J, leading to round-off errors as 

the upgrade vector is calculated. This can be circumvented to some extent through 

the use of a scaling matrix S given by 

  

Sii = (JtQJ)ii
-1/2                                                               Eq. A2.9 

 

Introducing S into Eq. (A2.8) the following equation can be obtained for S-1u: 

  

S-1u = ((JS)tQJS + αStS)-1(JS)tQr                               Eq. A2.10 

 

The term αStS  is referred to as λ, the “Marquardt lambda”. 

 

The user can supply an initial value for λ. During the first optimisation iteration PEST 

solves Eq. (A2.10) for the parameter upgrade vector u using that user-supplied λ. It 

then upgrades the parameters, substitutes them into the model, and evaluates the 

resulting objective function. PEST uses a number of different criteria to determine 

when to stop testing new λ’s and proceed to the next optimisation iteration. At the 

next iteration PEST repeats the procedure, using as its starting λ either the λ from 

the previous iteration that provided the lowest Φ (if λ needed to be raised from its 
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initial value to achieve this Φ) or the previous iteration’s best λ reduced by the user-

supplied factor. In the vast majority of cases this process results in an overall 

lowering of λ as the estimation process progresses. 

 

On the other hand, the user may choose not to supply λ but instead use singular 

value decomposition (SVD). This is especially useful when, due to either parameter 

insensitivity or correlation, the matrix (JtQJ + λI) cannot be inverted as a result of 

singularity, or near-singularity. This is more likely to occur when too many 

parameters are involved in the parameter estimation process. This problem can be 

overcome through reducing the dimensionality of the parameter estimation problem. 

The SVD process allows the eigenvectors and eigenvalues of the matrix (JtQJ + λI) to 

be calculated. If a matrix is singular/near-singular then at least one of its eigenvalues 

is zero/near-zero. The eigenvector(s) corresponding to these zero or near-zero 

eigenvalues span the null space (or a space of gross insensitivity) of the matrix (JtQJ 

+ λI). Use of the Marquardt lambda can be dispensed with if the dimensionality of 

the problem is reduced to the dimensionality of the non-null space. This can be 

achieved if parameter combinations corresponding to null space directions are 

effectively assigned the value of zero (and hence not estimated), with only 

parameter combinations belonging to the solution space thus being estimated. Thus, 

only sensitive combinations of parameters (those combinations corresponding to 

eigenvectors whose eigenvalues are significantly non-zero) are estimated.  

 

With non-linear problems, a global minimum in the objective function may be difficult 

to find. For some models the task is made no easier by the fact that the objective 

function may even possess local minima, distinct from the global minimum. Hence it 

is always a good idea to supply an initial parameter set b0 that is considered to be a 

good approximation to the true parameter set. A suitable choice for the initial 

parameter set can also reduce the number of iterations necessary to minimise the 

objective function; for large models this can mean considerable savings in computer 

time.  

 

iii. PEST ouput 

Variables governing the operation of the Gauss-Marquardt-Levenberg method in 

determining the optimum upgrade vector can be adjusted prior to repeating the 

calculation. Thus, the user can interact with PEST, assisting it in its determination of 

optimum parameter values. At the end of the parameter estimation process, PEST 
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writes a large amount of useful data to its run record file. PEST records the optimised 

value of each adjustable parameter together with that parameter’s 95% confidence 

interval. It tabulates the set of field measurements, their optimised model-calculated 

counterparts, the difference between each pair, and certain functions of these 

differences. It also calculates the correlation and covariance matrices, the sensitivity 

of the parameters and the mean and variance of the residuals. 
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APPENDIX B 

Additional Tables 

Table B.1: Rainfall, temperature and streamflow stations 

(Latitude and longitude coordinates are in decimal degrees)     

                         

 

a) Rainfall Stations 

 

Station ID Latitude Longitude Elevation (m) 

8834013 1.03 34.80 1951 

8835039 1.17 35.03 1981 

8934008 0.90 34.92 1790 

8934059 0.18 34.33 1279 

8934060 0.80 34.72 1665 

8934119 0.62 34.77 1681 

8934130 0.45 34.85 1636 

8934134 0.58 34.57 1409 

8934139 0.08 34.05 1144 

8935010 0.43 35.50 2504 

8935133 0.57 35.30 1281 

8935158 0.93 35.37 2082 

8935170 0.63 35.05 1799 

8934028 0.23 34.87 1613 

 

 

b) Temperature Stations 

 

Station ID Latitude Longitude Elevation (m) 

8934096 0.28 34.78 1501 

8834098 1.03 34.95 1825 

8935003 0.53 35.28 2125 
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c) Streamflow stations 

 

Station ID Latitude Longitude Elevation (m) 

1DD01A 0.37 34.49 1279 

   1EE01 0.18 34.23 1192 

 

 

 

Table B.2: a) Monthly rainfall; b) Mean monthly temperature; c) Monthly streamflow     

                         

 

a) Monthly rainfall (mm) 

 

Station 

ID Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

8834013 85 86 139 240 253 207 194 239 173 166 132 72 

8835039 26 29 66 118 141 106 139 116 75 103 70 24 

8934008 45 53 91 177 186 133 131 155 137 129 91 33 

8934059 77 65 143 261 241 112 117 144 160 159 160 82 

8934060 49 60 110 200 222 131 119 136 146 153 118 52 

8934119 67 83 123 212 237 162 156 166 150 141 122 59 

8934130 85 86 139 240 253 207 194 239 173 166 132 72 

8934134 58 74 139 238 226 112 103 113 124 146 133 59 

8934139 68 58 131 178 135 51 39 67 80 101 114 68 

8935010 61 49 96 196 141 111 125 138 65 97 103 62 

8935133 82 87 155 270 281 178 135 181 157 175 153 103 

8935170 42 47 82 149 181 146 172 203 116 105 66 35 

8934028 92 97 197 303 277 188 202 225 182 177 144 70 
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b) Mean monthly temperature (oC) 

 

Station 

ID Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

8934096 21.7 22.3 22.4 21.5 21.0 20.4 20.0 20.4 20.9 21.1 21.2 21.5 

8834098 21.3 22.0 22.0 21.1 20.6 19.8 17.0 19.5 20.1 20.5 20.4 20.8 

8935003 19.8 20.5 20.5 19.9 19.5 18.7 16.5 18.4 19.0 19.6 19.3 19.4 

 

 

c) Monthly streamflow (m3/s) 

 

Station 

ID Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

1DD01A 24 23 30 56 119 94 109 172 140 89 79 48 

1EE01 47 42 56 97 161 125 141 194 172 120 107 73 
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Table B.3: Estimated saturated hydraulic conductivity, Ks 

 

Soil 

type 

Clay 

(weight 

%) 

Silt  

(weight 

%) 

Sand 

(weight 

%) 

Bulk 

Density 

(g/cc) 

Saturated 

hydraulic 

conductivity, 

Ks (mm/hr) 

Ul11 8 8 84 1.3 101 

Ul6 36 28 36 1.4 5 

B9 53 26 21 1.5 3 

Ul7 52 26 22 1.2 13 

Ul13 45 16 39 1.3 9 

Ul15 38 17 45 1.2 17 

Ul16 36 28 36 1.4 5 

L24 63 11 26 1.2 12 

Ul17 60 15 25 1.2 13 

Um2 52 24 24 1.3 7 

Ul20 44 22 34 1.2 15 

Uh3 44 34 22 1.3 8 

Uu3 13 26 61 1.3 30 

M12 20 26 54 1.4 10 

R1 59 15 26 1.0 26 

R2 70 6 24 1.3 7 

B10 8 36 56 1.2 40 

Um10 30 26 44 1.2 14 

B11 69 28 3 1.2 9 

Um16 60 10 30 1.2 10 

Um17 32 19 49 1.3 11 

Um18 26 14 60 1.2 28 

S2 63 22 15 1.3 7 

M5 20 40 40 1.2 20 

Um28 52 26 22 1.2 13 

H17 25 18 57 1.3 18 

Uh11 40 35 25 1.1 20 

Uh12 40 15 45 1.3 14 

H1 45 25 30 1.1 29 

Uh18 70 18 12 1.1 13 

Ul1 46 25 29 1.2 17 
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Table B.4: Land management inputs 

The yields were used to check the simulation of plant growth, the growth cycle 

indicates the length of the growing period and the maximum leaf area index (LAI), 

canopy height and root depth were adjusted in the SWAT database for the given 

crops. (Acland, 1977; Fischer et al., 1991; Kassam et al., 1991). 

 

          Yields (kg/ha) 

  Maximum 

Leaf Area 

index 

Maximum 

Canopy 

height 

(m) 

Maximum 

Root 

depth 

(m) 

Growth 

cycle 

(days) 

Minimum Maximum 

70-130 

(lowlands) 

Maize 3 2 1.7 

190-250 

(highlands) 

1083 4890 

70-130 

(lowlands) 

Sorghum 3 1.5 1.5 

190-250 

(highlands) 

426 4500 

Wheat 4 1 1.5 100-190 386 4000 

Beans 3 0.4 0.9 90-180 313 2000 

Sugarcane 4 3.5 2 210-365 25270 26448 
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Table B.5: Landsat scenes: Path/Row and acquisition date  

(These images were obtained in GeoTIFF format and are orthorectified)  

 

 

Path/Row 

Acquisition 

date Dataset 

182/059 1/02/1973 MSS 

182/060 1/02/1973 MSS 

183/060 2/02/1973 MSS 

169/059 28/01/1986 TM 

169/060 28/01/1986 TM 

170/060 8/03/1986 TM 

170/059 18/02/1988 TM 

170/059 5/02/2001 ETM+ 

170/060 5/02/2001 ETM+ 

169/059 27/01/2000 ETM+ 

169/060 27/01/2000 ETM+ 

 

 

Table B.6: Landsat sensor attributes (bands, spectral range and pixel resolution) 

Satellite Sensor 
Spectral Range 

(µm) 
Bands 

Pixel  

Resolution 

(m) 

L 1-4 MSS multi-spectral 0.5 - 1.1 1, 2, 3, 4 60 

L 4-5 TM multi-spectral 0.45 - 2.35 
1, 2, 3, 4, 5,

7 
30 

 TM thermal 10.40 - 12.50 6 120 

L 7 
ETM+ multi-

spectral 
0.450 - 2.35 

1, 2, 3, 4, 5,

7 
30 

 ETM+ thermal 10.40 – 12.50 6.1, 6.2 60 

 Panchromatic 0.52-0.90 8 15 
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Table B.7: Spectral Band description 

 

 

MSS BAND DESIGNATION  

 

Spectral Bands 

Use 

Band 1 - green  Emphasizes sediment laden water and delineates areas of 

shallow water 

Band 2 – red Emphasizes cultural features 

Band 3 – near IR Emphasizes vegetation boundary between land and water, 

and landforms 

Band 4 – near IR Penetrates atmosphere haze best; emphasizes vegetation, 

boundary between land and water, and landforms 

 

 

TM AND ETM+ SENSOR BAND DESIGNATIONS 

 

Spectral Bands 

Use 

Band 1 - Blue-green Bathymetric mapping; distinguishes soil from vegetation; 

deciduous from coniferous vegetation 

Band 2 - Green Emphasizes peak vegetation, which is useful for assessing 

plant vigor 

Band 3 - Red Emphasizes vegetation slopes 

Band 4 - Reflected IR Emphasizes biomass content and shorelines 

Band 5 - Reflected IR Discriminates moisture content of soil estimated soil 

moisture and vegetation; penetrates thin clouds 

Band 6 - Thermal IR Useful for thermal mapping  

Band 7 - Reflected IR Useful for mapping hydrothermally altered rocks associated 

with mineral deposits 

Band 8 - Panchromatic Landsat 7 carries a panchromatic band (visible through 

near infrared) with15 m resolution for “sharpening” of 

multispectral images 
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Table B.8: General Circulation Models (GCMs)  

 

MODEL SOURCE Resolution 

CCSR CCSR- Centre for Climate System Research (Japan)  5.6o x 5.6 o 

CSIRO CSIRO- Commonwealth Scientific and Industrial 

Research Organization (Australia) 

3.2 o x 5.6 o 

ECHAM4 ECHAM- Max−Planck−Institut fuer Meteorologie 

(Germany) 

2.8 o x 2.8 o 

GFDL GFDL- Geophysical Fluid Dynamics Laboratory (USA) 4.5 o x 7.5 o 

HADCM3 HadCM-  United Kingdom Meteorological Office (UK) 2.5 o x 3.75 o 

 

 

Other models used for comparison of temperature and rainfall projections 

(in Fig. 6.3) 

 

BMRC: Bureau of Meteorology Research Centre (Australia) 

CCC199: Canadian Center for Climate Modeling (Canada) 

CERF88: Centre Europeen de Recherche et de Formation Avancée en Calcul 

Scientifique (France) 

CSM: Climate system model, National Center for Atmospheric Research (USA) 

GISS: Goddard Institute for Space Studies (USA) 

IAP97: Institute of Atmospheric Physics (China) 

LMD_98: Laboratoire de Météorologie Dynamique (France) 

MRI_96: Meteorological Research Institute Coupled GCM (Japan) 

PCM: Parallel Climate Model National Center for Atmospheric Research (USA) 

WM_95: Washington and Meehl – National Center for Atmospheric Research, USA  

 

 

 

 

 

 

 

 

 

 



 183

Table B.9: Calibrated parameter values  

- A, B, C and D represent hydrologic soil groups 

- *These were adjusted from their original values as obtained from the soil database 

 

 

Parameter Code 

 Calibrated Parameter Range 

CN2 AGRI B: 69-81 

  C: 77-88 

  D: 80-91 

 FRST B: 55-66 

  C: 70-77 

  D: 79-83 

 RNGB A: 30-48 

  B: 48-67 

  C: 65-77 

  D: 73-83 

 RNGE A: 39-68 

  B: 61-79 

  C: 74-86 

  D: 80-89 

RCHRG_DP  0.05-0.1 

GWQMN  0.0-500 

GW_REVAP  0.02-0.2 

SOL_AWC  ±0.2* 

ESCO  0.0-0.9 

SURLAG  0-1.0  
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Table B.10: Observed and GCM seasonal rainfall amounts 

 

   DJF MAM JJA SON 

 Baseline Seasonal rainfall  

(1980-1985) 

162 470 424 329 

A2 2020 CCSR 237 512 342 345 

 CSIRO 188 496 415 370 

 ECHAM4 173 518 429 367 

 GFDL 182 502 410 374 

 HADCM3 173 497 436 361 

A2 2050 CCSR 339 553 222 337 

 CSIRO 214 512 409 402 

 ECHAM4 177 569 446 394 

 GFDL 199 528 396 413 

 HADCM3 176 515 464 377 

B2 2020 CCSR 229 496 329 324 

 CSIRO 183 481 398 348 

 ECHAM4 169 502 411 345 

 GFDL 177 487 393 352 

 HADCM3 169 482 418 339 

B2 2050 CCSR 303 520 228 309 

 CSIRO 202 488 379 362 

 ECHAM4 173 533 408 355 

 GFDL 190 500 368 370 

 HADCM3 171 490 423 342 
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Table B.11: Monthly surface runoff (mm) as forced by GCM scenarios 

 

 

  

   A2 2020 A2 2050 

  

 Baseline CCSR CSIRO ECHAM GFDL HADCM3 CCSR CSIRO ECHAM GFDL HADCM3

Jan 12.6 52.7 21.9 21.6 23.3 22.2 135.8 32.1 22.6 35.8 23.2

Feb 11.8 60.4 28.2 23.1 18.9 18.2 98.2 58.6 28.6 26.4 22.9

Mar 22.1 97.0 62.3 64.5 55.8 49.3 167.8 95.8 98.6 81.5 66.6

Apr 75.8 143.9 115.0 133.6 108.1 102.5 211.3 145.0 208.7 124.6 111.7

May 95.1 98.4 102.6 122.8 112.5 101.2 87.7 104.7 170.4 125.7 111.2

Jun 21.0 14.3 19.4 25.4 22.5 20.5 8.0 18.2 36.5 24.6 22.8

Jul 11.6 1.1 7.5 12.9 7.9 12.3 0.3 4.8 18.0 5.1 20.8

Aug 36.7 9.2 41.8 42.6 36.8 51.6 0.0 37.2 45.4 28.5 72.7

Sep 53.3 21.5 61.7 68.6 59.5 70.5 0.8 70.2 97.5 60.2 91.4

Oct 52.4 46.4 66.2 74.6 74.7 65.6 19.1 77.9 96.1 88.9 73.1

Nov 38.8 73.3 97.8 87.0 101.8 84.0 63.8 159.2 113.9 174.1 104.2

Dec 15.2 54.5 34.1 29.2 39.5 31.7 131.0 51.7 33.6 68.2 36.7
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Cont… Table B.11 

 

  

   B2 2020 B2 2050 

  

 Baseline CCSR CSIRO ECHAM GFDL HADCM3 CCSR CSIRO ECHAM GFDL HADCM3

Jan 12.6 43.8 21.4 16.8 20.2 17.2 93.1 30.4 18.9 27.9 19.7

Feb 11.8 31.0 21.9 14.9 13.5 12.7 58.5 35.1 17.2 14.6 12.8

Mar 22.1 57.4 38.5 37.5 34.2 30.6 94.2 50.5 48.1 40.7 31.9

Apr 75.8 113.6 93.5 110.9 88.5 85.7 149.8 106.1 149.7 96.7 88.1

May 95.1 86.0 92.3 112.8 99.9 95.1 76.4 89.0 136.7 107.0 95.0

Jun 21.0 12.6 17.6 23.0 19.6 19.1 7.7 15.2 27.4 19.8 18.5

Jul 11.6 1.0 6.1 10.0 6.1 10.9 0.3 3.5 10.8 3.6 13.1

Aug 36.7 4.3 24.1 25.8 21.9 33.3 0.0 15.8 19.0 12.3 33.8

Sep 53.3 14.0 46.3 52.7 43.4 52.2 0.9 42.1 56.3 36.7 55.0

Oct 52.4 38.3 57.8 62.6 60.9 56.1 16.1 61.7 73.3 70.8 58.6

Nov 38.8 40.4 58.4 48.9 62.5 47.2 27.6 75.6 52.6 87.5 48.8

Dec 15.2 40.2 23.1 19.1 27.2 20.3 79.0 28.3 18.9 40.0 21.5
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Table B.12: Monthly baseflow (mm) as forced by GCM scenarios 

 

  

   A2 2020 A2 2050 

  

 Baseline CCSR CSIRO ECHAM GFDL HADCM3 CCSR CSIRO ECHAM GFDL HADCM3

Jan 81.2 146.0 123.2 120.4 131.3 125.4 187.1 154.5 137.4 174.0 138.7

Feb 65.5 153.1 105.5 99.7 103.6 99.2 210.6 144.5 110.9 135.6 108.4

Mar 68.4 150.6 108.3 103.4 103.0 97.1 198.8 143.9 115.9 127.0 107.1

Apr 115.2 218.3 178.1 182.4 172.9 161.6 278.7 215.2 220.4 202.0 176.7

May 228.6 315.2 287.6 310.3 289.3 268.7 339.9 316.0 379.3 315.1 281.0

Jun 290.0 282.1 309.2 354.5 324.7 300.5 228.9 313.3 439.0 334.7 307.0

Jul 259.8 179.5 252.2 301.7 262.4 265.9 112.5 239.2 365.0 249.4 289.9

Aug 259.9 150.6 259.0 293.3 259.8 279.6 55.3 238.7 330.6 235.6 314.9

Sep 225.8 123.8 232.9 252.4 226.7 253.0 29.7 219.3 278.2 205.5 293.7

Oct 195.0 122.0 214.3 234.1 216.8 228.7 38.6 222.5 277.4 215.6 266.7

Nov 184.4 163.3 226.4 240.5 236.4 233.0 94.7 254.9 286.8 262.4 264.3

Dec 130.9 164.0 192.6 192.3 200.3 192.5 134.2 238.6 228.8 254.0 219.4

 

 

 



 188

 

Cont… Table B.12 

 

 

  

   B2 2020 B2 2050 

  

 Baseline CCSR CSIRO ECHAM GFDL HADCM3 CCSR CSIRO ECHAM GFDL HADCM3

Jan 81.2 119.3 106.6 99.5 110.0 100.3 138.6 119.4 105.5 133.4 108.4

Feb 65.5 117.7 92.6 80.1 86.6 79.3 154.3 111.8 85.2 101.5 82.5

Mar 68.4 112.0 91.4 82.1 83.8 78.1 142.8 107.7 88.1 93.0 79.6

Apr 115.2 171.0 145.0 146.0 139.1 130.9 202.3 161.0 163.8 150.9 131.4

May 228.6 267.3 250.9 271.5 250.7 239.4 276.9 260.3 307.8 263.8 236.4

Jun 290.0 249.2 279.6 320.6 286.2 277.7 204.3 266.3 358.9 285.0 264.6

Jul 259.8 160.9 227.8 269.6 230.3 246.3 104.4 202.7 293.4 210.0 242.5

Aug 259.9 124.7 215.6 247.5 214.2 244.2 50.7 180.4 245.0 178.9 239.7

Sep 225.8 96.9 186.3 205.2 182.1 211.5 26.5 154.9 193.5 147.6 208.6

Oct 195.0 97.3 177.8 194.7 175.5 193.3 34.2 163.5 200.3 162.7 199.2

Nov 184.4 134.2 193.4 201.6 195.4 196.4 74.7 198.5 217.9 209.8 207.6

Dec 130.9 126.6 157.4 153.6 161.1 151.7 95.4 172.3 163.8 187.6 161.0
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