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Spectral Unmixing- and Integrated Hydrologic Model for Sediment Estimation, Evaluation of
Climate Change Impact and Management Types: Upper Tekeze River Basin, Ethiopia

ABSTRACT

Remote sensing is a less costly and reasonably accurate technology for monitoring and
modelling river systems. However, the coarseness of remote sensing data together with the
dynamic inherent optical properties of the variables constrained its application. Thus, the
overall purpose of this research was to propose the spectral unmixing approach for building
remote sensing model and parametrizing the physically distributed hydrologic model, soil
and water assessment tool (SWAT), for estimating sediment concentration and evaluating
impact of climate and sediment management changes.

Laboratory, time series in-situ and space remote sensing data analyses were triangulated to
construct linear spectral unmixing analysis (LSUA) and compared with the conventional
(empirical) remote sensing models. The models were constructed in laboratory experiments
using sediment types sampled from the Tekeze and Tsirare Riverbeds deposited sediments
and then tested to estimate the daily SSCs from in-situ and space remote sensing data and
evaluated against the observed SSCs in the Rivers. To enhance the LSUA model accuracy
into the mixed pixels of the moderate-resolution imaging spectroradiometer (MODIS)
images, a new approach called Double-stage-LSUA (DLSUA) was proposed. In this case,
LSUA was applied at two stages that LSUA in the first stage was used to unmix the pixels’
reflectance into respective macro endmembers’ (rock\bare-land and turbid water)
reflectance and the LSUA in the next stage was used to determine spectral mixing
coefficients (SMCs) of the constituents in the turbid water (micro components including
pure water and sediment) was proposed. Finally, the SSCs of the Rivers were simulated by
inserting the computed SMCs into the LSUA model generated in the laboratory. The LSUA
approach was also tested to monitor the spatial variability of a vegetation parameter of soil
erosion and sediment (C-factor) which is the required parameter in most sediment
estimating hydrologic models. The spatial minimum C-factor of the upper Tekeze River
basin was first mapped using the LSUA technique from the Landsat images and tested its
accuracy using time series field monitoring. Average C-factor was integrated into
hydrological response units (HRUs) of SWAT. This differs from the conventional approach
where the C-factors have been integrated into land-use type units of SWAT. The LSUA
integrated SWAT was demonstrated in evaluating climate and sediment management
change scenarios on sediment yield. The goodness-of-fit indices including Nash-Sutcliffe
coefficient (NSE), Coefficient of determination (R?), Root Mean Square of Error (RMSE),
Root mean Square of error- observations standard deviation Ratio (RSR) and Percent Bias
(PBIAS) were used to evaluate the performance of the model outputs.

The application of LSUA approach to finer (ground) and coarser (MODIS) resolutions
remote sensing data for modelling variability of SSCs of the Tekeze Rivers were performed
averagely at R* = 0.92 with RMSE = +0.75g/l and R?> = 0.83 with RMSE +9.96,
respectively. These performances were relatively good compared to the simulations using
the conventional empirical regression remote sensing model performed at R?=0.78 with
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RMSE = #6.76g/l and R? = 0.74 with RMSE +16.2, respectively. The success of applying
the LSUA approach was not only for the direct estimation of SSCs, but it was also
successful for determining the spatial variation of C-factor values within and among land-
use types. The demonstration in the upper Tekeze basin showed that the use of the
minimum C-factor map produced using LSUA and integrating it into HRUs of SWAT
improved the fit between the predicted and the measured sediment yield. The coefficients
including NSE, PBIAS, RSR and R? for sediment yield were 0.72, 0.39, 34.2 & 0.68,
respectively, when the C-factor values were for the land-use type units of SWAT. When the
C-factor was for the HRUs in SWAT, the corresponding values were 0.84, 0.23, 10, &
0.89. The average rainfall and temperature over the basin experienced neither significant
increasing nor decreasing trends in the time scales. In contrast, trend analyses of different
variables on the simulated sediment yield from the upper Tekeze basin have shown a
significant increasing trend. Moreover, the sediment concentration simulation using the
LSUA-SWAT shows that applying filter strips, stone bunds, and reforestation or integration
of these scenarios reduced the current sediment yields by different rates (Ave. 9-38%).

The LSUA approach has found to be effective in generating relatively accurate and
universal models working with both ground-based (finer-resolution), and space-based
(coarser-resolution) remote sensing data from river systems. LSUA was also effective in
determining the variability of C-factor among and within landuse types. The successful
integration of the C-factor values into HRUs enhances the sensitivity of SWAT to the
spatial variability of C-factor and then sediment yield. Therefore, the current study implied
that prior studying and considering the inherent optical properties of endmembers during
analysis is important to enhance remote sensing technology for modelling and monitoring
sediment concentrations. The continuous and significant increasing trend of sediment
concentration in the basin irrespective of the insignificant and non trending changes of
climate variables has implied that the changes in catchment characteristics over time
including changes in land use and/or land cover in the basin are the governing factors.
Moreover, the sediment yield in the basin varies with the changes in sediment management
type. Hence, though further calibration and validation are needed, the LUSA and its
integration to hydrologic models (eg. SWAT) approach can support decision-making
concerning the SSCs variability and impacts of climate change and management
alternatives at the river basin scale better than the conventional approaches.

Keywords: C-factor, Empirical remote sensing, Linear unmixing, Sediment monitoring,
Sediment type, Spectral mixing coefficient, suspended sediment concentration, Tekeze
River basin
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WORKING DEFINITIONS FOR TERMINOLOGIES

C-factor: Defined as the ratio of soil loss from a field with a cover and management to that
of a soil with out any cover (Wischmeier and Smith, 1978).

Climate change: A change in the state of the climate that can be identified (e.g., by using
statistical tests) by changes in the mean and/or the variability of its properties
and that persists for an extended period, typically decades or longerdue to
natural internal processes or external forcings, or to persistent anthropogenic
changes in the composition of the atmosphere or in land use (IPCC. 2012).

Hydrologic model: is a simplification of a real-world system (e.g., surface water, soil
water, wetland, groundwater, and estuary) that aids in understanding,
predicting, and managing both the flow and quality of water.

Linear spectral unmixing: is a technique to determine the relative abundance of materials
that are depicted in linearly mixed reflectance based on the materials’ spectral
characteristics. The macroscopically pure components are assumed to be
homogeneously distributed in separate patches within the field of view.

Mixed pixel: A pixel that has a digital number which represents the average energy emitted
or reflected from several different surfaces occurring within that area
represented by the pixel.

Nonlinear spectral unmixing:is a technique to determine the relative abundance of
materials that are depicted in mixed reflectance based on the materials’
spectral characteristics. The macroscopically pure components are intimately
mixed inside the pixel.

Pure pixel: A pixel that has a digital number which represents energy emitted or reflected
from a single surface occurring within that area represented by the pixel

Remote sensing: is the acquisition of information about an object or phenomenon
withoutmaking physical contact with the object and thus in contrast to on-site
sampling.

Sediment: A naturally occurring material that is broken down by processes of
weathering and erosion, and is subsequently transported by the action of
water, or by the force of gravity acting on the particles.

Spectral unmixing: consists in the identification of the spectrally pure signatures of the
materials present in the scene (called endmembers) and the estimation of the
fractional abundances for each pixel associated with the endmembers or, in
other words, the contribution of each endmember on each mixed pixel.

Suspended sediment concentration refers to the sediment that is supported by the upward
components of turbulent currents and stays in suspension for an appreciable
length of time.
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CHAPTER ONE:

INTRODUCTION

This chapter briefly introduces the research background, statement of the problem, research
questions and objectives. Firstly, the parameters of sediment transport and deposition that
vary in space and time are reviewed. Secondly, a brief introduction to the importance, types
and drawbacks of different sediment monitoring and modelling techniques are presented.
Thirdly, then the potential of remote sensing technology to overcome the discussed
drawbacks and options of remote sensing are described. The research gaps in relation to
applying remote sensing for sediment concentration monitoring and modelling are
discussed. In the end, based on these discussions, the objectives and research questions as

well as the outline of this thesis are formulated, discussed and presented.

1.1 Background of the study

Sediment transportation and deposition cause visible impacts on a range of environmental,
economic and social issues. The changes in sediment transportation rate and pattern are
causing important pressures on physical (Walling and Fang, 2003; Siyam et al., 2005;
Haregeweyn, et al., 2012) and biochemical processes (L.i et al., 2008; Shen et al., 2013; Pan
et al., 2016) in rivers and reservoirs. Reducing the storage capacity and water quality of
reservoirs, river flow dynamics and burring agricultural and non-agricultural resources in
downstream areas are the prominent effects making sediment transportation and deposition
a global concern (ICOLD, 2009; Walling and Fang, 2003). Apart from these offsite

impacts, soil erosion and sedimentation have multiple onsite impacts including depletion of
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green water (EI-Swaify and Hurni, 1996) and environmental degradations (Pimentel et al.,
1995; Pimentel, 2006). Hence, sedimentation has irreversible impacts on irrigation,
hydroelectric and water supply infrastructures of the riparian countries. At the same time,
there are investigations indicating sediment transport and sedimentation can be an
opportunity for having fertile soil in downstream countries (Takeda and Fukushima, 2004)
and for facilitating aquatic ecosystems through nutrient replenishment and creation of
benthic habitat and spawning areas. Moreover, lack of sediment transport and deposition
can cause physical changes to the terrain of river systems. Thus, though the excess
sediment is the most common concern, deficiency of sediment transport can also be an

important environmental and socio-economic concern.

Sediment transportation varies spatiotemporally based on the ratings (lower to extreme), the
source areas (wash load and bed material load), the way it transports (suspension and
bedload) and the composition (grain size distribution, nutrients, organic matter etc.) it
holds. Studies have also indicated that these variations will continue worsening in the
future under the projected climate and land-use change scenarios (Ward et al., 2009; Mango
et al., 2011a; Moore et al., 2015; Adem et al., 2016; Azari et al., 2016; Romano et al., 2018;
Wang et al., 2018). These variations have their own respective implications to the alteration
of impacts, monitoring\modelling and controlling mechanisms. Because of the subsistent
nature of the livelihood, higher dependence on natural resources and lack of sustainable
management strategies, the rate and impacts of sedimentation on human welfare are worser

in developing countries than in developed countries (Vanmaercke et al., 2011; 2014).
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Sediment transport is the general term used for the transport of material (clay, silt, sand,
gravels, and boulders) in rivers and streams. A distinction is made between bedload and
suspended-load sediment. The bedload characterizes grains rolling, sliding and saltating
along the riverbed. The suspended sediment concentration (SSC) refers to the sediment that
is supported by the upward components of turbulent currents and stays in suspension for an
appreciable length of time. The suspended load mainly includes the fine soil particles
brought into suspension from the catchment area rather than from the streambed material
and is called the washload. Monitoring and modelling the variabilities of SSCs is critically
important to study the causing factors, effects on the environment and socioeconomic, as

well as for designing effective adaptation and mitigation strategies.

As a result, despite the variability of accuracy and investment cost, there are multiple in-
situ sampling tools (Wren et al., 2000), turbidity measuring and laser diffractometers (Felix
et al. 2013) and acoustic techniques (Costa et al. 2012; Felix et al. 2013) that have been
used for monitoring and modelling the SSCs. The basic drawbacks in one or more of these
techniques are time and labour consuming for a field-laboratory analysis and are less
potential to provide spatiotemporal information.This high cost of facility and maintenance
discourage the implementation of hydrological monitoring networks to provide long-term,
large scale, and uninterrupted observations, which are critically important for soil erosion
and sedimentation studies under the increasing natural and anthropogenic changes over the
world. The researches by GEMS, (2003) and Villar et al., (2012) have remarked that the
construction of in-situ sediment gauging stations and maintenance is too costly that three

quarters of the world cannot afford a full-scale monitoring infrastructure and will not be
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able to construct this infrastructure in the near future. Even, there are researchers arguing
that most of the sediment related effects would have been minimized and\or mitigated if
river systems were with accurate and adequate sediment monitoring and modelling

campaigns (Wren et al., 2000; Babic Mladenovicet al., 2015).

Recently researchers are shifting toward less costly and reasonable accurate remote
sensing-/integrated hydrologic models. Recent advances in satellite technology, sensory,
image acquisition and processing, and data accessibility have drawn much attention in
using remote sensing approach in determining SSC, especially in highly turbid inland
waters. Remote sensing has been found potential in sediment concentrations quantification
(Ouillon et al.,, 1998; Villar et al., 2013; Zhan et al., 2017), grain size distribution
(Carbonneau et al., 2005; Zhang et al., 2015), and deposition pattern (Choubey, 1994;

Condé et al., 2019) assessments.

Apart from the above direct applications of remote sensing on sediments studies, remote
sensing is also potential in parametrizing empirical, conceptual and physics-based computer
based hydrologic models important for modelling sediment yield in River systems. The
hydrologic engineering centre river analysis system (HEC-RAS; HEC, 1995), water erosion
prediction technology (WEPP, Nearing et al., 1989), agricultural non-point source pollution
(AGNPS; Young et al., 1989), soil and water assessment tool (SWAT; Arnold et al., 1998),
and artificial neural network (ANN; Willis et al., 1996) are some of the hydrologic models
unthinkable unless the remote sensing technology exists. Remote sensing can be used to
parametrize the land use (e.g.Goodwin et al., 2005; Soenen et al., 2010;Bewket and Abebe,

2013; Hagos, 2014; Birhane et al., 2019), soil (eg.Mulder et al., 2011; Forkuor et al., 2017),
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topography (eg.Mulder et al., 2011; Krishna et al., 2019) and climatevariables (e.g. Ohring
et al.,, 2002; Sultanaand Nasrollahi, 2018).Remote sensing can also be used to estimate

rainfall (e.g. Marra et al., 2017) and surface runoff (Jayakody et al., 2010; Rao et al., 2010).

Despite the above direct and indirect application potential of remote sensing for monitoring
and modelling sediment transportation, challenges have kept the potentials underexploited.
The potential of remotely sensed data analysis for monitoring processes on the earth surface
especially for monitoring and modelling sediment transport is not still fully exploited. The
challenges are related to the coarseness of the remote sensing data compared to the finesse
of the environmental variables. The spatial and temporal resolutions of most sensors
especially the publicly accessed remote sensing data are coarser compared to the sediment
related variables. They provide mixed pixels or reflectance values, i.e. discrete elements of
the two dimensions (2D) ground space. Since no pixel/ reflectance value, however finer it
might be, represents complete homogeneous characteristics, the measured signal by the
sensor always results from the interactions of electromagnetic radiation with multiple
constituents within each pixel. The mixed nature of the spectral information considerably
constrains the accuracy remote sensing application (Heinz & Chang, 2001; Keshava &
Mustard, 2002; Song, 2005). Even in the future, it seems very difficult to get sensors which
capture finer environmental processes and objects at a pure pixel level. The mixed nature of
reflectance may not be only due to the coarseness of the sensors, it can also result in

intimate mixtures.

Thus, subpixel analysis is required to enhance the accuracy of remote sensing to capture the

variability of finer variables. Obtaining subpixel information requires the use of an
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analytical approach called spectral unmixing analysis (SUA). The subpixel analysis
approach, non\linearspectral unmixing analysis (N\LSUA), effective in analysing coarser
remote sensing data has been extensively applied to characterize surface objects and
processes. It has been used in monitoring urban environments (Phinn et al., 2002; Small,
2002), vegetation dynamics (Elmore et al., 2000; Riano et al., 2002) and mapping land
degradation (Metternicht and Fermont, 1998; Haboudane et al., 2002). Apart from the
earth, it has been also used for the characterization of objects on the Moon and Mars
(Adams et al., 1986; Bell et al., 2002). But this approach has not been exploited in the area

of hydrologic processes including in the sedimentology.

1.2 Statement of problems

Monitoring sediment transportation and deposition pattern is very difficult and costly,
especially at larger scales. The sediment measurements in the globe are inadequate and
usually carried at restricted temporal and spatial scales. The decline in the number of
stations, data quality and changes in the data holding policy have made sediment data less
reliable for users to understand the spatiotemporal variability of sediment, the relation with
driving factors, and response to different management interventions. This problem is more
immense especially in developing countries due to inadequate and non-continuous
monitoring, lack of funding, and differences in processing and data quality control
(Lewandowski et al., 2002). The rapid and early phasing out of dams and reservoirs
constructed after huge investment are mainly associated with ineffective planning of the
reservoirs during the design phase, which in turn attributed to lack of sediment data and

lack of appropriate methodologies to predict sediment yield. In general, the factor which
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kept sediment transportation and deposition more immense problem throughout the globe is

due to limited information drived from less accurate and indequate sediment data.

Since the start of launching the Earth Resources Technology Satellite (ERTS-1) in the
1970s, remote sensing has become versatile technology to characterise, map, analyse and
model hydrological variables with reasonable cost and accuracy. The application of remote
sensing in water resources related studies mainly laid either on direct estimation of the
hydrological variables and/or indirectly for modelling parameters which determine the
hydrological processes. Sediment transportation in river systems is one of the hydrologic
processes that remote sensing has been applied directly and indirectly. In the direct
application of remote sensing, SSCs in River systems have been monitored using the
various visible and NIR bands of satellite imageries directly. The reflectance of solar
radiation from the water surface has been linked directly to the amount and type of
sediments existed in the flowing water (Doxaran et al., 2002; Chen et al., 2004). Hence,
different site-specific semi-/empirical models have been developed to measuere SSCs
(Jiang et al., 2009, Nechad et al., 2010). Apart from this direct application, remote sensing
can also be used for mapping and modelling input parameters of different sediment
simulating hydrologic models. Vegetation parameter of soil erosion and sediment yield (C-
factor) is one of the required parameter in multiple hydrologic models (eg. SWAT) used for
predicting sediment yield (Arnold et al., 1998). The C-factor is place and time-specific
parameter difficult to estimate over broad geographic areas. Conventionally, it has been
determined using in-situ experimentation (Wischmeier and Smith, 1978). Different

vegetation index (Bonn et al., 1997; Baret and Guyot., 1991), direct linear regression
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analysis (Stephens and Cihlar, 1982; Cihlar, 1987), and joint sequential co-simulation with
Landsat TM images with the C-factor from point values (Gertner et al., 2002; Wang et al.,

2003) are the remote sensing techniques that have been used for computing C-factor values.

These might present general knowledge about the targeted variable. But, they may not yield
any further insight into the variables. Most models have relied upon the empirical
relationships between the variables. Such models are affected by the variability of spectral
property of sediment types or vegetation and then are less capable in their universal
application and may not extend to the full range of conditions present in the river systems
(Whitlock et al., 1981; Ritchie et al., 2003). This problem is more complex when one used
coarser remote sensing data. Constructing physically based models which can be used for
predicting the SSCs or vegetation parameter which could be applied across a range of
rivers, a range of sediment types and transporting conditions and over multiple bands of

imagery is therefore important.

Consequently, the desires to extract the constituents' optical property from a spectral
mixture, as well as the proportions in which they appear are important to numerous tactical
scenarios in which sub-pixel detail is valuable. The spectral unmixing (SU), decomposing
remote sensed electromagnetic spectra into a combination of spectrally pure (endmembers)
signatures, is becoming promising technique (e.g. Adams et al., 1986; Ustin et al., 1993).
The SU can be used for analysing multi spectral data collected from space, air and ground
plated sensors. It provides a comprehensive and quantitative mapping of the elementary
materials that are present in the acquired data. More precisely, SU can identify the spectral

signatures of these materials (usually called endmembers) and can estimate their relative
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contributions (or abundances) to the measured spectra. Both linear and nonlinear approach
can be applied for unmixing the reflectance signature of surface objects. Unlike the
nonlinear one, the linear spectral unmixing (LSUA) approach is the quick and easy way of
analysing coarser remote sensing data. The LSUA which consider a given pixel/reflectance
value as a linear combination of primary components (endmembers) is advantageous for
maximizing the use of remote sensing for modelling and monitoring environmental

variables (Oyama et al., 2007).

Even though LSUA is found to be effective in enhancing the analysis of coarser remote
sensing data, the potential has not been exploited in the area of sediment transportation.
Extracting the level of sediment concentrations of turbid water from land features has not
been considered. In the highly erosion risk river basins, an extremely turbid flash flood
having confused optical properties distributed sparsely in a subpixel-scale size. In such
pixels, both reflectance from macroscopically (E.g. land features and turbid water) and
microscopicall (E.g. water, sediment, organic matter etc.) pure components are mixed.
Consequently, the obvious water extraction remote sensing methods often fail to
distinguish the narrow rivers with turbid water and estimate sediment concentration in the
turbid water. The wider surface areas having low albedo surfaces and terain shadows,
which are easily confused with the water bodies in a mountainous river basin (E.g. Tekeze
basin), also bring a big challenge to apply it. The approach is not studied adequately in arid
and semi-arid areas consist of complex spectral properties due to different mosaics of
vegetation, intensive land use pressures, sensitivity to climate fluctuations, dynamic soils’

spectral property (colour change, mineralogy, textures, presence of sand and rocks), surface

29



roughness and various other factors. Consequently, the application principles are not well

developed in the area of monitoring and modelling sediment transport for such river

systems.

Thus, the main hypothesis of this dissertation is spectral unmixing (sub-pixel) analysis

approach can enhance the potential of coarser remote sensing data for monitoring the

SSCs and improve the sensitivity of hydrologic models to model the response of sediment

transport to the climate and management scenarios. The upper Tekeze basin where the

Tekeze hydroelectric dam (Tk5) has constructed to collect about 9*10°m? of water from

30,390 km? drainage area for generating 300MW was targeted in this study.

1.3 Research Questions

Can application of linear spectral unmixing algorithm to finer and coarser remote
sensing data enhance estimation of suspended sediment concentration of River?

Can linear spectral unmixing remote sensing algorithm enhance and be an option for
mapping the spatial variability of vegetation parameter of soil erosion and sediment
yield (C-factor)?

Can integrating linear spectral unmixing remote sensing algorithm-based vegetation
parameter of soil erosion and sediment yield (C-factor) into SWAT improve
performance in modelling the spatiotemporal variability of sediment yield?

How are the trends of climate (precipitation and temperature) and sediment yield in
the upper Tekeze basin and the relationship in between?

How is the efficiency variation of land management options for mnmizing sediment

yield in large scale basins?
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1.4 Objectives

1.4.1 General objective

The overall objective of this research was to evaluate potentials of spectral unmixing
remote sensing and integrated hydrologic model for modelling sediment concentration,

climate and management changes impact in the upper Tekeze River systems.

1.4.2 Specific Objectives
i.  Constructing and evaluating a linear spectral unmixing remote sensing model
determining suspended sediment concentrations of Rivers from ground and space

remote sensing data

ii.  Evaluating potential of linear spectral unmixing remote sensing analysis approach in
determining vegetation parameter of soil erosion and sediment yield (C-factor)

iii.  Integrating the spatial vegetation parameter of soil erosion and sediment yield (C-
factor) from linear spectral analysis into SWAT for enhancing accuracy of
spatiotemporal sediment yield

iv.  Evaluation of trend of climate change, sediment yield and the relationship in
between of the upper Tekeze River basin and using LSUA integrated SWAT

v.  Evaluating the effectiveness of land management scenarios in reducing sediment

yield to the Tekeze hydroelectric dam using LSUA integrated SWAT
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1.5 Conceptual framework of thes study
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Fig. 1: Conceptual framework of in previous studies (a) and current study (b)
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The above framework is presented to show that this research is conducted based on the new
approach as indicated above (Fig. 1). The reflectance values of water resources systems at
sensors are the combined effect of the reflectance of different objects or constituents in
and\or around our entity. So, we have two approaches for analysing the variability of our
concerns. The first approach which is commonly applied\conventional one is to use the
lumped reflectance and regressing it with the variable we concerned. The second option
which can be considered as an emerging approach is first to build detail knowledge about
the optical property of the components in the mixture. So, we proposed spectral unmix
remote sensing analysis technique to estimate the abundance of the components in the

mixed pixels.

1.6 Significance of the research

Most river systems of the world carries a significant amount of sediment transported by
runoff from contributing watersheds and river beds. It is impossible to think about a river
system without sediment. The only options we have are either to design adaptation
strategies to live with it and/or to plan mitigating strategies to minimize it into less affecting
status. Unfortunately, both require accurate documentation of information related to rate
and pattern of the sediment transport at finer spatial and temporal scales. The information
related to the root causes, types and rates of sediment transport in place and time-wise is
important to understand how the sediment transport responds to the natural and
anthropogenic perturbations in basins, Rivers, and reservoirs and then this helps for

designing effective mitigation and adaptation strategies.
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Hence, the absence of continuous sediment monitoring coupled with the limited
methodology of estimating sediment in ungauged watersheds will pose a major challenge in
understanding the spatiotemporal sediment dynamics. Consequently, the status of sediment
transportation, the interaction between sediment transportation and the driving calamities
(land use and climate) and the response of sediment transportation to different mitigation
strategies have been inadequately modeled. Therefore this research was proposed to
develop and evaluate alternative remote sensing sediment monitoring techniques,
parametrizing hydrologic models, evaluating trend-based relations between sediment yield

and climate change and identify the best sediment management scenarios.

1.7 Benefit and beneficiaries of the research

The study presents up-to-date theory, knowledge, dataset and information on spectral
unmixing - and integrated hydrologic model for sediment estimation and evaluation of
climate impacts and management changes in the upper Tekeze basin, Ethiopia. The findings
of the study can be utilised by researchers, sceintific communities, research institutions, and

local stockholders. Some of the benefits and beneficiaries of the research are:

Enhanced knowlodge (Scientific Articles): In advancing new knowlde in the areas of
remote sensing and sediment issues, scientific publication listed at the beginning
of the document which allow researchers to keep up-to-date knowledge and with
the new developments of spectral unmixing- and integrated SWAT for sediment
estimation, evaluation of climate change impacts on sediment and sediment
management options. Different valuable articles published in international journals

that can be used for development and research purposes are producing. This work
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inevitably helps in decision making in water resource management, particularly in

reducing the sediment risk of the Tekeze hydroelectric dam.

Monitoring and modelling Frameworks: There are different monitoring and modelling
tools outputs delivered during and after the research. The new LSUA model used
for determining the suspended sediment concentration, the LSUA integrated
SWAT with enhanced sensitivity to the vegetation parameter of soil erosion and
then sediment yield, the sensitivity of LSUA integrated SWAT for climate and
sediment trend & interaction with sediment yield, and sediment management

options are some of the outputs from this research.

Scientific data/information: the primary sediment and reflectance data generated during
the research, the new thematic map of C-factor and land-use, sediment risk map,
and prioritized sediment management options are some of the outputs from this

research.

1.8 Structure of the dissertation

The dissertation document is organized in six chapters, and the relevant appendices

supported by a list of references. The arrangement of the dissertation is as follows:

Chapter 1: Provides general background information, justifications key questions to be
answered, objectives and key outputs of the research.

Chapter 2: Presents a review of literature relevant to the various components of the research

and the corresponding theoretical background is presented in this section.
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Chapter 3: This chapter describes the study area, research design, procedures and
methodologies used in this research for each research component.

Chapter 4: Presents the results of the overall research activity and analysis of each research
component separately.

Chapter 5: Provides a discussion of the results in an integrated manner, showing
complementary of results and their degree of importance in four major sub-
topics including:

i.  Spectral profile characterizing and modelling the sediment concentration in
flash floods (high sediment concentration) using the spectral unmixing
technique at laboratory, field and MODIS images.

ii.  Applying spectral unmixing analysis for mapping and monitoring the vegetation
parameter of soil erosion and sediment (C-factor) for enhancing the performance
of SWAT in modelling the spatiotemporal variability of sediment yield in large
River basins

iii.  Determining the trend of climate change (precipitation and temperature) and the
response of sediment yield in the study area

iv.  Evaluating d/t sediment management options using LSUA integrated SWAT

Chapter 6: summary of the key findings and conclusions of the research and

recommendations
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CHAPTER TWO:

LITERATURE REVIEW

This chapter briefly reviewed the status of sediment transportation and deposition at
different scales and highlights of the impacts are given. Different sediment monitoring and
modelling techniques with their respective drawbacks are summarised. The current status of
applying remote sensing technology and its pros and cons for sediment monitoring and
modelling are critically reviewed. Summary of current developments in using remote
sensing technology in quantifying SSC for inland waters, focusing on the theoretical
considerations and application potentials of this emerging method are presented. A brief
review of what are the opportunities and delimitations applying spectral unmixing analysis
for understanding sediment transportation and implications for effective sediment

mitigation and adaptation strategies are reviewed.

2.1 Spatiotemporal sediment variability, impacts and monitoring techniques

A higher and worsening trend of sediment transport and deposition rate has been reported.
Recent anthropogenic pressures on the Earth’s surface, including population growth, wide-
ranging disturbance of the land surface by land-use activities, infrastructure development
and mineral exploitation, and modification of the hydrological cycle caused by water
resource exploitation, have resulted significant changes to the sediment loads of some of
the world’s rivers. Despite a decreasing trend in some rivers, an increasing trend in many
of the studied rivers has been reported. According to the review by Walling and Webb,

(1996) the total suspended sediment transport to the oceans in 1950s through the 1980s was
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estimated to be about 15 - 20 billion tons annually. In 2000s, the sediment transport

increased to 24-30 billion tons annually (Walling, 2008; Sumi and Hirose, 2009).

The sediment transport and deposition rates vary regionally, nationally and at field scale.
The soil erosion and sedimentation in developing countries are more severe compared to
the developed world and then the impacts are worst in such countries. Higher sediment
yield values up to 15,699 tkm 2y ! in African River basins were reported by VVanmaercke
et al., (2014) compared to the 40-200 tkm 2y * in Europe by Vanmaercke et al., (2011).
More specifically Ethiopia is described as a leading country with extreme sediment yield
(Beyene, 2011) with recorded annual soil loss ranging 1,600 — 30,000 tkm ? y *. Sediment
transportation in Ethiopian River systems is even more severe compared to other nearby
River systems (Siyam et al., 2005). The Blue Nile and Tekeze River systems originated
from the Ethiopian highlands are for instance the major sources (72% and 25%
respectively) of sediment loads in the Nile basin (Tarek, 2009). Like the rate of sediment
transportation, the rate of sediment deposition and its impact on dams and reservoirs varies
regionally and from country to country. The dams and reservoirs’ reduction percentage due
to sedimentation for developed/ing countries data that were obtained from different sources

and methods are compiled (Fig. 2).
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Fig. 2: Volume reduction of dams and reservoirs in different countries due to sedimentation
(ICOLD, 2009)

Though the quantification of sedimentation vs country in Fig. 2 might be affected by the
spatiotemporal distribution of the studies considered, it can provide a general representation
of the sedimentation rate in the countries. The rates of reservoirs volume loss due to
sedimentation are well below 1.0 % in each year for most of the countries; however, there
are countries such as Tanzania and China that have sedimentation rates well above 2.0 %
loss in a year (Fig. 2). The average sedimentation rate in Africa, Asia, Europe and North

America can be summarised to be 1.20, 1.44, 0.58 and 0.38 %, respectively (Fig 2).

The fluvial processes and sediment loads (Syvitskiet al., 2005) as well as the availability of
sediment to be transported, vary spatially and temporally as a response of inconsistent
hydrologic variables. Many investigations have shown that hydroclimate change could
significantly affect soil erosion patterns (Pruski and Nearing, 2002; Michael et al., 2005)
and sediment flux (Xu, 2003; Syvitski et al., 2005; Zhu et al., 2008). The drastic increase of

sediment flux from Gilgel Gibe basin, Ethiopia, was as a response to climate change in the
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River basin (Demssie et al., 2007). Gebremicael et al., (2013) has reported a significant
increasing change of sediment yield as a response to climate change in the upper Blue Nile.
Anwar et al., (2016) has also found doubling progress of sediment flux in Gilgel Abay,
upper Blue Nile, as a response of the climate change in the basin. Hence, climate variability

is among the critical factors for spatial and temporal variability of sediment transportation.

Moreover land-use change (Hurni et al., 2005; Amsalu et al., 2007) and geomorphologies
extremes (Tamene et al.,2006a; Nyssen et al., 2007) could also be an important factor of
sediment transportation. The rapid population increases in the globe is causing rapid
transition of erosion-resistant land-use types (e.g. forest land, shrubland) to erosion
vulnerable types of land uses (e.g. crop, grazing and open land). The rapid population
growth in Ethiopia (counted over 85 million in 2012 that is double of 1982 and expected to
double by 2050) coupled with traditional farming system resulted rapid deforestation and
intensification of land cultivation (Hurni et al., 2005; Amsalu et al., 2007; Balthazar et al.,
2013). Consequently, Ethiopian River basins are not only experiencing accelerated
sediment transportation but are also experiencing very dynamic sediment transportation.
The abundant, worsening trend and spatiotemporal variable nature of sediment
transportation need well planned and designed intervening measures. Accurate
characterizing (concentration, size distribution, velocity, deposition pattern) of long-term
sediment yield is important to predict the reservoirs’ sediment deposition pattern and rate,
evaluate its consequences on the water resource systems, identify appropriate reservoir
sediment management strategy and specify feasible design. Moreover, identifying the root

causes and source of sediment have paramount importance in designing effective mitigation
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and adaptation strategies. Therefore, a model and/ or monitoring technique that capture the

place specific and time-continuous nature of the processes is valuable.

2.2 Sediment monitoring and modelling techniques

The spatiotemporal variability of the sediment in amount, source of origin (wash load and
bed material load), the way it transports (suspension and bedload) and the composition
(grain size distribution, nutrients, organic matter etc.) it holds have their own respective
implications to the alteration of the impacts, monitoring\ modelling and controlling
mechanisms. The monitoring and modelling techniques must be developed in a way that
can be suit to the above variabilities (WMO, 2000; Wren et al., 2000). Especially the
diversity and technologic advancement of the techniques used to acquire for the sediment

information are continuously growing.

Despite of the variability of accuracy and investment cost, there are different in-situ
monitoring (Wren et al., 2000), Turbidimeters and Laser Diffractometers (Felix et al.,
2013) and Acoustic techniques (Costa et al., 2012; Felix et al., 2013; Gruber et al., 2916)
have been used for monitoring the suspended loads. Bedload transport can also be
monitored either directly by collecting moving particles and using tracer particles or
indirectly by active and passive sensors (Gottesfeld and Tunnicliffe, 2003; Mgen et al.,

2010). The detail of the sediment monitoring techniques is given below (table 1)
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Table 1: Comparison of techniques for suspended sediment monitoring (Wren et al., 2000).

Technology Operation Advantage Disadvantage

Bottle Water - sediment sample is Accepted, time - tested technique, Poor temporal resolution, flow in-

sampling taken isokinetically by allows determination of trusive, requires laboratory
submerging  container  in concentration and size analysis to extract data, requires on
stream and is later analyzed distribution, most other - site personnel.

techniques are calibrated against
bottle samplers

Pump Water - sediment sample is Accepted, time - tested technique, Poor temporal resolution, flow

sampling pumped from stream and later allows determination of intrusive, requires laboratory
analyzed. concentration and size  analy-sis, does not usually sample

distribution. isokinetically.

Acoustic Sound  backscattered from Good spatial and temporal Backscattered acoustic signal is
sediment is used to determine resolution, measures over wide difficult to translate, signal
size distribution and vertical range, nonintrusive. attenuation at high particle
concentration. concentration.

Focused Time of reflection of laser No particle size dependency, Expensive, flow intrusive, point

beam incident on sediment particles wide particle size and measurement only.

reflectance  is measured. concentration measuring range.

Laser Refraction angle of laser No particle - size dependency Unreliable, expensive, flow

diffraction  incident on sediment particles intrusive, point measurement only,
is measured. limited particle - size range.

Nuclear Backscatter or transmission of Low power consumption, wide Low sensitivity, radioactive source
gamma or X - rays through particle size and concentration decay, regulations, flow intrusive,
water - sediment samples is measuring range. point measurement only.
measured.

Optical Backscatter or transmission of  Simple, good temporal resolution, ~Exhibits strong particle - size
visible or infrared light through  allows remote deployment and dependency, flow intrusive, point
water - sediment sample is data logging, relatively measurement only, instrument
measured. inexpensive. fouling.

Remote Light reflected and scattered Able to measure over broad areas.  Poor resolution, poor applicability

spectral from body of water is remotely in fluvial environment, particle -

reflectance

measured.

size dependency

The drawbacks in one or more of these techniques are time and labor consuming for a field

- laboratory analysis and having poor spatial and temporal resolution data. The need for

continuous instrument validation and calibration due to their sensitivity to color, size and

composition variability is also another additional burden on such techniques.

2.2.1 Remote sensing for monitoring and modeling sedimenttransport

Globally, the very common method of sediment load monitoring is in-situ sampling

followed by laboratory analysis (Wren et al., 2000). As this method involves with site

selection, water sampling, transportation of the samples, laboratory processing (drying and

weighing), and post-analysis procedures, it is labour and time intensive. Especially for
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remote stations, the cost could not be affordable to many developing countries. Because of
this, more than three-quarter of the world has a shortcoming to afford a full-scale
monitoring infrastructure for water quality control and will not be able to construct this
infrastructure soon (Villar et al., 2012). On top of this limitation, results from such
sediment measurements at large scale could not provide adequate information. It lacks to
provide the information related to identifying the catchment part which is prone for more
sedimenttransport and could not answer to the why questions which would be the very
important information for prioritized mitigation plans. The high cost of facility and
maintenance discourage the implementation of such monitoring networks to provide long-
term, large scale, and uninterrupted observations, which are needed for energy and water
resources development studies (Wren et al., 2000). Consequently, scientists in the area are
still in searching economically feasible, accurate and spatiotemporally representative type

of sediment modelling and monitoring techniques.

Followed the above problem and the effort, there is a shift toward applying remote sensing
technology, hydrologic models and integration of the two. Remote sensing, mostly done by
processing the interaction involved in between incident radiation and the targets of interest
using imaging or non-imaging sensors, has become emerging technology for SSC
monitoring and as complementary tools for hydrologic models. Recent advances in satellite
technology, sensory, image acquisition and processing, and data accessibility have drawn
much attention in using remote sensing approach in determining SSC, especially in highly
turbid inland waters. As a result, many techniques including acoustic, pumping sampling,

laser diffraction, nuclear, and methods based on focused beam reflectance, optical
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backscattering, optical transmission, and spectral reflectance (Doxaran et al., 2002; Chen et
al., 2004). Applying the hydrologic model is unthinkable with the absence of remote
sensing technology. Many of the hydrologic models estimating sediment transportation and
deposition rate (e.g. SWAT) use remote sensing technology as a tool to generate and map

spatiotemporal input data.

Thus, direct and indirect application of remote sensing in monitoring and monitoring
sediment transportation has multiple advantages over the conventional field-sampling
technique. In-situ sampling followed by laboratory analysis is the most commonly used
method for sediment monitoring in Rivers. This method involves site selection, water
sampling, transportation of the samples, laboratory processing (drying and weighing), and
post-analysis. It passes long chain, consumes more time, labour-intensive, and provides
only point data at gauging stations. Since the construction of gauging stations and the
maintaining of a conventional monitoring system is costly, it has been estimated that three
quarters of the world cannot afford a full-scale monitoring infrastructure for sediment
monitoring stations and will not be able to construct this infrastructure in the near future

(GEMS, 2003; Villar et al., 2012).

2.2.1.1 Direct application of remote sensing

Remote sensing technology can provide synoptic, continuous and long-term observations to
the variability of sediment concentration in different water bodies (oceans, seas, lakes and
Rivers) directly. Various visible and near-infrared band combinations of remote sensing

including in-situ spectral measurement using spectroradiometer, laboratory experimentation
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and different satellite images had been tested and found effective in detecting SSC in
coastal (Islam et al., 2003; Doxaran et al., 2003; Wang et al., 2010; Fang et al., 2010; Wang
et al.,, 2012) and lake environments (Ritchie and Cooper 1991; Ma and Dai, 2005). The
advances in satellite technology, sensory, image acquisition, processing, and data
accessibility have drawn much attention in using remote sensing approach in determining
SSC of highly turbid inland (lake and River) waters. The Islam et al. (2001), Chu et al.
(2009), and Wang and Lu (2010) are some of the researchers tested the efficiency of remote

sensing in the monitoring of SSCs in Rivers.

The principle working to apply remote sensing technology in monitoring SSC from inland
water is just using the fact that suspended sediments increase the radiance emergent from
surface waters in the visible and near-infrared region of the electromagnetic spectrum
(Ritchie and Schiebe, 2000). According to the conservation of energy, the light that arrives
at the surface of water called radiance is divided in to refracted (diffused attenuation),
reflected and absorbed energy which depends on the optical property of the turbid surface

water (Mobley, 1994). This fact is summarized as

R+ AT, =1 (Eq.l)

Where Rr = reflectance or reflectivity, A= absorptance or absorptivity and
T,=transmittance or transmission of the object (water body in this case) with respect

electromagnetic radiation (r) under consideration.

The wavelength ranges effective in determining sediment concentration and the relation

between irradiances and SSC varies spatially. This variation can be attributed to the
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variation of sediment composition (such as type and grain size distribution), waterbody
characteristics (depth, vertical variation in sediment concentration, and bottom reflection),
and view geometry. To some degree, the air-water interface and atmospheric conditions
also add to the complexity (Gray et al., 2000). Moreover, various other parameters such as
River geomorphology can influence the relation between SSCs and reflectance and hence
algorithm developed for a given River may not be applicable to another River. There are
multiple empirical (Doxaran et al., 2009; Min et al., 2012; Long and Pavelsky, 2013), semi-
empirical (Shen et al., 2013), and theoretical (Wang et al., 2009) models which can be used

for estimation of SSCs.

There are multiple empirical models developed at different River systems. Empirical
models are normally generated based on the relation between the apparent optical
properties (AOPs) and the level of SSC using statistical analysis on some measured data.
The empirical models take the form of linear regression and nonlinear regression describing
the relation between a single band of spectral reflectance or ratio of reflectance in merged
bands and SSCs (Yuming and Min, 1992; Doxaran et al., 2002). The linear and nonlinear
empirical relation existed between SSC and reflectance can be explained with the radiative
transfer theory (RTT). Without considering any atmospheric effect, the reflectance at any
wavelength can be expressed as a function of the optical properties of the co-existing

concentrations of pure water and constituents in the water (Eq. 2).

Rl =C ((Bw + ﬁSSSC + ﬁc)/(a'w + asSSC + ac)) (qu)
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Where R represents the reflectance of the turbid water at specific wavelength (X), aw
represents the absorption coefficient of the turbid water, as IS the cross-section value of
absorption coefficient of suspended sediments, a. is the absorption coefficient of other co-
existing constituents, Py IS the backscattering coefficient of water; Bs IS the cross-section
value of the backscattering coefficient of suspended sediments; SSC is the suspended

sediment concentration

The optical property of pure water is dominated by absorbance and transferring optic
properties while the backscattering is lower. Water absorbs most of the energy in the near-
infrared and middle-infrared wavelengths whereas other surface materials have a higher
reflectance in these wavelengths. But in more turbid water, the backscattering become
higher compared to the absorbance and transferring optical properties of the water. Most
researches investigating the relationship between reflectance and SSC in Rivers with lower
sediment load indicated linear relation. This is reasonable that in such cases the absorption
is dominated by water when a,, is far outweighing as SSC. Ritchie et al. (1976) found a
linear correlation (R = 0.85) between integrated spectroradiometer reflectance (700—800
nm) and amounts of SSC in Mississippi reservoirs. Chen et al. (1991) found that the
relation between SSC and reflectance was linear at wavelengths of 700 to 1050 nm. Novo et
al. (1991) reported that, for Oxisol sediment types, the relation between total suspended
solid concentration and reflectance was linear and constant from 450 to 900 nm. Islam et al.
(2001) and Wang et al. (2010) researches in the Yangtze River found linear empirical
model performed R? of 0.98 and 0.73, respectively. Research by Ma and Dai (2005) in

Lake Tailu, China, also found a linear empirical model relating SSC and reflectance. But, in
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water systems with extremely higher sediment concentration the relation between SSC and
reflectance become non-linear. The reason is that the absorbance by the water is dominated
by the absorbance from the sediment (as). Often a second-order polynomial (Lodhi et al.,
1997), logarithmic (Chu et al., 2009; Wang et al., 2009; Wnag et al., 2010; Wang and Lu,
2010) and Exponential (Schiebe et al., 1992; Dekker et al., 2001) function model are the
common nonlinear empirical relation found between the SSC and reflectance at different

wavelength ranges.

As the above review can indicate the predicting capability of empirical models to their
respective data and situation is found higher (R>>= 0.5). But, none of them was consistent
and universal. They were varied based on the River systems (sediment types and level of
concentrations), sensor types and band combinations. This implied the applicability of
remote sensing approach based on empirical relations can be quite limited and may result in
significant errors if applied to other situations. Hence, though empirical models are simple
and rapid in processing large data sets, they are only applicable to situations with similar
characteristics like those used in the model development. These empirical models generally
do not transfer well to places outside the area in which they were developed. Therefore, for
any new applications, one still must develop his or her empirical models, and he or she

should not expect the same good performance of certain empirical models to reappear.

Unlike the empirical models, semi-empirical modelling types can be used in estimating
suspended sediment concentration of inland and coastal water systems. Semi-empirical
models are developed based on radiation theory that integrates the inherent optical

properties (IOPs) and the apparent optical properties (AOPs) (Loisel and Stramski, 2000).
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The predictability of semi-empirical models depends on the estimation of I0Ps for
sediment substances. The I0Ps are affected by types of sediment, depth of water and other
factors that affect the relationship between SSC and remotely sensed optical properties
(Curran and Novo, 1988). As the IOPs are constituent specific and are sensitive in the
simulation of the radiative transfer equation (RTE), the performance of most semi-
empirical methods depends on accurate determination of the radiative properties of

sediment constituents.
n
j=1

Where R, represent the reflectance of the turbid water, b, refers to the backscattering
coefficient of pure water, C; refers to the concentration of the j™ constituent in the water

solution.

Such approaches have been found more accurate than that of the empirical algorithms and
these models are more applicable for different water types with the capability to take the
effects of water depth, particle size, and water-air interface into account. There are many
types of research successful in such an approach. Eleveld et al. (2008) in the southern North
Sea (R? = 0.87) and Santini et al. (2010) fine-tuned a physical model for the highly turbid
Venice lagoon waters are some of the researches applied a semi-empirical model for

estimating sediment concentration in their respective study areas.

But the models are not without defects. Detail IOPs of constituents in the water should be

presented and considered in the application of different sensor types. The quantity and
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quality of the remote sensor are essential for the success of such SSC remote sensing
methods. Though the number of sensors currently established to view biological and
physical processes within the water bodies is many, most of them have short revisit times
and coarse spatial resolution with high spectral resolution and sensitivity. The Landsat
series (30m) and the Moderate Resolution Imaging Spectroradiometer (MODIS, >=250m)

typically are too coarse to describe inland water constituents.

Therefore, there should be means that split the mixed representation of spectral signatures
of components in a given pixel. Spectral unmixing (SU) is widely used for analysing mixed
hyperspectral data of coarse spatial resolution of imageries. SU provides a comprehensive
and quantitative mapping of the constituents in each pixel. More precisely, SU can identify
the spectral signatures of these materials (usually called endmembers) and can estimate
their relative contributions (or abundances) to the measured spectra using either a linear
(Elmore et al., 2000; Small, 2003; De Asis and Omasa, 2007; Meusburger et al., 2010) or
nonlinear unmixing model (Arai, 2008; Bioucas-Dias et al., 2012; Altmann et al., 2013).
The unmixing model converts the image DN's to numerical fractions of a few endmembers
(Adams & Gillespie, 2006). As a rule of thumb, linear un-mixing is associated with
mixtures for which the pixel components appear in spatially segregated patterns. If,
however, the components are in intimate association, light typically interacts with more
than one component as it is multiplied scattered, and the mixing systematics are highly
nonlinear (Keshava & Mustard, 2002). The underlying physical assumption of anlinear
unmixing is that each incident photon interacts with a single-pixel component only. A

mixed pixel signal (r) can as such be described as a linear combination of pure spectral
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signatures of its constituent components (i.e., endmembers), weighted by their subpixel

fractional cover (Adams et al., 1986).

Even though, the question whether linear or nonlinear processes dominate spectral
signatures of mixed pixels is still an unresolved matter, due to the relative simplicity and
straightforward interpretation of the analysis the linear spectral un-mixing analysis (LSUA)
strategy is commonly applied (Adams et al., 1995; Dobigeon et al.,, 2014). The
mathematical LSUA technique applied to split spectral signature into respective

constituents is:

N
R, = Z lar_pmr + n, (Eq.4)
.

Where, N is the number of endmembers present in the image, m; is the spectral signatures
of the ™ endmember, o, is the abundance of the ™ material in the p™ pixel and n, is an

additive term associated with the measurement noise and the modelling error.

As the Eqg. 4 indicated the LSUA seems possible to use for estimating SSCs from imageries
and advantageous over the conventional empirical approaches of applying remote sensing
technology. But this potential is not well studied and exploited globally. Since most
Ethiopian Rivers have their distinctive characteristics making different one another and
optical properties of constituents in River systems is not studied, attempting to develop a

River basin-based algorithm for Ethiopian Rivers could have paramount importance.
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2.2.1.2 Indirect application of remote sensing

Apart from the direct detection to the sediment concentrations in Rivers, remote sensing is
also effective for monitoring and mapping the factors controlling sediment concentrations
in Rivers. Role of the remote sensing in paramtrizing and supplementing different
hydrologic models including sediment rating curves (eg. Haregeweyn et al., 2006; Tamene
et al., 2006b; Haregeweyn et al., 2008; Moges et al., 2016), the WEPP (Zeleke, 2000;
Maalim et al., 2013), the AGNPS (eg. Haregeweyn and Yohannes 2003; Mohammed et al.,
2004), the SWAT (eg Setegn et al., 2010, 2008; Mohammad et al., 2015), and the ANN

(eg. Masoumeh and Mehdi, 2012; Melesse et al., 2011) is very important.

Vegetation characteristic (species type, abundance, composition and development stage)
resulted from the comprehensive long-term interaction of landform, hydrology, soil,
climate and human activities are a sensitive indicator and controlling factor for sediment
concentration in rivers. It plays an important role in reducing soil erosion and then sediment
yield by reducing the force of falling raindrops, increasing infiltration of water in to the
soil, reducing the power of surface runoff, binding the soil mechanically, and maintaining
roughness of the soil surface and through improving the physical, chemical and biological
properties of soils (Meusburger et al., 2010). Canopy cover, leaf area index, root structures
and biomass are among the plant part which contribute to controlling soil erosion and the
sediment yield. The effect of vegetation on sediment yield varies spatially because of
species change and its growing stage. Moreover, it shows a long-term temporal dynamic as
a result of land-use conversions or gradual depletion of resources or short-term dynamics

caused by rainfall characteristics and by human activities (Vrieling, 2006).

52



The vegetation cover and management effect on soil erosion and then sediment yield
known as C- factor has been therefore used as a decisive parameter in multiple erosion and
sediment modelling software. In the soil loss models, Universal Soil Loss Equation (USLE,
Wischmeier and Smith, 1978) and its subsequent, the Revised or Modified Universal Soil
Loss Eg. (RIMUSLE, Williams, 1975), C- factor is an implicit parameter determining soil
loss. The MUSLE is also found impeded in the hydrological model Soil and Water
Assessment Tool (SWAT) used for simulating sediment yield. It is also used in simplified
stream power equation of Bagnolds (1977) to route sediment transportation in reaches.
Other than in the USLE and its successive, the C-factor has been also used in other erosion
models such as in the Morgan and Finney method (Morgan et al., 1984), areal nonpoint
source watershed environment response simulation (ANSWERS, Beasley et al., 1980),
water erosion prediction project (WEPP; Zeleke, 2000) and agricultural non-point source
(AGNPS, Haregeweyn and Yohannes, 2003; Mohammed et al., 2004). Thus, reliable
spatiotemporal C-factor estimation is essential for accurate modelling of soil erosion and
sediment yield estimation, which in turn, is needed for sound mitigation and adaptation

planning.

2.2.2 Hydrologic modelling for sediment yield

Modelling the process of soil erosion and sediment transportation using hydrologic models
can help our understanding to the issues related to the critical sources and factors
controlling erosion and sediment transport. There are multiple potential hydrologic models
which simulate the soil erosion/sedimentation processes in River basins. These models are

primarly classified in to empirical, conceptual and physical-based. Sediment rating curves
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(Haregeweyn et al., 2006; Tamene et al., 2006b; Haregeweyn et al., 2008), Hydrologic
Engineering Centres River Analysis System, (HEC-RAS; HEC, 1995), Water Erosion
Prediction Technology (WEPP, Nearing et al., 1989) tested by Maalim et al. (2013),
Agricultural Non-Point Source Pollution (AGNPS; Young et al, 1989) tested by
Haregeweyn and Yohannes (2003) and Mohammed et al. (2004), Soil and Water
Assessment Tool (SWAT; Arnold et al., 1998) tested by Setegn et al. (2010, 2008),
Mohammed et al. (2015), and the Artificial Neural Network (ANN; Masoumeh and Mehdi,

2012).

Soil and water assessment tool (SWAT) developed by Arnold et al., (1998) is one of the
semi-distributed hydrologic models found effective in modelling sediment yield of different
scales of River basins. It is the most popular model applied for understanding the
hydrologic processes including sediment yield of small to large scale River basins. Since it
is distributed and processes-based model, it has fewer uncertainties and provides relatively
adequate information compared to that of lumped models. SWAT simulates the hydrology
of the watershed in two phases. The land phase of the hydrologic cycle controls the amount
of water, sediment, nutrient and pesticide loadings to the main channel in each sub-basin.
The water or routing phase of the hydrologic cycle controls the movement of water,
sediment, nutrients and pesticide loadings through the channel network of the watershed
into the outlet. The model calculates the surface erosion within each Hydrologic Response

Unit (HRU) with the Modified Universal Soil Loss Equation (MUSLE; Williams, 1975).

Sed = 11.8% (Qsurt XQpeak *Anru) “*°*xKysLe XCusLe XPusLe XLSus.e XCFRG  (EQq.5)
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where Sed is the sediment yield (metric ton day %), Qur is the surface runoff volume (mm
ha ' day ), Qpea is the peak runoff rate (m® s ), Any, is the area of the HRU (ha), Kuys.e is
the USLE soil erodibility factor, Cysi.g is the USLE cover and management factor, Pysie IS
the USLE support practice factor, LSysig is the USLE topographic factor and CFRG is the

coarse fragment factor.

The sediment routing model that simulates sediment transport in the channel network
consists of two components operating simultaneously: deposition and degradation (Arnold
et al., 1995). The amount of deposition and degradation is based on the maximum
concentration of sediment in the reach and the concentration of sediment in the reach at the

beginning of the time step. The final amount of sediment in the reach is determined as
Sedch = Sedch’|_seddep +Seddeg (Eq.6)

where Sed, is the amount of suspended sediment in the reach (metric ton day ™), Sed is
the amount of suspended sediment in the reach at the beginning of the time period (metric
ton day ™), Sedu is the amount of sediment deposited in the reach segment (metric ton
day "), and Sedgeq is the amount of sediment re-entrained in the reach segment (metric ton

day ). The amount of sediment transported out of the reach is calculated as
Sedout = Sedch X Vout/Vch (Eq.?)

Where Sed,, is the amount of sediment transported out of the reach (metric t day—1), Sedcn

is the amount of suspended sediment in the reach (metric ton day ), Vou is the volume of
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outflow during the time step (m® day ), and V¢ is the volume of water in the reach

segment (m° day ).

The interest to use such hydrologic models for different purposes has been growing
worldwide. It plays a great role in understanding the impact of land use alteration (Mango
et al., 2011a; Mango et al.,2011b; Getachew & Melesse, 2012),climate change (Setegn et
al., 2010; Dessu and Melesse, 2012, 2013; Assefa, et al., 2014) and evaluating the
performance difference of management scenarios (Wang et al., 2008; Setegn et al., 2009,
2010; Grey et al., 2013; Yesuf et al., 2015) on reducing soil erosion and sediment yield of
River basins. However, most of the hydrologic models including SWAT are initially
developed after long time experiments in the US and Europe with a temperate to sub—
humid climate and data rich areas. Lack of input data at the required temporal and spatial
scales has been a typical limitation of the models. Consequently, sediment modeling in
Ethiopia has generally not been very successful because of both limited sediment data for
validation. At the same time the underlying hydrology of tropical sub humid areas is not
understood very well. Runoff predictions in these models are based on the SCS curve
number that is not suitable with the monsoon climate condition in the Ethiopian landscape
(Liu et al., 2008, Bayabil et al., 2010, Tilahun et al., 2012). More recently, researchers
(Easton et al., 2008, Steenhuis et al., 2009, Tilahun et al., 2012) have started to use a locally
modified SWAT. An attempt to consider the topography of Ethiopia has made in this

modification.

The fluvial processes and sediment load as well as the availability of sediment to be

transported vary spatially and temporally as a response of inconsistent vegetation and other
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parameters. The effect of vegetation on soil erosion and then sediment yield varies based on
specie type, growing stages and their abundances (Zhou et al., 2006) which cause for
different canopy covers, leaf area index, biomass, and root structure which intern have
different hydrologic intervention. Consequently, vegetation contributes to the
spatiotemporal variability of sediment yield and called C-factor. The C- factor value is
place and time specific parameter which conceptually determined directly by the ratio of
the long-term in-situ measurement of soil loss from vegetated land (Wischmeier and Smith,

1978).

The SWAT parameter setups specifically the vegetation cover management effects (C-
factor) database included in SWAT consists of empirical values from long-term
experiments in the United States, which may not be applicable to other countries.
Therefore, the SWAT based studies in developing countries must have area and time
specific database. But most studies have been considered it inadequately. It has been
considered at land use unit type level or has been taken constant values from literature
which results constant C- factor values for large area. This can’t reflect the effect of spatial
variation of vegetation on soil loss (Song et al., 2011). This implies the need for cost

effective and spatially distributed estimating technique.

Space remote sensors especially the visible and near infrared (NIR) portion of spectrums
and their combinations have been tested and found effective in detecting effect of
vegetation on soil erosion and then sediment yield (Vrieling, 2006). The C- factor is place
and a time-specific parameter which conceptually determined directly by the ratio of the

long-term in-situ measurement of soil loss from vegetated land to that of corresponding
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bare land measurements (Wischmeier and Smith, 1978). This approach is cost infeasible to
apply to large River basins otherwise to plot - field scales (Panagos et al., 2015). Unlike
this field measurement, the spatial and temporal variability of vegetation and the correlation
with soil erosion and sedimentation (C-factor) can also be modelled using remote sensing.
Different approaches of remote sensing have been employed for monitoring and mapping
the condition of vegetation cover and its relationship with soil loss and sediment yield.

Some of them are discussed in the following sections.

2.2.2.1 Classification approach for modelling C-factor

Previously, remote sensing has been used as an alternative approach to mapping land use
classes and then a field measured C-factor values has been assigned to each land use
classes. This land-use classification C-factor has often been used to map land-use types that
differ in their effectiveness to protect the soil from transportation. To achieve this objective,
direct linear regression has been performed between image band (MSS, TM, ETM+) ratios
and C-values and then different inter/extrapolation mechanisms have been applied for
spatial mapping (Gertner et al., 2002; Wang et al., 2003). Other researchers have also been
used point data collected in the field by investing huge cost or done simply by assigning
values from literature into a classified land cover map (eg. Betrie et al., 2011; Gizachew,
2015). This method, however, resulted in C-factor estimates that are constant for relatively
large areas, and do not adequately reflect the spatial variation of vegetation and then its
effect on soil loss that exists within land-use type and geographic areas (Griensven et al.,
2012). It also introduces errors from classification (Wang et al., 2002). Such problems

could be higher in River basins which lack the land-use plan and with changing climate
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variables. To increase the spatial variability and decrease the influence of classification
errors, direct linear regression between image bands or ratios and C-factor values
determined in the field (Cihlar, 1987; Stephens and Cihlar, 1982) and a joint sequential co-
simulation with Landsat TM images (Gertner et al., 2002; Wang et al., 2002, 2003) has
been performed for mapping the C-factor. However, these methods are costly and obtaining

the appropriate number of sampling points for interpolation is rather difficult.

Most SWAT based studies of sediment transportation and deposition in developing
countries have been relied on the land use-based determination of C-factor. The spatial
representation of C-factors in most SWAT studies in developing countries has been
considered at a land-use level or has been taken constant values from literature which
results in constant C-factor values for a large geographic area. This can’t reflect the detail
spatial variation of vegetation effect on soil loss (Song et al., 2011). Griensven et al., (2012)
have critically reviewed to the researches in the Nile River basin which used SWAT for
modelling hydrologic processes. The appropriateness of the models was evaluated based on
three criteria including performance indicators (fit-to-observations, fit-to-reality and fit-to-
purpose). Accordingly, it was found that the representation of the temporal dynamics of
SWAT application is satisfactory. However, little confidence has been given to the
potential of SWAT in representing to the spatial heterogeneity of the processes. According
to this review, the very important gap of the researches was the lack of attention to the
vegetation and crop processes. None of the papers reported any adaptation to the crop

parameters or any crop-related output.
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About 20 researches on sediment yield using SWAT for Ethiopian river basins published in
international journals were reviewed (eg. Betrie et al., 2011; Steenhuis et al.,2009;
Gebremichael et al., 2013; Hassen et al.,2015; Shimelis et al.,2010; Michael & Jain, 2013;
Ayana et al,2012; and ...). The researches have used the R? NSE, PBIAS and RSR
statistical tools to evaluate the performance of the model in estimating sediment yield in the
respective study area (Table 2).

Table 2: Summary statistics of SWAT Peroformance in previous researches (R?, NSE,
RSR and PBIAS)

Constitu  Statistics Calibration Validation
ents Model R° NSE PBIAS RSR R° NSE PBIAS RSR
Performance
n 5 9 4 4 5 9 4 4
Sediment  pjax. 0.86 0.88 28 0.67 0.84 0.83 30 0.69
yield Min. 052 007 -146 023 051 -1.7 -105 029
Ave. 0.73 0.66 16 0.28 075 0.46 105 0.51

The above Table 2 shows summary statistics from the literature review of reported for
Ethiopian watershed R2 (coefficient of determination), NSE (Nash-Sutcliffe efficiency),
RSR (ratio of the root mean square error to the standard deviation of measured data) and

PBIAS (percent of bias) values

According to Moriasi et al. (2007) model evaluation guideline for PBIAS, RSR and NSE,
the performance of SWAT in predicting sediment yield relied on between satisfactory to
good performances only. The hypothesis here is that the inappropriate parametrization of

C-factor contributesto the less performance of the SWAT model in the studies.
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2.2.2.2 Modelling C-factor using vegetation index based remote sensing

Vegetation indices are a specific class of spectral band ratios and which exploit the fact that
green vegetation has a high reflectance in the NIR and low reflectance in the red part of the
spectrum. The normalized difference vegetation index (NDVI, Tucker, 1979 ), which is
defined as the NIR reflection minus red reflection divided by the sum of the two, has been
used directly as an indication of the protective cover of vegetation (Thiam, 2003) or was
related to vegetation cover with regression analysis (Symeonakis and Drake, 2004). NDVI
has been explored for mapping the C- factor by relating it directly using regression analysis

(de Assis & Omasa, 2007; Zhou et al., 2008; Durigon et al., 2014).

But, space remote sensing (satellite image) driven NDVIs were found to have less
correlation with the C-factor due to the high sensitivity of the index to vitality (Jong, 1994
and Frederiksen, 1993) and poor sensitivity to the vegetation senescence. The vegetation
vitality effects are during the early growth stage when non-vigorous vegetation covers are
overestimated by NDVI due to the intense chlorophyll activity and during vegetation
senescence when the NDVI usually decreases even when the covers remain the same.
Moreover, the effect of soil reflectance has been considered inadequately in the NDVI

analysis technique (Escadafal, 1994).

Even though researchers have developed different adjusting indices, for example, Bonn et
al. (1997) have developed the soil adjusted crop residue index (SACRI) to improve the
detection of dry vegetation, and Baret & Guyot. (1991) has also developed the transformed

soil adjusted vegetation index (TSAVI) to consider the effect of soil reflection, none of
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them was found complete. The efficiency of these indexes in estimating the C-factor varied
regionally and even temporally. Due to the intervention of reflectance from soil types,
estimating C-factors of semi-arid areas and on dry seasons using NDVI were found less
efficient compared to the application on humid areas and wet seasons (Ustin et al., 1986;
Tueller& Oleson, 1989). Arid and semi-arid areas consist of complex spectral properties
due to different mosaics of vegetation, intensive land use pressures, sensitivity to climate
fluctuations, dynamic soils’ spectral property (colour change, mineralogy, textures,
presence of sand and rocks), surface roughness and various other factors. These
variabilities, as well as the spectral interaction between the sparsely distributed plant
canopies, make vegetation cover using indexes in arid and semi-arid regions more

complicated.

Despite the above limitations of the vegetation index methods, C-factor has been
commonly estimated using classification and regression/correlations analysis with different
indices. The normalized difference vegetation index (NDVI), soil adjusted crop residue
index (SACRI, Bonn et al., 1997) and transformed soil adjusted vegetation index (TSAVI,
Baret and Guyot. 1991) are commonly used to estimate spatial C-facto values. The use of
C-factor in SWAT-MUSLE simulating sediment yield from such methods can therefore

under or overestimation (Asis & Omasa, 2007; Durigon et al., 2014).

2.2.2.3 Spectral un-mixing analysis approach for modelling C-factor

The advantage of remote sensing is not limited to its quick and easy way for estimating

land surface parameters in broad areas with limited investment cost and reasonable
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accuracy, but also has dynamic potential to be applied to a different discipline. The LSUA
approach has been commonly applied to different disciples due to its mathematical
simplicity and sufficiency of accuracy (Bioucas-Dias et al., 2012; Shi & Wang, 2014).
Recently, the linear spectral unmixing analysis (LSUA) has been found as a most accurate
and quick way of estimating vegetation parameter of soil erosion and then sediment yield
commonly abrivated as C-factor (Ma et al., 2003; Shi and Wang, 2014). LSUA uses the
concept that the spectral signature of a given mixed pixel is the linear, proportion-weighted
combination of the end-member including vegetation, rock, water and bare soil. Therefore,
the C - factor is dependent on the linearly combined effect of these components. Using the
vegetation, bare soil, water body and rocky land rations spectrum as an endmember, the C

factor using the LSUA is mathematically computed as

C-factor = Fhare (Eq.8)

1+Fveg +FrocktFwater

Where, Foare, Fveg, Frock and Fuater are the fractions of bare soil, vegetation, rock and water

respectively. These fractions can be computed as

n n
j=1 j=1

Where i is the number of spectral bands used, j=1, n (number of end-members), Ri is the
spectral reflectance of the mixed pixel in band i, A; is the fraction of the pixel area covered
by the end-member j, Fej; denotes the reflectance of the end-member j in band i, and €; is
the residual error in band i. The residual error "€'refers to the difference between the

measured and modeled reflectance values in each band and could be substituted by root

63



mean square error (RMSE), which is useful in assessing the validity of selected

endmembers.

€= [Tz__l(Fmeasured = Fnodeled )1/2] (Eq-lo)

This approach has multiple opportunities over the conventional (classification and Indices)
techniques of estimating vegetation distribution and then C-factor of large areas. Unlike the
classification and indices technique, it considers both the photosynthetic and non-
photosynthetic variables of C factor. Moreover, it has often been implemented to deal with
the problem of mixed pixels unlike the classification system of estimating C-factor (Adams
et al., 1986; Van der Meer, 1995). Omassa et al. (2007), de Assis and Omassa, (2007) has
applied spectral unmixing analysis to map the spatial values of C-factor and then used to
delineate the erosion risk areas. Accordingly, more than 0.90 correlation coefficients (r)
between the results from the modelling and physical measurements were presented.
Meusburger et al. (2010) has found best result from LSU determination of C-factor (R* =
0.85) compared from the NDVI (R? = 0. 64). Song et al. (2011) have also demonstrated C-
factor from spectral unmixing to integrate into SWAT and then produces reasonable
improvements in sediment yield prediction. The Nash—Sutcliffe efficiency coefficient
(ENS) and R? for sediment yield were generally above 0-70 and 0-60, respectively.
Moreover, spatially detail soil erosion risk map at the HRU level could be illustrated which
is not common in the classification and index approaches. This technique is mainly used in
semi\ arid environments, where it has the advantage that different soil characteristics within

a scene can be accounted for.
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But, the LSUA approach is not without delimitations. The assumptions including (1) the
landscape is composed of a few fundamental endmembers, each of which is spectrally
distinct from the others; (2) the endmember spectral signatures do not change within the
area of interest; and (3) the composite remotely sensed signal for a mixed pixel is linearly
related to the fractions of endmember presences, are misleading. These assumptions are
simply oversimplification of the real world. There are significant endmember signature
variations within a geographic area. For example, the vegetation endmember can be grass,
coniferous, and broadleaf trees, each of which has a very different spectral signature from

the others (Roberts et al., 1993; Song, 2005).

2.2.3 Endmember selection and variability control

2.2.3.1 Endmember selection

The critical step in LSUA is selecting the types, numbers and the corresponding spectral
signatures of endmembers (Elmore et al., 2000; Theseira et al., 2003). The advantage of
this step is helpful that is the spectral signatures are at the same relative measurement scale
as the image to be analysed. The challenge is to identify the pure pixels that can be treated
as endmembers (Song, 2005). The multiplicity and/or spectrally similarity of the
endmembers together with the coarseness of the remote sensing data lead to endmember

fraction images that are physically inaccurate as judged.

The techniques ranging from manually testing different sets of endmembers (e.g., Radeloff
et al., 1999; Somers et al., 2010) to iteratively testing different endmember combinations

(Garcia-Haro et al., 2005; Franke et al., 2009) have been proposed to identify the optimal
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number and type of endmembers in scenes. The spectral signatures of the endmembers can
be derived from spectral libraries built from field or laboratory measurements (e.g. Asner &
Lobell, 2000) or directly from the image data themselves using radiative transfer models
(Dennison et al., 2006; Eckmann et al., 2008). Different advanced analysis techniques
including pixel purity index (PPI, Boardman et al., 1995), the virtual endmember concept
(Tompkins et al., 1997), and N-FINDR (Winter, 1999) have been applied. The
identification and estimation of endmembers abundance in a pixel using these methods
have multiple sources of error caused by inaccurate atmospheric correction (Gong &
Zhang, 1999), insufficient consideration Signal-to-Noise Ratio (Plaza et al., 2004) and
model structure input noise (Borel & Gerstl, 1994). The major source of error, however,
lies in the lack of the ability to account for sufficient temporal and spatial-spectral

variability (Bateson et al., 2000).

Most commonly, the abundance of endmembers in pixels is computed based on the mean
spectrum defined for each of the presented endmembers. The standard endmember spectra
are subsequently assigned to each image pixel and subpixel cover fractions are calculated
using the SUA (Adams et al., 1993). This approach is straightforward and considered very
useful for fast photo interpretation and field investigations with high accuracy (Adams &
Gillespie, 2006). Nevertheless, the use of fixed endmember spectra, as in SUA, implies that
variation in endmember spectral signatures, caused by spatial and temporal variability in
the condition of scene components and differential illumination conditions, is not
accounted. This approach can work better in relatively homogeneous ecosystems, but

because of the spectral complexity of many natural and semi-natural landscapes, the use of
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fixed endmember spectra results in significant fraction estimate errors (Bateson et al.,

2000).

2.2.3.2 Endmember variability

The variability within an endmember class (intra-class variability) and the similarity among
endmember classes (inter-class variability) are the common endmember variabilities
identified (Zhang et al., 2006). In some environments, similarity among reflectance spectra
of the different endmembers of interest provides an additional difficulty to obtain accurate
classification results. The similarity between endmembers results in a high correlation
between the endmember spectra (R), which in turn leads to a drop-in estimation accuracy.
To solve this problem, numerous solutions have been proposed and are still coming
(Somers et al.,, 2010a, 2010b). Somers et al. (2011) hypothesized that all the available
techniques are founded on five basic principles which should be integrated to allow a
proper tackling of endmember variability in SUA. The iterative mixture analysis cycles,
spectral feature selection, spectral weighting, spectral transformations and spectral

modelling. A short review of these methods is given here.

1. Iterative mixture analysis cycleswere introduced by Roberts et al. (1998). This
technique permits multiple endmembers for each component and thereby refutes the
fixed endmember restriction made in SUA. It is the most widely used technique and
successfully tested in urban (e.g., Powell & Roberts, 2008; Franke et al., 2009) and
extraterrestrial environments (e.g., Combe et al., 2008) using both multi- (and

hyperspectral optical and thermal imageries.
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2. Spectral feature selection: Asner and Lobell (2000) highlighted that a careful
selection ofwavelengths, robust against spectral variability (i.e. minimizing
intraandmaximizing inter-class variability), could significantly improvesubpixel
quantification of fractional material cover, while the problemof computational
complexity typical of iterative mixture cycles couldbe reduced. The approach
wassuccessfully tested in (semi-)arid ecosystems (Asner & Heidebrecht,2002).

3. Spectral weighting: This is another alternative technique for reducing the effect of
endmember variability in SUA. This can be done either by equally weighting
assuming equally important effects or by giving higher weight to the spectral bands
less sensitive to endmember variability (Chang & Ji, 2006; Somers et al., 2009d).
Experimental results demonstrated that the latter generally performsbetter than the
first (Chang & Ji, 2006).

4. Spectral transformation: Instead of original reflectance data, modified spectral
information was used as input in the SUA.A tied spectrum concept (Asner and
Lobell,2000), Normalized Spectral Mixture Analysis (NSMA; Wu, 2004),
Derivative Spectral Unmixing (DSU; Zhang et al., 2006) are the common one. But
these techniques have respective potential to introduce high frequency noise.

5. Spectral modeling: the alternative name given to this approach is the radiative
transfer model. To reduce the spectral effects of soil moisture variations, a radiative
transfermodel for moist soil background wasimplemented (Lobell & Asner, 2002;

Somers et al., 2009b).
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Even though the above techniques have their respective potential implemented to
reduce endmember variability, none of them is complete in solving the endmember
variability fully. Currently, researchers draw attention to the high complementarities
between the different techniques and demonstrated an integrated approach (Asner
and Lobell, 2000; Rivard et al., 2008). This approach promotes the integration of

spatial, temporal and spectral information for reducing endmember variability.

2.2.4 Sensors and remote sensing instruments

The successful direct and indirect application of remote sensing to monitor and model
sediment transportation and deposition depends on the sensors' resolution used and the
management applied. Coarse (temporal, spatial, spectral and radiometric) resolutions of
sensors, the intervention of atmospheric conditions, and absence of accurate geo-
referencing of multi and hyperspectral images are some of the challenges. These challenges
together with multiple factors affecting reflectance in flowing water kept remote sensing

less exploited technology in sediment monitoring and modelling.

There are much ground-based, space and airborne sensors arranged for earth observation
and to gather information on the physical and biological processes occurring within water
bodies. Although ocean colour sensors such as the Coastal Zone Colour Scanner (CZCS),
the Sea-viewing Wide Field-of-view Sensor (SeaWiFS) have short revisit times with high
spectral resolution and sensitivity, the spatial resolution (>1km) is typically too coarse to
describe inland water features adequately. Landsat series, Moderate Resolution Imaging
Spectroradiometer (MODIS), Advanced Space-borne Thermal Emission and Reflection

Radiometer (ASTER), Indian Remote Sensing (IRS), etc. all with different spectral,
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radiometric and spatiotemporal resolutions are some of the imageries found potential in
providing synoptic water quality data including suspended sediment concentration and

modelling other environmental components(Chen et al., 2004).

The Landsat (TM, MSS and ETM) series having 30m spatial resolutions have been applied
for different purposes. These types of imageries are relatively with good spatial resolution
and have advantages for historic analysis. The advantages of Landsat sensors over other
sensors are coverage of long-time series starting from the 1970s onward and its free
accessibility. The spectral and radiometric resolutions of the Landsat series have also
substantial importance in predicting suspended sediment transportation and sedimentation
(Liu et al., 2003). As a result, many researchers have used it for monitoring sediment
concentrations in different water systems (Doxaran et al., 2003: R? =0.88; Ma and Dai.
2005: R*=0.91; Islam et al., 2003: R * = 0.83; Wang et al., 2009: R? = 0.88). Apart from
this direct application, the Landsat series can be used to drive the C-factor using different
techniques (Alejandro &0Omasa, 2007; De Asis et al., 2008). If the range of suspended
sediments is between 0 and 50 mg/Il, reflectance from almost any wavelength will be
significantly related to suspended sediment concentrations linearly (Ritchie and Cooper,
1988; Ritchie et al., 1990). As the range of suspended sediments increases to 200 mg/l or
higher, curvilinear relations must be developed with reflectance in the longer wavelength
(Ritchie and Schiebe 2000). But, the temporal resolution of these imageries is too coarse
(15 days) to handle the fine temporal variability. The revisiting time of Landsat series is too

long to see daily and hourly changes.
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Moderate Resolution Imaging Spectroradiometer (MODIS) with 250 — 1000m spatial
resolution are more commonly used in surface water quality studies and reservoir
sedimentation assessment. MODIS is a key instrument viewing the entire earth’s surface in
each one to two days. It offers near-daily global coverage acquiring data in 36 spectral
bands and 250m spatial resolution covering wavelength from 400 to 14400nm. MODIS has
been applied to see the suspended sediment concentration of Rivers (Wang and Lu, 2010).
Essayas et al., (2014) has also applied it and found effective in predicting the historic trend
of suspended sediments in Lake Tana, Ethiopia. But, the retrieval of reflectance from the
River surface using MODIS data is hampered by the low spatial resolution which may
result in few pure (none mixed) water pixels depending on the River width and image
acquisition geometry. Mixing of spectral from different objects (vegetation, water and land)

in single pixel is a challenging issue in Rivers (Villar et al., 2012).

There are also grounds borne sensors of reflectance from objects. They are very important
to develop a scientific understanding of signal-object and signal-sensor interactions. These
studies, at a laboratory or field levels, help in the design and development of for the
identification and characterization of the characteristic land surface features. One major
ground-based remote sensing instrument is spectroradiometer. It has been applied in a
quality monitoring (suspended sediment concentration, phytoplankton and total solid
substrates) of coastal and inland water resources. The advantage of these ground based
remote sensing instrument over the space and air based remote sensing is that the fineness
of in its spatial resolution. Moreover, unless the cost challenging, one can increase the

temporal resolution of the measurement by ground remote sensing instruments as he\she
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likes to make it frequent. However, its application to the suspended sediment concentration
monitoring still needs further detail analysis beyond the resolution of the instrument might

has.

2.3 Remote sensing for extracting turbid River water from land

The application of remote sensing for River water studies depends on the difference of the
optical remote sensing properties of pure water bodies and other impurities. Water absorbs
most of the energy in the near-infrared and middle-infrared wavelengths, whereas other
surface materials have a higher reflectance in these wavelengths. But due to the inpurities
(E.g. SSCs) in the water and hetrogenities in most rivers are at finer scale than the
resolution of most sensors, applying remote become complicated. To date, various water
body extraction algorithms for optical imagery have been developed, and they can be
categorized into five basic types: (1) hard classification (Hung and Wu, 2005; Tulbure and
Broich, 2013); (2) single-band thresh holding (Jain et al., 2005; Xu., 2006); (3) spectral
water indexes (Feyisa et al., 2014; Xie et al., 2014; Yang et al., 2015) ; (4) spectral
unmixing (Ghrefat, and Goodell., 2011; Hommersom et al., 2011; Guo et al., 2015); and (5)
automatic subpixel water mapping method (ASWM; Huan et al., 2019). The first three
techniques have their own respective advantage to splicity and precision. However, these
methods can only obtain water maps at the pixel level, which may not meet the precise
requirements of the practical applications in small and narrow river systems. The spectral
mixture analysis (SMA) and automatic subpixel water mapping method (ASWM) can be
used for water mapping at sub-pixel resolution and for the post-sub-pixel mapping process

(Wang et al., 2015).
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The typical processes of SMA consist of two steps—endmember determination and
abundance estimation (Shi and Wang, 2014) and for each step, prior knowledge or manual
intervention is usually required (Li and Zhang, 2011; Somers et al., 2011; Zare et al., 2013).
As all the land-cover types are usually involved in a SMA analysis, this is too complicated
when the turbid water is the only land-cover type of concern. Several previous studies have
simplified the SMA process for subpixel water mapping, e.g., Sun et al. (2011), and Ma et
al. (2014) proposed subpixel water mapping methods based on MODIS 250m data using a
linear mixture model, and Pardo-Pascualetal. Hung and Wu, (2005) used the single-band
intensity gradient to determine the shoreline position at a subpixel precision. Sethre et al.
(2005) applied the IMAGINE Subpixel Classifier to detect subpixel-scale ponds. Even
though several sub pixel-level water body extraction methods have been proposed in the
literature, none of them have considered extracting turbid water from land features. In the
highly erosion risk river basins, an extremely turbid flash flood having confused optical
properties distributed sparsely in a subpixel-scale size. In such pixels, both reflectance from
macroscopically (E.g. land features and turbid water) and microscopicall (E.g. water,
sediment, organic matter etc.) pure components are mixed. Consequently, the obvious
water extraction remote sensing methods often fail to distinguish the narrow rivers with
turbid water and estimate sediment concentration in the turbid water. The wider surface
areas having low albedo surfaces and terain shadows, which are easily confused with the

water bodies in a mountainous river basin (E.g. Tekeze basin), also bring a big challenge to

apply it.
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2.4 Mitigating excess sediment yield

There are different land management intervention approaches including the physical soil
and water conservation, biological conservation and integration of the two. The
effectiveness of these conservation measures is not equal everywhere. Their efficiency to
mitigating sediment yield and the cost they required varies spatially (Amare et al., 2014).
Accordingly, different models have been introduced to test their efficiency before they

come into practice.

In Ethiopia, the efforts of soil and water conservations have hardly supported with proper
planning and designing. There are some applications of models to simulate effects of soil
and water conservation practices at a plot, field and basin-scale (Descheemaeker et al.,
2006; Gebremichael et al., 2005; Chekol et al., 2007; Betrie et al., 2011). The researches by
Kassawmar et al., (2018), Descheemaeker et al., (2006) and Gebremichael et al. (2005)
showed that a considerable sediment reduction by reforestation and stone bunds at a field
scale respectively. Chekol et al., (2007) found that simulation using parallel terraces with
the reduction of slope length by 75% gave the highest reduction in sediment yield from
upper Awash basin. Betrie et al., (2011) also showed that applying filter strips, stone bunds
and reforestation scenarios can reduce sediment yields both at the sub basins and basin
outlets of Blue Nile. These studies have indicated the effectiveness of sediment
management types to minimize soil erosion and then sediment yield depends on the actual
physical and socioeconomic conditions of the river basin. However, there are fewer

literaturesstudying the effects of mitigation measures at a large scale.
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2.5 Summary

Sediment transportation and deposition is the major River basin problem causing
significant loss of land productivity, environment and remained the main challenge of
surface water development throughout the globe. Due to the spatiotemporal variability of
the driving factors (eg. climate and land-use dynamics) sediment transportation is a quite
complex parameter of water resources developments. Literatures implied that the sediment
transportation problem and its linkage with spatiotemporal variability of climate and land
use are inadequately modelled. Even there is an argument that the acute problems of
sediment transportation and deposition are related to lack of detail understanding on
abundance, nature and its relationship with driving factors due to the absence of cost-
effective and accurate sediment monitoring and modelling technology. Consequently, there
is a need for further researches to advance the sediment monitoring and modelling
techniques. This paper summarized the current development in using remote sensing

monitoring and modelling techniques to quantify SSC, especially for Rivers.

Though it is at sporadic level, the conventional monitoring systems (in-situ sampling
followed by laboratory analysis) have been widely applied. This monitoring system lacks
spatial and temporal variability of sediment transportation and is a costly long process.
Recently, instead of the conventionalin-situmonitoring system; the remote sensing
technology, physically distributed models (eg. SWAT), and their integrations have been
widely employed in mapping and monitoring sediments. The advances seen in satellite

technology, sensory, image acquisition and processing, and data accessibility have drawn
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much attention in using remote sensing approach for enhancing decision supporting system

of sediment management.

The application of remote sensing in sediment concentration monitoring and modelling
mainly lays either on direct estimation of the concentration and/or indirectly on modelling
the driving parameters and then complementing other hydrologic models. The SSC of River
systems, a critical parameter for water resources and energy development, has been
monitored using the various visible and NIR bands of satellite imageries directly. Apart
from the direct application of remote sensing for monitoring sediment concentration and
other constituents in River systems, the technology can also be used in modelling the
factors that can affect the rate and pattern of sediment transportation and deposition in the
Rivers and reservoirs. Even though remote sensing technology is potential to provide
insight into time long and wider spatial scale information, it is not without delimitations.
The spatial, temporal and spectral resolutions of most sensors are too coarser to capture the
variabilities in the hydrologic processes. The ground and space plated sensors provide
mixed reflectance values at a specific area of place (pixel), time and spectral resolutions.
The spatial pixel sizes of most remote sensors are often large enough that numerous
disparate substances can contribute to the spectrum measured from a single pixel. Hence,
the accuracy of remote sensing technology in modelling and monitoring the hydrologic
processes and driving parameters is affected by the approaches of the analysis used.
Conventionally, classification and regression/correlations analysis of the spectrum in a
pixel and the targeted variable has been the common approach of using remote sensing

technology for modelling and monitoring the hydrologic processes and driving factors. This
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might present general knowledge about the targeted variable. But it may not yield any
further insight into the other substances that might also reside within and around boundaries

of the pixel.

Consequently, the desire to extract from a spectrum the constituent materials in the mixture,
as well as the proportions in which they appear, is important to numerous tactical scenarios
in which sub-pixel detail is valuable. Spectral Unmixing (SU), decomposing remote sensed
electromagnetic spectra into a combination of spectrally pure (endmembers) signatures
weighted, is becoming a promising technique developed by the efforts of earth and
planetary scientists. SU can be used for analysing multi and hipper spectral data collected
from space, air and ground plated sensors. It provides a comprehensive and quantitative
mapping of the elementary materials that are present in the acquired data. More precisely,
SU can identify the spectral signatures of these materials (usually called endmembers) and
can estimate their relative contributions (or abundances) to the measured spectra. Both
linear and nonlinear approach can be applied for unmixing the reflectance signature of
surface objects. Unlike the nonlinear one, the linear approach is the quick and easy way of
spectral unmixing technique. The spectral unmixing analysis, especially the linear which
considers a given pixel/reflectance value as a linear combination of primary components
(endmembers) is advantageous for maximizing the use of remote sensing for modelling and

monitoring hydrologic variables.

The SWAT is the most popular semi-distributed hydrologic model for understanding
spatiotemporal variability of sediment yield of large River basins. At the same time, it has

also multiple potential problems. The SWAT parameter setups specifically the vegetation
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parameter of soil erosion and sediment (C-factor) database included in SWAT consists of
empirical values from long-term experiments in the United States, which may not be
applicable to other countries due to differences in vegetation systems and management
practices. The spatial representation of C-factors has been considered at land-use level,
which results constant C-factor values within a large land-use area and lack ability to reflect
the effect of spatial variation of vegetation on soil losses. Despite these problems of SWAT,
none of the researches in Ethiopia was made internal calibration points or other spatially
distributed data sources (e.g. remote sensing data). As to the researcher knowledge, none of
the studies in Ethiopia has used locally adapted vegetation parameters nor did any of the
studies to consider vegetation dynamics in Ethiopia. It is therefore recommended that to
modify the C-factor of SWAT to make it fit-to-observations, fit-to-reality and fit-to-

purposes.
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CHAPTER THREE:

MATERIALS AND METHODS

This chapter systematically addresses the core components of the research methedology
chapter that encompases: Study area description, Data type and source, Method of data
acquisition, Model development, Data analysis and model performance evaluation, and

General flow chart of the research methods.

3.1 Study area description

3.1.1 Tekeze River basin location

The Tekeze River one the major freshwater resources of Ethiopia is the main tributary of
Atbara River, which is, in turn, one of the main tributaries of the Nile. Tekeze River Basin
is situated in the north-western part of Ethiopia (Fig. 2) and forms the northernmost part of
the Nile Basin within Ethiopia. It consists of three main Rivers Tekeze itself, Angereb and
Goange. These River basins join in Sudan and form the Atbara River. The Tekeze
headwaters rise at an altitude of 3,500 m.a.s.| from the Meket mountain range near Lalibela
and flows north until it turns westward along the Ethio-Eritrean border covering a distance
of 600 km until it crosses the Ethio-Sudan border near Humera at an altitude of 550 m.a.s.l.
The Tekeze River Basin has an area of 82,350 km?, covering parts of the Tigray, Afar and
Amhara regional states in Ethiopia. It is the second largest tributary of the Nile from
Ethiopia and covers about a quarter of the Nile drainage area. This basin stretched from 13°

21°N, 38°45’ E on its northern part to 11°34’ N 38° 58°6” E on its southwestern part.
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Fig.3: Location and map of upper Tekeze River basin

3.1.2 Topography of Tekeze basin

The basin has extremely variable topography (Appendix 6). The altitude ranges from 500 m
in most of the western lowlands to over 4000 m on the Ras Dashen Mountains. Broadly, the

basin can be divided into three physiographic regions: the highlands, intermountain valleys
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and grabens and the western lowlands. A significant portion (70%) of the basin belongs to
the highlands (over 1,500 m amsl) situated west of the Afar Rift. This region is
characterised by flat-topped plateaus to undulating topography with intervening large
volcanic mountains which form water divides and act as regional groundwater recharge
zones. The highlands are deeply cut by major rivers and their tributaries which form deep
canyons and gorges with steep and narrow river valleys. These areas have high surface
runoff and are characterized by waterfalls and rapids. Along the course of these valleys,
there are numerous springs that emanate along the contacts of the different rock units
(mainly between the Mesozoic sedimentary rocks and the Trap series volcanics) and talus
deposits and hence act as discharge areas. The western lowlands are found in a strip of
about 150 km long and 30 to 100 km wide adjacent to the Sudanese border. Here, the

elevation varies from 500 m to 1000 m with flat to slightly undulating topography

3.1.3 Climate of Tekeze basin

The Tekeze basin has highly variable rainfall concentrated in one or two rainy seasons
separated by relatively long dry seasons. The mean annual rainfall in the Tekeze River
basin ranges from 600 mm to over 1200 mm (Belete, 2007). Generally, the altitude-rainfall
relation is highly influenced by topography and agroecology niches or micro-climate. The
coefficient of variation in annual rainfall for the Tekeze ranges from 20% in the highlands
to 40% in eastern lowland (Belete, 2007) which is higher compared to 8% for the whole of
Ethiopia. The mean air temperatures in the basin vary from 10°C on the highlands to above

26°c on the lowlands (Belete, 2007). The climatic differences resulted in the classification
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of the basin into four traditional agro-ecological zones namely Wurch (very high altitude),

Dega (high altitude), Woina Dega (mid altitude) and Kolla (low altitude) (MoWR, 2008).
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Fig.3: Mean monthly rainfall, maximum and minimum temperature records (1967-2016)

of the upper Tekeze basin
3.1.4 Hydrology of Tekeze River

The Tekeze River basin together with Abay, Baro-Akobo, and Mereb are part of the Nile
River system, flowing generally in the Western direction toward Sudan and terminating in
the Mediterranean Sea. The total mean annual flow from the River basin is estimated to be
8.2 BMC. Its water covers 13%, 22% of the Main- Nile flow into Aswan High Dam
Reservoir at dry and wet season respectively (Tafesse, 2002; Degefu, 2003; Belete 2007).
From January to June, the Atbara Riverbed is almost dry, broken only by pools and ponds
(Degefu, 2003). But in late summer, when torrential rains fall on the Ethiopian plateau, the
Atbara provides about 20% of the Nile's flow (Zaghloulet al., 2007). The groundwater

resource is not so promising except in a few areas.
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3.1.5 Soil properties of Tekeze basin

The soils on the basin are EutricVertisols on the level lands; Eutric Leptosols, Eutric
Vertisols, Eutric, and Calcic Cambisols and Haplic Luvisols on the sloping lands;
EutricLeptosols on the steep lands; and Leptosols on composite landforms. EutricVertisols
with soil depths of more than 50 cm are dominant on the level lands while Leptosols are the
most common soils on the sloping lands. Moderately deep soils cover less than 5% of the

area. Soil type map is presented in Appendix 6.

3.1.6 Land use and other socioeconomic activities in Tekeze basin

The major land use and land cover classes of the basin includes intensively cultivated land
(7%), sparsely cultivated (58%), open woodland (12%), open grassland (5%), sparsely
vegetated (0.2%), complex land (15%), and others (2.8%) (NEDECO, 1997; Belete, 2007).
Most of the climax vegetation of the basin has disappeared and the Afro-alpine and sub-

afro-alpine heath vegetation lay between 3700 and 3900 m.a.s.l around Simien Mountains.

3.2 Data type and sources

3.2.1 Input data used

The overall research work demanded the acquisition of reliable data which was crucial for

the study. The following shows the major data types used.

1. Daily meteorological data including precipitation, temperature, humidity and solar
radiation (observed and estimated)
2. Daily sediment and River discharge data (observed and estimated)

3. Topographic, soil, land use\land cover and other thematic data
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4. Remote sensing data including higher temporal and spatial resolution satellite
images (landsat7/8 images, and MODIS surface reflectance)
5. Primary data: reflectance, soil loss, suspended sediment load, grain size distribution

and land use-land cover

3.2.2 Source of data

1. Due to the poor handling and non-systematic data management in Ethiopia, finding
the original data from the data owners is usually difficult. In the case of missing data,
other sources (eg. global data) and different data filling techniques (detail is
discussed below), were employed. The major data sources of the identified data
types are are discussed below.

2. The meteorological data were collected from the national meteorological agency of
Ethiopia and to fill the missed data the global data metrology data sources, climate

forecast system reanalysis (CFSR,https://globalweather.tamu.edu), were used. The

soil property layer, sediment load, River discharge and other secondary data
mentioned above were collected from the Ministry of Water Resources, Irrigation
and Electricity (MoWIE) of Ethiopia.

3. The satellite images and digital elevation models (DEM) were collected from the

United States Geological Survey (USGS, https://www.usgs.gov/earthexplorer).

4. Field survey and laboratory analysis were used to generate the primary data types
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3.3 Method of data acquisition

Most of the secondary data were acquired free of charge from the institutions and links
listed above and the primary data was from field survey and laboratory analysis. Attempts
were done to access needed satellite images from free available web sites. Primary data
were collected on the field and laboratory following scientific and standard measuring,

sampling and monitoring procedures.

3.3.1 Reflectance of sediment types

The spectral profile variability of sediment solution was tested at laboratory, on-site and
from landsat and Moderate-Resolution Imaging Spectroradiometer (MODIS) images. The
laboratory and field detection of spectral profiles were carried using a high-resolution
ground remote sensing instrument called FieldSpec ®HandHeld2TM Spectro-radiometer
(ASD Inc. Boulder, Colorado, USA).The visible (VIS) which is photo-synthetically active
radiations including the Blue (400 - 525nm, B;), Green (526 - 605nm, B;), Yellow (606 -
655nm, Bs), Red (656 — 750, B,), as well as the Short Wave Near Infrared (SW-NIR, 750 -
1075nm) categorized in to 750-950nm (Bs) and 951 — 1075nm (Bs) ranges were applied to
determine the spectral signature of sediment-laden water both at laboratory and field to
each flood occurred during 2017 summer. Images of MODIS codded as MODO09A1
providing an estimate of a surface spectral reflectance at Band 1 through Band 4 corrected

for atmospheric conditions were used.
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3.3.1.1 Field experiment

The on-site reflectance measurement and sampling of sediment-laden water were done on a
carefully selected section of the Rivers including the Tekeze River (12° 48" 12.99”'N, 38°
36" 20.14"'E) and Tirare River (13°01" 6.56""N 38°54°43.15"'E). To select these locations
and sections the less sloppy with minimum turbulence effect, uniformity the flood water in
areal distribution and safety to the researcher’s life were considered. Moreover, these
locations were around rocky and bare land cover types which are characterised with static
spectral profile. Parallel to each of the field reflectance measurements, sediment-laden
water from the upper 20 cm depth of the flash floods occurred during the 2017 summer

(July 2, 2017 — September 3, 2017) in the rivers were sampled to laboratory.

3.3.1.2 Laboratory experiment

Laboratory experiments were carried to characterize the signals from different sediment
types and levels of concentration. Processing and detecting spectral signatures were carried
out in the soil laboratory at Mekelle University, Ethiopia. To investigate the effect of grain
size, colour and level of sediment concentrations on the spectral properties of sediment-
laden water, four types of grain size distribution (natural, clay, silt, and sand) and four
colours of sediment including light grey (5YR7/1) collected from Tekeze main River,
whitish (5YR8/1) collected from main tributary called ‘Tsirare’, and a reddish yellow
(5YR7/5) and grey (5YRG6/1) sediments collected from small tributaries were considered.
The 5YR7/5 and 5YR7/1 are relatively the extreme red and black in the basin respectively.

So, they are represented as red and black sediment types in this research. The levels of
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sediment concentration considered in this study were the 2g, 5g, 10g, 15¢g, 20g, 25g, 30g,
40g, 50g and 60g each in 1liter of distilled water. The natural grain size distributions of the

sediment types sampled to the laboratory were presented in table 3.

Table 3: Physical properties of the sampled sediment

Sediment type Color Grain size composition (%)
Clay Silt (0:002 - Sand (>0:05mm)
(<0:002m  0:05mm)
m)

Black sediment 5YR6/1 61.58 14.67 23.75

Red sediment 5YR7/5 56.89 19.01 24.1

Tsirare River sediment 5YR8/1 59.56 15.32 25.13

Main River’s sediment 5YR7/1 58.55 18.03 23.42

Sediment-laden water from the upper 20 cm depth and spectral reflectance of the floods
occurred during the 2017 summer (July 2, 2017 — September 3, 2017) in the main River
and Tsirare River were continuously sampled and monitored simultaneously. The
suspended sediment concentration in each of those flash floods was determined following
the conventional approach. The sediments were pre-processed following four steps: (1)
drying in air and pulverization; (2) filtration by passing through 2mm mesh sieves to
remove gravels; (3) mixing with water to filter the tiny residues floating upon the surface of

the water, and (4) drying in an oven at 105°C for 12 hours.

3.3.1.3 Ground remote sensing instrument used and organization
The reflectance from the turbed water in laboratory and in the Rivers as well as the

reflectance from different land cover types were detected using high-resolution spectro-
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radiometer.The scientific name of the ground remote sensnsing instrument used
is“FieldSpec ®HandHeld2TM Spectro-radiometer” developed by ASD Inc. Boulder,
Colorado, USA. The instrument has awarded to the researchers after a strong competition at
international level for the Goetz instrument support program prepared by the producing
company each year.The information IS available in the link

https://www.malvernpanalytical.com/en/about-us/our-brands/asd-inc/student-support-

programs/goetz-instrument-program. The instrument acquires remote sensing data at 1nm

intervals, ranging from 325 to 1075nm with a resolution of 1nm and accuracy less than
3nm at 700nm were used. A 5"x 5" spectral reflectance panel which reflects all incoming
energies was used as the calibration standard to know incoming energy from the solar
system and the artificial source of light. The panel was checked for diffused reflectance
nearly 100% of the incident light throughout the spectral range. The wavelength-specific

reflectance R¢A) was computed using the following formula (Eq.11)

ra A
R(2) =248 €y (M) (Eq.10)

Where Ri(A) is the wavelength specific reflectance, R .4(A) is the wavelength-specific
radiance from the sediment solution surface, for each sample, which is measured by the
spectro-radiometer three times. Rp(X) is a white reference that is collected by putting the
reference panel above the water surface. The white reference was updated before each
measurement of the water sample. Cy (L) is the calibration factor for the reflectance panel

that comes with the product.
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The measurements were repeated three times and the averages were used in the calculation.
To have known amount and source of energy all laboratory measurements were carried at
night. Two 500W halogen lamps organized at 45° to the sample in the two directions, the
spectro-radiometer was arranged at 90° to the sample, 1 litter volume cylinder painted with
black colour and laptop connected using a USB cable with the spectro-radiometer were

organized.

Spectroradiometer

Halogen Lamp Halogen Lamp

Controlling System

(@) (b)

Fig 4.The organization of spectroradiometer (a) and photo in the laboratory (b)

3.3.1.4 Processing imageries
Moderate-Resolution Imaging Spectroradiometer (MODIS) codded as MODO09AL Version
6 product providing an estimate of the surface spectral reflectance corrected for

atmospheric conditions were used. The surface reflectance images during 2017’s summer
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months including the June, July, August and September were considered. The images dated
on these months which look free of cloud cover around the Tekeze dam were freely

downloaded from https://earthexplorer.usgs.gov. In this research, the wavelength ranging

459-876nm which designated as Layer 1 (620 - 670), Layer 2 (841- 876), Layer 3 (459 -
479) and Layer 4 (545 - 565) were processed. For convenience and to fit the naming used in
our field and laboratory experiments, we have replaced the above default name by Band 1
(459 - 479), Band 2 (545 - 565), Band 3 (620 - 670) and Band 5 (841 - 876). Geometric
correction and geo-referencing of each image at the world geodetic system 84 (WGS 84)
and Universal Transversal Mercator (UTM) was carried out using four (4) easily identified
ground control points (i.e River intersections and Tekeze dam’s concrete fill centre).
Finally, pixels located at the main River of Tekeze (12° 48" 12.997'N, 38°36" 20.14"'E) and
Tsirare tributary (13° 01” 6.56""N 38°54°43.15°E) from each MODIS image were targeted

in this study.

3.3.2 Assessing historic and current sediment loadof Tekeze River

To achieve the designed objectivesa historic and current time series sediment data was
needed. Consequently, the historic sediment yield data has collected from the Ethiopian
ministry of water, energy and irrigation (MoWEI). The daily River flow and sediment load
for the wet seasons during 2004 — 2009 measured at Embamadre and dam site gauging

stations were used for the model calibration and validation.

3.3.3 Soil map

The soil types of the study area were extracted from the SOIL-FAO database, Food and

Agriculture Organization of the United Nations (FAO, 1995). The soil properties (e.g.
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particle-size distribution, bulk density, organic carbon content, available water capacity,
and saturated hydraulic conductivity) were generated using the Soil Land Inference Model
(Zhu et al., 2001). The soil map from Ethiopian Ministry of Water Resource and Irrigation,

from harmonized soil map for East Africa, ftp:/ftp.soilgrids.org/data/AF/recent at 250m

spatial resolution and soil map of FAO were used to prepare needed soil map for upper

Tekeze basin.

3.3.4 Meteorological data
Daily precipitation, minimum and maximum daily temperature, solar radiation and wind
speed for the study area were collected from the Ethiopian meteorological agency (EMA).

This data was complemented and improved using the global climate data at

https://globalweather.tamu.edu.Since the meteorological stations in the basin are not
adequate and most of them were established recently, the data from EMA was with a lot of
missed data and limited parameter. Hence, we have used weather data from global climate
data sources. This data was first bias corrected withthe data spatially weighted

meteorological observation at 13 stations (Fig.1) from the study and near the study area.

3.3.5 Land use /land cover and C- factor

The major sources of land use/land cover information are satellite images. Two Landsat
images, freely available at https://earthexplorer.usgs.gov including enhanced thematic
mapper plus (ETM+7) for 2006 & 2010 and the images from Landsat 8 for 2016 scenes
covering the study area with paths/rows of 169/51, 169/52, 168/51, 168/52 and 170/51
under less than 10% cloud cover were selected for generating land use classes and

estimating the spatial minimum C-factor. Before driving the intended land use/land cover
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and C-factor information the Landsat images were passed all needed preprocessing.
Atmospheric correction was done using the dark object subtraction algorism (DOS). The
pre-processed layers (bands) were stacked, images mosaicking and then sub-setting images
only for the study area were done using ENVI 5.1 software. Geometric correction and geo-
referencing of each image at the world geodetic system 84 (WGS 84) and Universal
Transversal Mercator (UTM) was carried out using four (4) easily identified ground control
points (i.e road intersections, Tekeze dam’s concrete fill centre and churches). Once all
Landsat images get pre-processed, they were used for mapping land use/land cover and C-

factor of the upper Tekeze basin which was basic requirements for SWAT set up.

To determine C-factor from the Landsat images, it requires conversion of the digital
number (DN) recorded at the sensor to satellite radiance; conversion of satellite radiance to
satellite reflectance at the sensor and finally the conversion to ground reflectance by
removal of topographic and atmospheric effects. The DN of both Landsat recorded in 8 bits
were converted to exo-atmospheric reflectance units as described in the users' handbooks
for Landsat 8 (http://www.gsfc.nasa). This involved a conversion from DN to radiance,
which took advantage of the LMIN and LMAX (spectral radiances for each band at digital
numbers 0 or 1 and 255) values provided in the image metafile and then converting the
radiance values to reflectance using the respective formula in the respective users’

handbooks.
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3.4 Model development

3.4.1 LSUA model from laboratory experiment

To minimize complexity, linear spectral unmixing algorism was selected in this study. In
this approach, the mixed reflectance of sediment-laden water at a specific wavelength is the
sum of linearly combined reflectance from each primary component. The spectral
reflectance of a volume of turbid water can be conceptualized into a composite signal by
using the weighted sum of the primary constituents of the water such as clean water, non-
phytoplankton suspended sediments, and phytoplankton. Distilled water and dry sediment
were the only components of the water sample in this experiment as it was a simulation of
flood water. Based on this, the water reflectance at each SSC level was translated to the

spectral mixing coefficient of primary water constituents. Accordingly

R(\) = SMCyRw(L)+ SMCsRs(A)  (Eq.12)

Where SMC,, and SMCs are Spectral Mixing Coefficients of water and sediment
respectively. Rw (1) and Ps (L) represented the spectral patterns of clean water and dry
sediment. The spectral mixing coefficient for sediment (SMCs) and water (SMCw) in each
band and each concentration (SSCs from 2 - 60g/l) were estimated by solving the following

equations.

R(B1) = SMCwRw(b1) + SMCsRs(bl) (Eq.13)
R(B,) = SMCwRw(b2) + SMCsRs(b2) (Eq.14)

R(Bs) = SMCwRw(b3) + SMCsRs(b3) (Eq.15)
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R(Bs) = SMCwRw(b4) + SMCsRs(b4) (Eq.16)
R(Bs) = SMCwRw(b5) + SMCsRs(b5)  (Eq.17)
R(Bs) = SMCWRw(b6) + SMCsRs(b6)  (Eq.18)

where R(Bi), Rw(B;i), Rs(Bi) (i = 1; 2; 3; 4;5;6) were stood for the reflectance sediment
laden water, standard reflectance for clean water, and standard reflectance of dry sediment
at the i band, respectively. The standard clean water and dry sediment reflectance (Fig. 5)
in this study were considered the spectro-radiometer based measurement in laboratory for

the distilled water and pre-processed soil samples for each soil colours.

3.4.2 Application of LSUA to MODIS terra images

Pixels located at the main River of Tekeze (12°48" 12.99°'N, 38° 36" 20.14"'E) and Tsirare
tributary (13°01” 6.56"°N 38°54°43.15"'E) from each MODIS image were targeted in this
study. To select these pixels non-changing land cover types (eg. rock, bare soil) around the
boundary of the Rivers and to minimize turbulence effects gentle slope of the Rivers were
used as criteria. Moreover, these sites were assumed as representative of the higher

concentration and variable sediment types in the Tekeze River.

The spatial resolution of the MODIS surface reflectance images was coarse (500m)
compared to the width of the Rivers targeted (averagely 60m). The resolution of the image
is too coarser to have a pure pixel mad-up of the river section with water flow unless we
considered the stagnant water around the dam. Instead, the pixels were made-up of at
leastfrom two of the ground cover components (eg. water body, bare soil, rock and

vegetated land) existed in the basin. Accordingly, the reflectance of the pixels is supposed
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to be a weighted sum of the reflectance from the respective components. Even though the
components in pixels can be combined in a nonlinear way based on the physical
arrangement of the components on the field (Arai, 2008; Bioucas-Dias et al., 2012;
Altmann et al., 2013), for simplicity linear combination of the reflectance has been applied
commonly. In such combinations, it was supposed that the reflectance of the mixed pixels
at a specific wavelength is the sum of linearly combined reflectance from each primary

component.

The reflectance profile of most ground cover components is highly dynamic due the
variability of weather and human intervention. Unless these variabilities are carefully
managed and addressed, the accuracy of the remote sensing for modelling and monitoring
the sediment concentration in Reivers can be hampered. In this study, we have used two
pixels carefully selected one from the main River and the second from tributary Tsirare
River. The rocky and bare-land ground cover components were mixed with turbid water
cover components in the selected pixels of the main and tributary Rivers in the upper
Tekeze River, respectively. Moreover, the reflectance from the turbid water component is a
result of reflectance interaction from constituents existed in the flowing water. The same as
to the assumptions used in the laboratory and field experiment in most research, we have
assumed the reflectance from each constituent to be combined linearly constrained to some

errors.

Therefore, a new subpixel analysis approach called Double Stage Spectral Unmixing
Analysis (DLSUA) was proposed to drive the SSCs from such coarse resolution imageries.

In this case, 1¥ the pixels’ reflectance was unmixed into rock/bare-land cover component
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and to turbid water reflectance and 2™ the reflectance of the turbid water from step one was
further unmixed into the constituents’ reflectance. Each of these steps is described

mathematically here below.
Rp = Arock/bareRrock/bare + AwRew £ €1 & Arockibare + Aw =1 (Eq-lg)

Where Ry is the spectral reflectance of the mixed pixel in band i, Arockmare IS the fraction of
the pixel area covered by the rock or bare soil, Ryocmare denotes the reflectance of the rock
or bare soil in band i, Ay and Ry, refers to the area of the pixel covered by the turbid water
and reflectance of the pixel contributed by the turbid water respectively, and €; is the
residual error in band i. The residual error "€'refers to the difference between the measured
and modelled reflectance values in each band and could be substituted by root mean square

error (RMSE), which is useful in assessing the validity of selected cover components.
R,, = SMC,R,, + SMC, R (Eq.20)

Where Ry is part of the reflectance in the pixel contributed by the turbid water, SMC,,and
SMC; are Spectral Mixing Coefficients of water and sediment respectively. Ry, and Rs

represented the distinctive spectra of clean water and dry sediment respectively.

Eg.19 was used to unmixed the pixel level reflectance value intocomponent-based
reflectance of the selected pixels. And Eq.20 was used to unmixed reflectance of the turbid
water into respective constituents’ reflectance existed in the water. By substituting Eq. 20
to the reflectance from the turbid water (Ry) in EQ.19 and through rearranging, it can

provide the following equation (Eq. 21).
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SMCS — Rp_(Arock/bareth;ck/bIt;re'i'Atw (SMCWRW)) + €i (Eq21)
tw s

The relation between the SSCs and their respective Spectral Mixing Coefficient (SMC)
values from different sediment types were determined in laboratory experiment and verified
in field. The exponential regression equation was found to be the best fit to the relation

between SSCs and respective SMCs (Eq.22).
SSC = 0e®M™  (Eq.22)

Where SSC and SMCs refer to the Suspended Sediment Concentration (g/l) and the

Spectral Mixing Coefficients values respectively, ‘a’ and ‘B’ are coefficients.

To compute the SSCs from the MODIS surface reflectance for the targeted pixels Eq.21
was substituted to the SMCs in Eq.22. Finally, these computed SSCs values were compared

to the observed SSCs at respective dates.

The above DLSUA model was compared with the SSCs estimation performance of the
empirical regression model developed in laboratory experiment. A natural logarithmic

transformation was used to rearrange into SSC values (Eq. 23).
SSC=(In (Rp/a))*b  (Eq.23)

Where SSC and R, refers to the suspended sediment concentration (g/l) and the reflectance

respectively, ‘a’ and ‘b’ were coefficients.
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3.4.3 Application of LSUA for estimating C- factor and integration into SWAT

3.4.3.1 LSUA and endmembers selection

Most pixels (smallest land unit sensed) of remotely sensed imageries are composed of
mixed spectral information. Landsat 8 is among the images which hold multiple
endmembers having different spectral signature mixed in each pixel. This is due to the
limitations of the coarse spatial resolution of the satellite instruments and the heterogeneity
of features on the ground. Because of this reason, driving information (eg. spatiotemporal
vegetation) from such coarse resolution images were less accurate. Such problems are very
common especially in arid and semi-arid areas like the Tekeze basin where the vegetation is
scarce, and the land is shared among the smallholders cultivating in different systems.
Therefore, a subpixel analysis technique called spectral unmixing analysis was proposed to
minimize such inaccuracies. Even though the components in pixels can also be combined in
nonlinear way based on the physical arrangement on the field (Roberts et al., 1993; Myneni
et al., 1995), Linear Spectral Unmixing analysis (LSUA) was chosen in this study due to
simplicity. It was applied to estimate components’ (endmembers) proportion in the study
area. The identification of endmembers, the most important step in the performance of
LSUA, was done with the help of frequent field visit and google earth. The spectral value
of each endmember for each of the six bands (2-7) of Landsat 8 acquired at the wet season

of 2016 was processed using ENVI 5.1. Mathematically it can be represented by

n n
j=1 j=1
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Where i is the number of spectral bands used, j=1, n (number of end-members), Ri is the
spectral reflectance of the mixed pixel in band i, A; is the fraction of the pixel area covered
by the end-member j, F¢j; denotes the reflectance of the end-member j in band i, and €; is
the residual error in band i. The residual error €'refers to the difference between the
measured and modeled reflectance values in each band and could be substituted by root
mean square error (RMSE), which is useful in assessing the validity of selected

endmembers.

1 i
€= [_Z 1(Smeasured - Smodeled )1/2] (Eq-24)
i=

4

3.4.3.2 Estimation of the C-factor using LSUA

The C-factor was estimated following the concept that dense vegetation prevents soil
particles from displacement by the two water-related factors (raindrop and runoff). Apart
from the vegetative cover, ground covers such as surface rocks and water can protect soil
from the erosive forces of raindrop and run-off impacts. Therefore, the higher covers from
the above factors were considered with low C-factor values. But a soil which is free of any
cover was considered with high C-factor values. To estimate the C-factor, the shadow
fraction was first removed and the fractions (vegetation, bare soil, water and rock) were
rescaled by a normalization factor with the sum of the vegetation (Fveg), bare soil (Fpare) and

rock and/or urban (Frockurban) fractions equal to 1. Finally, the C- factor was computed using

C-factor = Fhare (Eq.25)

1+Fveg +FrocktFwater
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where, Fpare, Fveg, Frock and Fuaeer are the fractions of bare soil, vegetation, rock and water,

respectively.
3.4.3.3 Accuracy assessment using field measurement

The C- factor could be determined directly by the ratio of in-situ measurement of soil loss
from vegetated land to that of corresponding bare land soil loss measurements.
Accordingly, 40 experimental plots each 2m*2m bounded using flexible corrugated iron
were designed on randomly selected four classes of vegetation including cropped, forests,
grass and shrub-bush land uses. A plastic container was placed in each plot in a way that
the eroded soil from the bounded area can be collected to the containers. Each of those
plots was repeated on nearby bare soils having the same driving factors except the
vegetation. The measurement of displaced soil had been collected in each weekend and this
was continued for the whole wet season in 2016 (June, July, August, and half of

September). Finally, C- Factor for each experimental plot was computed using the formula.

C — Factor = :”i (Eq.26)

bare

where, Epae and Eyeq Stands for erosion on bare soil and lands covered by the vegetation.
The C-factor values for the locations of the experimental plot from the C factor map
generated using the LSUA were considered and compared with the C-factors from the

experimental measurement.
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3.4.3.4 Integrating spectral unmixinganalysis model into SWAT

SWAT is a time-continuous, semi-distributed, process-based River basin or watershed scale
hydrologic model developed to predict the impact of land management practices on water,
sediment and chemical yields with varying soils, land use, and management conditions over
a long period (Arnold et al., 1998). It simulates hydrology and sediment at the hydrologic
responsive units (HRU) by summarizing into sub-basin and then routing through the stream

network to the basin outlet (Neitsch et al., 2011).

SWAT divides a basin into sub-basins. Each sub-basin is connected through a stream
channel and further each sub-basin is divided into HRU. It is described as a unique
combination of soil, land use and slope type in a sub-basin (Arnold et al., 2011). Water and
sediment from each HRU are summarized in each sub-basin and then routed through the
stream network to the watershed outlet (Neitsch et al., 2005, 2011). SWAT used soil, land
use, climate and digital elevation model as input data to predict the sediment load and other
processes of River basins over long period of time. The digital elevation model (DEM,
30m), land use map prepared from Landsat images in 2006, soil maps prepared by
integrating the soil data from FAO and EMoWIE, and weather data collected from
Ethiopian meteorological agency (EMA). The land use type parameters including (leaf area
index, maximum stomatal conductance, and maximum root depth, optimal and minimum
temperature for plant growth) were based on the default values available in SWAT. The
parameterizations of soil types (e.g. particle-size distribution, bulk density, organic carbon
content, available water capacity, and saturated hydraulic conductivity) were extracted from

the SOIL-FAO database (FAO, 1995). The slopes of the basin were classified into five
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classes 0-10, 10-15, 15-30, and 30- 45 and greater than 45% from the digital elevation
model of 30m resolution. Finally, the land use, soil type, slope class maps were overlaid to

drive the HRUs.

Apart from the above inputs, C-factor is a required parameter of SWAT for modelling
sediment yield. Hence, according to the conventional approach, the mean C-factor values
have been considered at land use type units and the assignment of a C-factor to an HRU in
SWAT was originally determined by assigning the corresponding USLE-C value in
‘crop.dat’ according to the land use/land cover to which each HRU belongs. This produces
a homogenous C factor map, with no/little spatial variation within and among land use type
units. In the new approach, the pixel-based values of C- factor was integrated following
three steps. 1. In this step, we have identified the spatial location of HRUs using ID code. 2.
We have computed the average C-factor for each HRUs from the pixel base values of the
C-factor. The C-factor values for each HRU were determined by dividing the sum of the C-
factor values for all pixels in an HRU by the number of pixels in the HRU. This process
was conducted using the zonal mean function in ArcGIS 10.1 with the remotely sensed C
factor map as a value grid input and spatial location map of HRUs as a zonal grid input. 3.
Finally, we have modified the source code of sediment routing for each HRUs and assigned
the new C-factor values. The improved source codes were compiled with other original
source codes and a new executable file SWAT2012.exe was generated for further sediment

simulation.
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3.4.3.5 Sensitivity analysis, Calibration and validation of SWAT

SWAT has many parameters that make calibration difficult. Hence, the first step in the
calibration and validation process in SWAT is the determination of the most sensitive
parameters for a given watershed or sub-watershed. The term sensitivity analysis refers to
the identification of the most important influencing parameter in the model. Sensitivity
analysis is important from two points of view: First, parameters represent processes, and
sensitivity analysis provides information on the most important processes in the study
region. Second, sensitivity analysis helps to decrease the number of parameters in the
calibration procedure by eliminating the parameters identified as not sensitive. One-at-a-
time (OAT) or local sensitivity analysis, and all-at-a-time (AAT) or global sensitivity
analysis algorithms can be used. In OAT, all parameters are held constant while changing
one to identify its effect on some model output or objective function. In this case, only a
few model runs are usually enough. In the AAT, however, all parameters are changing;
hence, a larger number of runs are needed in order to see the impact of each parameter on
the objective function. In the current study, the OAT algorithm was selected for minimizing
complexity. OAT uses directly compare the impact of three to five parameter values on the
output signal, whereas AAT uses a multiple regression approach to quantify sensitivity of
each parameter. The sensitive parameters of sediment transport in the upper Tekeze basin

are tabulated in Appendix 7.

Model calibration is an effort to better parameterize a model to a given set of local
conditions, thereby reducing the prediction uncertainty. Model calibration is performed by

carefully selecting values for model input parameters (within their respective uncertainty
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ranges) by comparing model predictions (output) for a given set of assumed conditions with
observed data for the same conditions (Arnold et al., 2012). Model validation is the process
of demonstrating that a given site-specific model can make sufficiently accurate
predictions. This implies the application of the calibrated model without changing the
parameter values that were set during the calibration, when simulating the response for a
period other than the calibration period. The model calibration and validation process were
conducted by using the SUFI2 (Sequential Uncertainty Fitting Version 2 programme) in
SWAT- CUP. The SWAT-CUP is a computer programme for automatic calibration of

SWAT models. The programme links SUFI2 procedures to SWAT.

3.4.4 Evaluating trend of climate change and sediment yield

Identifying the trends and linkages between basic climatic variables (precipitation and
temperature) and sediment yield is fundamental to understand the influence of climate
change on soil erosion and sediment transportation of a basin. The daily precipitation,
maximum and minimum temperatures were considered in this study. These data were
provided by the Ethiopian National Meteorological Service Agency. Visual inspection,
linear and multiple regression analyses between neighbouring stations and other global
datasets (eg. CFSR) were applied for data analyses and validation, detecting outliers, filling
missing values and checking reliability for all gauging stations. The homogeneity and trend
of sediment concentrations in the upper Tekeze basin in the year 2004 through 2017
simulated using the modified SWAT at the annual and seasonal time scale were evaluated

using Petit and MK tests, respectively.
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3.4.5 Testing different sediment yield mitigating scenarios for upper Tekeze basin
Sustainable basin’s sediment management intervention involves introducing Best Soil and
Water Management Practices (BSMPs). There are multiple BSMPs that have different

potential of soil erosion and sediment transport reducing capability. The list of scenarios

described in table 5 was used in this study.

Table 4: Describing the scenarios and LSUA-SWAT’s parameters used

Scenarios Description SWAT parameter used
Parameter Calibration value Modified value
Scenario-0  Existing condition as obvious  USLE_C HRU based HRUs based
Scenario-1  Filter  striping cultivation FILTERW(.hr 0 1
Scenario-2 Integrating filter strip  SLSUBBSN It was varied 10m for all slope
cultivation on agricultural land  (.hru) through 9.1, 24 and  class was used
and stone bund/ terracing on 61m as slope varies
non-agricultural land to 0-10, 10-20 and
CN2(.mgt) >20%
USLE_P(.mgt) il &
1 1
Scenario -3  Parallel Terraces/stone bunds:
Assume the slope length is
reduced by 50%.
Scenario-4 Integrating Parallel
Terraces/stone  bunds and
Reforestation:  The  stone
bund/terracing was for the
land units below 30% slope
Scenario-5  Reforestation: - - -

The scenarios simulated and representations of the soil and water management in the
LSUA-SWAT are depicted in table 3. In Scenario 0, the basin’s existing conditions were
considered. In scenario 1, it was assumed as filter strips were placed on all agricultural
HRUs that are the combination of croplands, all soil types and in all slope classes. The

effects of the filter strip were to filter the runoff and trap the sediment in a given plot
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(Bracmort et al., 2006). The appropriate model parameter for the representation of the
effect of filter strips was the width of the filter strip (FILTERW). FILTERW value of 1m
was assigned to simulate the impact of filter strips on sediment trapping. This value was
modified by editing the HRU (.hru) input table. The filter width value was assigned based

on local research experience in the Ethiopian highlands (Hurni, 1985; Betrie et al., 2011).

In scenario 2, integrating filter strip cultivation on agricultural land and stone bund/
terracing on nonagricultural land was considered. In this scenario, the land mass of the
upper Tekeze basin was classified into two classes based on slope. The first one was all
HRUs having a slope of less than 30% and the second one was all HRUs having 30%
and/or more slope class. Accordingly, we have introduced a strip cropping system to the

first class and stone bund/parallel terracing into the later one.

In scenario 3, placing stone bund/parallel terracing in all HRUs was assumed. Placing stone
bund/parallel terracing has a function to reduce overland flow, sheet erosion and reduce
slope length (Bracmort et al., 2006; Betrie et al., 2011). Appropriate parameters for
representing the effect of stone bunds were the Curve Number (CN2), average slope length
(SLSUBBSN) and the USLE support practice factor (USLE P). We modified slope length
(SLSSUBSN) value by editing the HRU (.hru) input table, whereas USLE_P and CN2
values were modified by editing the Management (.mgt) input table. The SWAT model
assigns the SLSUBBSN parameter values based on the slope classes. In this application, the
SWAT assigned values were 61m, 24m and 9.1m for slope classes 0-10%, 10-30%, and
over 30% respectively. But it was modified to 10m for below 30% slope classes and 9m for

above 30 %. The USLE_P and CN2 were modified to 0.32 and 59 respectively.
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In scenario 4, we simulated the impact of integrated sediment management (stone bund and
reforestation). That is HRUs having below 30% to be with stone bunds and HRUs sloped

30% and above to have reforestation practices.

In scenario 5, we simulated the impact of reforestation by introducing it into non-
agricultural HRUs. The reforestation has a function to reduce overland flow and rainfall
erosivity and these effects were simulated by introducing land use change, not by
parameters changes. It seems impractical to change agricultural land into the forest
completely. Thus, we use the nonagricultural HRUs only. The parameters (e.g., plant,
hydrological and erosion) related to the dry land forestation were modified from the

database.

3.5 Data analysis and model performance evaluation

3.5.1 LSUA and empirical models for estimating SSC

The Pearson correlation coefficient (R;) in R software was used to determine the statistical
dependence between the two variables (between SSC and reflectance in our case). The
correlation was tested between the reflectance of soil colours (black, red and intermediates)
in 10 SSC levels (2-60g/I) and the six simulated bands including band one (B, 400 - 525
nm), band two (B, 526 - 605 nm), band three (B3, 606 - 655 nm), band four (B4, 656 —
750), as well as the Short Wave Near Infrared (SW-NIR, 750 - 1075 nm) categorized in to
band five (Bs, 750-950nm) and band six (Bs, 951 — 1075nm). The performance of the

generated models in simulating the SSCs in the upper Tekeze River reaches was evaluated
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using the coefficient of determination (R) and root mean square error (RMSE) that is a

model with higher R but lower RMSE were considered as well performing model.

3.5.2 Evaluating performance of LSUA integrated SWAT

Performance of conventional and modified SWAT model was evaluated using the Nash-
Sutcliffe coefficient (NSE, Nash and Sutcliff, 1970), Coefficient of determination (R?), root
mean square of error- observations standard deviation ratio (RSR) and percent bias
(PBIAS). The equations for each performance indicators are given from equation 28-32.

R — Zizl(Xi_X)(Yi_Y) (Eq27)
[Eamx02 [gri-ny?

[Z?=1(Xi—"i)2

(Xi-Y;)?

_ 1 Ziz1
NSE =1 - St (Eq.29)
PBIAS = Ziz1Xi—¥1)+100" (Eq.30)

L

RMSE = |Ha®td? (Eq.31)

Where R, RSR, PBIAS and NSE is coefficient of determination, Nash-Sutcliffe coefficient
and root mean square error- observations standard deviation ratio respectively, X; is
observed value and Y; is simulated values and X and Y are the means for the observed and

simulated value respectively.
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The Nash-Sutcliffe efficiency coefficient (NSE) ranges between —oo and 1. It indicates a
perfect match between observed and predicted values when NSE = 1). Values between 0.0
and 1.0 are generally viewed as acceptable levels of performance, whereas values less than
0.0 indicate that the mean observed value is better than the simulated value, which indicates
unacceptable performance. Percent bias (PBIAS) measures the average tendency of the
simulated data to be larger or smaller than their observed counterparts. Low magnitudes of
PBIAS indicate accurate model simulation. Positive values indicate model underestimation

bias, and negative values indicate model overestimation bias.

3.5.3 Trend of climate and sediment yield change

The long-term trends of the climate variables (precipitation and temperature) and the
simulated sediment fluxes and their relation were analysed using the Mann-Kendall (MK)
and correlation analysis techniques. The research generated a historic reanalysis of major

climate variables and its effects on sediment flux.

Mann-Kendall test is used for the detection of a statistically significant trend in variables
like rainfall and temperature. The Mann-Kendall (MK) trend test was used because it is
simple, robust, can cope with missing values, and the data need not conform to any
distribution (MK; Mann, 1945; Kendal, 1975). This method is very essential as it has no
assumption made in the data to be tested. The Mann—Kendall test, is a rank based method
that has been widely used to detect the trend of hydro-climatic time series data in different
parts of the world (e.g. Abdul Aziz & Burn, 2006; Jones et al., 2015; Wang et al., 2015;
Gebremicael et al., 2017). The procedure of MK testing starts by calculating the MK

statistic (Yue et al., 2002).
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Using the XLSTAT 2013 plug-in of Microsoft Excel, the monthly percentage contributions

of rainfall over the years were subjected to the MK trend test shown in Eqg. (33)

S = YRz X —k+1Sign (X; — Xx)Where

+1 e>0
Sign(e) =| 0 | if |e = 0|(EQ. 32)
-1 e<0

Where S is the Mann-Kendall statistic. X; and X, are the data values in time j and Kk,
respectively, j > k, and n is the length of dataset. The normalized test statistics Z of the MK

test and the variance V(S) were calculated as shown in Egs. (34) and (35).

S-1 \
{ JV(S) $>0

z={ 0 if |s=0 }(Eq.33)
S+1 $§<0
e )

V(S) = [n(n — 1)(2n + 5)] (Eq. 34)

where S and V (S) are the Kendall’s statistics and variance, respectively. The MK test
calculates Kendall’s statistics S, which is the sum of the difference between data points and

a measure of associations between two samples (Kendall’s 1) given by Eq. 36

28
n(n-1)

(Eg. 35)

Positive and negative values of those parameters (z and s) indicate an “upward trend” and
“downward trend”, respectively. In order to evaluate the trend results, the Z value

combined with the computed two-tailed probability (P) were compared with the user-
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defined confidence level (5 %) of the standard normal distribution curve.Pettitt test (Pettit,
1979) is an approximation for a sequence of random variables of the non-parametric
method, has been used in this study and helps to indicate where possible change points are.
The Pettitt test only detects the time of a change point, but a t-test was always applied to
check the significance of the trend. A significance level of 5% has been applied in this

study. The approximate significance probability (P) for a change point is defined by Eqg.

(6):
P=1-p (Eq. 36)

Where P is the probability of detecting the point of change and p is the existence of
significant change point. The p -value (two-tailed) has been computed in this study using
XLSTAT software with 10,000 Monte Carlo simulations at 99% confidence interval for

checking the data homogeneity.

The homogeneity and trend of sediment concentrations in the upper Tekeze basin in the
year 2004 through 2017 simulated using the modified SWAT at the annual and seasonal

time scale were evaluated using Petit and MK tests, respectively.

3.5.4 Evaluating sediment management scenarios efficiency

The performance of the LSUA-SWAT model was evaluated using Nash-Sutcliffe
Efficiency (NSE), Coefficient of determination (R?), Root Mean Square of Error-
Observations Standard Deviation Ratio (RSR) and Percent Bias (PBIAS). The
mathematical operations for each statistical tool are presented in section 3.5.2. The

scenarios were evaluated based on their capacity to minimize daily sediment yield at the
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outlet of the upper Tekeze basin. The scenario which gives minimum sediment yield at the
out of upper Tekeze basin was considered as best sediment management scenario in the

study area.

3.6 General flow chart of the research methods

This study was focused on the potential of remote sensing in monitoring suspended
sediment concentration of Rivers and in determining the vegetation dynamics effect on
sediment yield (C factor). The linear spectral unmixing approach of remote sensing was
applied in this study. The study used reliability checked and organized data from sediment
laboratory (sediment concentration, sediment yield, sediment texture and spectral
reflectance of sediment-water), Pre-processed remote sensing data (Landsat 7&8, MODIS,
DEM), and historic real hydrological and meteorological data (Streamflow, sediment yield,
precipitation and temperature). The steps of the approaches used in this study are depicted
in the flow chart (Figure 4). The result and discussion part focused on (1) the identification
of effective spectral bands and affecting factors, comparing empirical and LSUA models in
simulating SSCs using on-field reflectance and MODIS surface reflectance data. (2)
Evaluating the temporal and spatial variability of C factors using a remote sensing
approach. (3) Integrating the spatial C-factor into SWAT and testing its efficiency in
simulating sediment yield in the study area. (4) Analysing the trend of climate change
(precipitation and temperature) in upper Tekeze basin and its relationship with sediment
yield and (5) testing the sensitivity of upper Tekeze basin sediment yield to different

sediment transporting mitigating scenarios.
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CHAPTER FOUR:
RESULTS

This section holds the results related to the direct and indirect application of linear spectral
unmixing remote sensing technology for estimating sediment load in the Tekeze River
system. Results related to the application of LSUA for direct estimation of suspended
sediment concentration and comparative analysis with empirical remote sensing, integration
of LSUA model with SWAT for mapping sediment yield and application of LSUA
integrated SWAT for evaluating effect of climate change on sediment vyield and
comparative analysis on the best sediment management scenarios are presented in this

section.

4.1. Spectral properties and modelling SSCs using remote sensing in laboratory

4.1.1 Spectralsignatures of SSCs
The spectral reflectance value curves along with the entire measured bandwidth (325 nm -
1075 nm) of the dry sedimentfor different sediment types sampled from the upper Tekeze

River system as well as for the pure water are presented (Fig.6).
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Fig. 6: Average reflectance of dry sediments 5YR7/5 (Red sediment), 5YR7/1 Tekeze
River bed sediment), 5YR8/1 (Tsirare River bed soil) and 5YR6/1(black
sediment)) and distilled water

The distilled water was with decreasing trend of reflectance values at the wavelength range
used (450 — 850 nm). Unlike the spectral properties of the pure water, the reflectance values

of the dry sediments from the Tekeze Rivers were continuously increasing trend.

To evaluate the effect of grain size distribution and level of concentration on reflectance
values, a 2, 5, 10, 15, 20, 25, 30, 40, 50 and 60 g/l sediment solution for the clay, silt, sandy
and natural grain size distribution were prepared. The spectral reflectance curves along with
the entire measured bandwidth (325 nm - 1075 nm) showing the spectral characteristics for

each level of concentration using the spectroradiomer were compiled (Fig.7 and Fig. 8).
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Fig. 7: Reflectance profiles of different sediment solutions collected from the Tekze
River and Tsirare Rivers in the upper Tekeze basin.

The reflectance curves (Fig.7) are distributed progressively representing from the lower to
higher water solutions of 2, 5, 10, 15, 20, 25, 30, 40, 50 and 60 g/l of the sediment types,
respectively. The y and x axis represent the reflectance and wavelength range (nm)
respectively. The curves represent the variability of reflectance of sediment solutions under

the wavelength ranges 400-1075 nm.
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Fig.8:Reflectance profiles of black and red sediment solutions collected from reaches in
the upper Tekeze River basin.

The reflectance curves are distributed progressively representing from the lower to higher
water solutions of 2, 5, 10, 15, 20, 25, 30, 40, 50 and 60 g/l of the sediment types,
respectively. The y and x axis represent the reflectance and wavelength range (nm)
respectively. The curves represent the variability of reflectance of sediment solutions under

the wavelength ranges 400-1075 nm.

As can be seen from Fig. 7 and 8, the spectral signatures of the sediment types were varied
based on colour (5YR7/5, 5YRG6/1, 5YR7/1 and 5YR8/1), grain size (natural, clay, silt and
sand), level of concentrations (2, 5, 10, 15, 20, 25, 30, 40, 50 and 60 g/l), and wavelength
ranges. The reflectance showed an increasing trend from coarser to finer grain sizes across
the wavelength range (325-1075 nm) and relatively highest reflectance magnitude was
found in the natural composition of grain size (Fig. 7& 8). Moreover, the reflectance was
increasing as the levels of SSCs get increased. In the considered sediment types,
overlapping reflectance values were observed in the wavelength ranging 325-450 nm and
950-1075 nm. But acute differences in reflectance values were observed in the wavelength
ranging from 450-950 nm. The peak reflectance and more clear variability due to sediment
type were observed at SW-NIR wavelength ranging from 750 to 950nm in all levels of

SSCs (Fig. 7 & 8).

4.1.2 Correlation between reflectance and SSC in simulated bands
The Pearson correlation coefficient (Rs) was used to test the association between

reflectance and level of SSCs for all sediment types over the bandwidth (450 - 1075 nm).
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The Rs value was more than 0.55 in the wavelength used. Relatively higher correlations
(Rs>0.7) were found in the wavelengths ranging 750-950 nm. The strength of the
correlation between sediment concentrations and reflectance was also varied as the grain
size gets varied. Stronger correlations (average Rs = 0.82) were found between reflectance
and level of SSCs in fine grain size (clay) than the coarser (sand) sediment types (average
Rs = 0.75) and the intermediate (silt) grain size (average Rs = 0.78). The reflectance from
the natural grain sizes was loosely associated with its level of concentration (average Rs=
0.68). Comparatively, a higher correlation between SSCs and reflectance was found in the
sediment type sampled from Tsirare coloured as 5YR8/1 (average Rs = 0.75) than the
sediment type from the main River (5YR7/1), the black (5YR6/1) and the red (5YR7/5)

sediment samples.

4.1.3 Empirical and LSU remote sensing models

4.1.3.1 Empirical remote sensing modelling

To use remote sensing for estimating sediment concentration we have to know first the
relation between sediment concertation and reflectance. Having that relation, we can use
the reflectance for estimating the sediment concentration transporting in Rivers. To do this
we have used the wavelength ranging 750-950nm (Bs) in the current study. As explained in
the previous section higher correlation between sediment concentrations and reflectance
was found at Bs. The spectral profiles in Fig. 9 is developed from the relation between the
SSCs (2, 5, 10, 15, 20, 25, 30, 40, 50, 60 g/l) with clay, silt, sand and natural grain sizes and
their respective reflectance measured using a high-resolution spectro-radiometer in the

wavelength 750-950 nm (Bs).
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Fig.9:Reflectance profiles of SSCs under different grain size distribution and coulors in
the wavelength range of band 5 (Bs, 750-950nm).

The scatter plots in Fig.9 were from reflectance measured using spectro-radiometer and
SSCs under different sediment colours (5YR7/, 5YR8/1, 5YR6/1 and 5YR7/5) and grain
sizes (clay, silt, sand, and natural). The scattering was not uniform among the sediment
colours and grain sizes. Vast scattering was found in the sediment type from the main River
than the sediments from the Tsirare River. Higher reflectance values were also presented
from the natural grain size compared to the reflectance from other grain sizes in all

sediment types.
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The linear regression (the easy for operation) and other nonlinear regression model fitting
curves were tested to fit the variability regressions between SSC levels and respective
reflectance values. But, none of them was well fitted like the exponential equation
(R?>0.8). An exponential equation is given below (Eq. 38) was found well fitted to the

relation between SSCs and reflectance.
Rt = ae 5™ (Eq.37)

Where SSC and Rs refers to the suspended sediment concentration (g/l) and the reflectance

at 750-950nm (Bs) respectively, ‘a’ and ‘b’ were coefficients.
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Table5:The coefficients regressed from the empirical model (R¢ = ae ™) of the known
SSCs (g/l) and the reflectance at Band 5 (750-950nm)

Grain Estimate Sediment color
size Main River Tsirare River Red sediment Black
(5YR7/1) (5YR8/1) (5YR7/5) sediment
(5YR6/1)
Clay a 0.03 0.06 0.04 0.04
b2 42.92 49,51 41.49 27.25
D n an N Qa N Qa N QR
Silt a 0.01 0.06 0.03 0.04
h2 3759 45 87 29 85 30.30
R n 8] N8R n ga n g7
Sand a 0.02 0.07 0.06 0.03
b2 48.54 54.05 45.05 33.22
R 0.86 0.86 0.83 0.88
Natural a 0.02 1.62 0.05 0.05
b2 34.01 0.76 24.69 28.90
R 0.85 0.89 0.88 0.85

According to the regression analysis between level of SSCs and respective mixed
reflectance values (Table 5), the coefficient of determinations (R were found in the range
of 0.8 - 0.89. Non-random estimates (a and b) were resulted from nonlinear regression

analysis under a significance level of 99%.
4.1.3.2 Linear spectral unmixing analysis for modelling SSC

The linear spectral unmixing algorithm was introduced to maximize the accuracy of
simulating SSC using remote sensing. The reflectance variability in 750-950nm (Bs) from
the considered levels of SSCs was translated to the spectral mixing coefficients (SMCs)

variability using Eqg. 3. The graph describing the relation between the SSCs and their
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respective SMC values of the sediment types sampled from the two Rivers were presented

in Fig. 10.
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Fig.10: SMCs profiles of sediment laden water in the wave length range of 750-950nm
(Bs) from the main River bed (5YR7/1, a), Tsirare River bed (5YR8/1, b) and
other black (5YR6/1, c) and red (5YR7/5, d) sediments in basin

The exponential regression Eq.39 was found to be the best fit to the relation between SSCs
and respective SMCs. The relation between SSCs and SMCs was determined to be as in Eq.

39.

SSC = qePSM®™)  (Eq.38)
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Where SSC and SMCs refer to the suspended sediment concentration (g/l) and the spectral
mixing coefficients values respectively, ‘a’ and ‘B’ are coefficients. The coefficients of
determination (R?) were above 0.89 in all sediment types (Table 7).

Table6:The coefficients regressed from the LSU model (SSC = ae®M) from the known
SSCs (g/l) and the SMCs at band 5 (750-950nm)

Grainsize  Estimate Sediment colour
Main River Tsirare River Red sediment Black sediment
(5YR7/1) (5YR8/1) (5YR7/5) (5YR6/1)

Clay a 0.33 0.72 1.54 0.65

B 2.64 3.12 1.96 2.58

R? 0.95 0.93 0.89 0.93

Silt a 0.53 1.34 0.99 1.35

B 2.77 1.87 2.85 1.51

R? 0.91 0.90 0.91 0.94

a 3.09 4.31 14.33 2.63

0.32 0.47 0.35 0.51

Sand R? 0.93 0.93 0.96 0.97

a 3.17 1.16 0.34 1.01

B 0.73 58.05 2.934 2.85

Natural R? 0.92 0.91 0.94 0.91

According to the regression analysis between the level of SSCs and respective SMC values
computed by transformed reflectance values (Table 7), the coefficients of determinations
(R?) were found in the range of 0.89 - 0.95. Non-random estimates (o and B) were resulted

from nonlinear regression analysis under a significance level of 99%.
4.2 Testing and validating the empirical and LSUA of SSCs models using in-situ data

The empirical (Eq. 37) and LSUA (Eq. 38) remote sensing models fitted to the natural grain
size distribution sampled from the Tekeze main River and Tsirare Riverbeds deposition

were further tested using insitu reflectance and compared against the SSCs of the flash
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floods in Tekeze and Tsirare River occurred during the 2017’s summer. The exponential
equations constructed using the empirical remote sensing (Eq.37) and from the LSUs (Eq.
38) were first transformed to logarithm for convenience of linear regression analysis and
used to simulate the SSCs transporting with the flash floods in the Tekeze Main River and
the tributary Tsirare River using the estimates for the respective natural grain size of
sediment developed from the laboratory analysis (Fig. 11). The daily SSCs at Tekeze River
and Tsirare during the summer of 2017 were simulated using the empirical and LSU
models and then compared with the SSCs measured using the conventional sediment
sampling technique. The reflectance values (Rf) in EQ.37 were substituted by the
reflectance values of the turbid water on field measured using the Spectroradiometer. The

daily SSCs during the summer were measured using the traditional sampling technique.
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Fig.11: Comparing simulating potential of LSU analysis and empirical models for SSC
at the Tekeze main River (a, a’) and Tsirare River (b, b’)

The SSCs predicted using the empirical remote sensing models for both Rivers were
deviated from the measured SSCs (Fig. 10). Initially the performance of the empirical
model in the laboratory was computed to be R?=0.76, RMSE = +10.87g/l in the main River
and R?= 0.81, RMSE =+2.65g/l in Tsirare. But, performance of the same model to estimate
the daily SSCs in the rivers using insitu reflectance values were lower than the above
values. Especially, when the level of SSCs increased, the deviations from the measured

SSCs were also increased (Fig.11). Unlike the empirical model, the LSU model (Eq.38)
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performances were consistent in the laboratory and in the field to capture the variability of
sediment concentration in both Rivers. The fit between the observed and the simulations
using the LSU and empirical models to the SSC of flash flood events at the Tekeze main
River and Tsirare tributary River occurred during the wet season of 2017 is presented

below (Fig. 12 & 13).

80 4 —#— Measured S5C(g/l)
70 - —— predicted SSC(g/l) using LSU
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Fig.12: The fit b/n the measured and simulation using the LSU and empirical models to the
SSC of flash floods events at the Tekeze main River starting from on 2July 2017
to 3 September 2017
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Fig.13: The fit b/n the measured and simulation using the LSU and empirical models to
the SSC of flash floods events at the Tsirare River (b) starting from on 2July

2017 to 3 September 2017
As can be seen from Fig. 12 and 13 the empirical models were poorly performed in
capturing the variability of SSCs compared to the LSU model. Especially, the peak
sediment concentrations in both Rivers could not be captured using the empirical model.

Unlike the empirical model, the LSU algorithms were well performed in capturing the

variability of sediment concentration in both Rivers.

4.3 Estimating SSC from MODIS terra images

4.3.1 Spectral profile of selected pixels and nearby cover types

The spatial resolution of MODIS data is coarser (250-1000m) compared to the
heterogeneity and geographic dimension of most River systems. Consequently, the pixels
around Rivers are a mixture of two or more than two ground cover components. The

reflectance values of pixels are therefore a combined effect of the cover components around
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the geographic location of the respective pixels. Hence, characterizing the spectral

reflectance profile of the primary components existed in the pixels of interest has

paramount importance for spectral unmixing analysis approach.

Hence, two pixels one from the main River Tekeze and the second from the tributary

Tsirare were selected. About 43% and 68% area of the selected pixel at the main River of

Tekeze and Tsirare Tributary River mostly had rock and bare soil land cover types,

respectively. The remaining part of both pixels was laid on turbid water cover type.

Therefore, the mixed reflectance at the main River was from a linearly combined

reflectance from the respective components in each targeted pixel. Accordingly, the

reflectance values for of the selected mixed pixels were assessed as in Fig. 14.
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Fig.14:The daily variability of surface reflectance observed at the selected station of the
Tekeze MainRiver and Tsirare TributaryRiver at band 1, 2, 3 and 4 of MODIS
surface reflectance images
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As can be seen from Fig. 14, even though the absolute values of reflectance at the pixel
vary from band to band, the trend of reflectance variability through the whole bandwidth
were consistent during the summer. That is higher reflectance values were derived from the
targeted pixels of the images dated in July and August months of 2017. While lower
reflectance values were derived from the same pixels at the images dated on June and
September 2017. The variability of the absolute reflectance values at pixel level was varied
from band to band and from River to River. Relatively, higher reflectance values were
derived from Band 1 (620 — 670nm) and Band 2 (841-876nm) than from Band 3 (459-

479nm) and Band 4 (545-565nm) for both Rivers.

The average reflectance values for the land cover components supposed to be mixed in the

targeted pixels were assessed as in Fig. 15.
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Fig.15: Average surface reflectance of non-changing land cover types of Tekeze Main
River (rock) and Tsirare Tributary River (bare soil) at band 1, 2, 3 and 4 of
MODIS surface reflectance images
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Higher reflectance values of rocky and bare land ground cover components were found at
the first two band width (Band 1&2) compared to the reflectance values of the cover
components at Band 3&4. Slightly higher reflectance values were computed rocky land

cover types than from the bare land.

4.3.2 Applying empirical regression model on MODIS

The daily SSCs of the two Rivers at the simulated station were predicted using the
empirical model developed in the laboratory (Eq.37). The reflectance values were used
from respective MODIS surface reflectance. The simulated daily SSCs were compared with
the respective SSCs measured using the conventional sediment monitoring method (Fig.

16).
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Fig.16:Scatter plot between predicted SSCs (y axis) and observed SSCs (x axis) of the
Tekeze main River (a) and tributary Tsirare River(b)
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Fig.16 is constructed based on the prediction made using the empirical regression model
(SSC= (In (Rp/a))*b). There was no consistent correlation between SSCs and the
reflectance of the mixed pixels in Band 1- Band 4 in the selected pixels of both Rivers. In
both Band 1 to Band 4 there was no consistent trend of reflectance as the SSCs get
increased. In some of them there was reduction of reflectance with increasing of SSC and
in some others, there was different level of change in reflectance for constant change of
SSCs. The empirical regression model was performed with average coefficient of
determination and RMSE of 0.78 and + 14.17 in the main River as well as 0.69 and + 18.22

in the tributary Tsirare River respectively.

4.3.3 Double stage Linear Spectral Unmixing Algorithm

To minimize the errors in estimating SSCs from direct use of MODIS imageries we have
developed a new subpixel analysis approach called Double Stage Linear Spectral Unmixing
Analysis (DLSUA). In this case, 1* the pixels’ reflectance was unmixed into rock/bare
cover components and to turbid water reflectance and 2™ the reflectance of the turbid water
from step one was further unmixed into the respective constituents’ reflectance. Once the
daily reflectance values of the turbid water at the simulated station computed from the
mixed pixels of MODIS, the respective Spectral Mixing Coefficients of sediments (SMCs)
were calculated using Eq. 20. Then the SSCs for respective Rivers during for each date of
the images used were computed using the nonlinear relations between the SSCs and SMCs
developed from the laboratory experiment (Eq. 37). To evaluate the performance of the

model the observed and predicted SSCs are plotted below (Fig. 17).
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Fig.17:Scatter plot between predicted SSCs (y axis) and observed SSCs (x axis) of the
Tekeze main River (a) and tributary Tsirare River (b). The predictions were
made based on DLSUA model.

Though the predicted SSCs were not the same with the measured SSCs during each date,
the deviations were in the accepted ranges. In the main River, the model was performed at
an average Relative Mean Square Error (RMSES) of 2.79, 4.42, 10.17 and 4.15 at Band 1 to
Band 4 respectively. In the Tsirare Tributary River, the RMSESs were computed to be 2.97,
19.81, 21.31 and 14.05 at Band 1 to Band 4, respectively. The DLSUA approach estimated
SSCs at the Tekeze main Riverwith average (R* = 0.90 and RMSE+ 5.38) and in the

tributary Tsirare River (R* = 0.76 and RMSE #* 14.54).The research indicated that the

models developed from the Band 1 were performed well than from in the remaining Bands.
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4.4 Integrating LSUA into hydrologic model

4.4.1 Identification and Characterizing spectral signature of ground cover

As in most rural areas, four principal ground cover components (endmeber) were identified
in upper Tekeze basin. The vegetation, bare soil, rock and water bodies were the identified
principal ground cover components (endmembers) in the upper Tekeze basin. The spectral
value of each endmembers under the six bands (2-7) of Landsat 8 acquired at the wet
season of 2016 were presented (Fig.18). As can be seen in Fig.18, the spectral signature of

each endmeber were scattered in the wavelength ranges in between band 4 and band 6.
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Fig.18:Spectral curves of identified endmembers in upper Tekeze basin computed from
Landsat 8 dated on summer 2016 using ENVI 5.1

4.4.2 Mapping spatial abundance of ground covers in upper Tekeze basin
Based on the spectral signature profile (Fig. 18), the spatial abundance of the principal

ground cover components was computed and mapped using ENVI 5.1. The spatial
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abundance of each endmembers (vegetation, bare soil, water bodies and rocky lands)
derived from the satellite image using the LSUA are shown in Fig.19. The overall average

relative mean square error (RMSE) made during the LSUA from Landsat 8 was about 0.12.
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Fig.19: Spatial abundance of bare rock (A), water body (B), bare soil (C) and vegetated
lands (D) in upper Tekeze basin derived from the landsat 8 dated on 11, Sep

2016
The maps show high spatial variability of the endmembers that represents the different

cover conditions in the study area. Higher vegetation cover was found on the steeply lands

and on the flat cultivable lands (Fig. 19). But, the central part of the basin where most
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valleys found was found to be with less vegetation cover. Like the vegetation cover, the
bare soil in the upper Tekeze river basin was higher in majority part of the basin except
around the valleys. The water covers in the basin are the artificial lake of the Tekeze dam
and the Hashenge natural lakes. But, unexpectedly the map for water cover (Fig. 19) seems
there was water throughout the basin. This may be due to the excess moisture in the

basinduring the study period.

After identifying the endmembers in the basin and mapped the spatial distribution of each
of them, we have computed the spatial C-factor values in the basin following Eq. 3 and

presented as in Fig. 19 below.
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Fig.20: Minimum C- factor map produced from Landsat 8 of 2016 using LSUA (A) for
the upper Tekeze basin

The C-factor values for the upper Tekeze basin was mapped (Fig.20) and compared with
the respective C-factor values from field measurement (see appendix).Accordingly, the C-

factor values mapped (Fig.20) illustrated that the C-factor values estimated using LSUA
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was relatively consistent and not significantly deviated from the mean values of the field
measurements suggesting that the range was reasonable. The C-factor in the basin was
found in the range of 0-1 as obvious. Parallel to this, land use/land cover map for the upper
Tekeze basin for the year 2005 were developed from Landsat 7. Accordingly, six land-use
types including forested, shrub, grassed, intensively and moderately cultivated land and
water bodies were identified and mapped (see appendix). The C-factor for each land-use
type were derived from the C-factor map in Fig.20. Accordingly, the C-factor values for the
water bodies, rocky land and forested land were in the range of 0 - 0.25. The C-factor
values for shrub land, grass land and cultivated land were found to be in the range of 0.25 —

0.9.

4.4.3 Integration of LSUA into SWAT and evaluating its performance

The spatial C-factor estimated using LSUA from Landsat images of the study area was
integrated into SWAT supposing that this can improve the sediment yield predictions. The
modification of C-factors was made to an HRU in SWAT which was conventionally
assigned to the corresponding ‘crop.dat’ according to the land use/land cover types. The
conventional determination and assigning of C-factor creates a homogenous C-factor map,
without any spatial variation within a specific land use area. To make use of LSUA remote
sensing C-factor map, the source code in the subroutine for dealing with the C-factor was
modified to assign the corresponding C-factor in the ‘hru.txt’ file for each HRU according
to their HRU ID. Improved source codes were compiled with other original source codes
and a new executable file SWAT2012.exe was generated for further sediment simulation.

The time-series plot of measured and the prediction of daily sediment yields using the
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conventional and modified SWAT at Tekeze hydroelectric dam station during 2004-2009

presented as in Fig.21.
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Fig.21:Time-series plot of measured and predicted monthly sediment yields at Tekeze
hydroelectric dam station during 2004-2009 using the conventional SWAT
and modified SWAT

Table 7: Summary statistics of calibration and uncertainty analysis of sediment yield
prediction using the conventional and modified SWAT

SWAT used Obijective function values

NSE RSR PBIAS R*
Conventional 0.72 0.39 34.2 0.68
SWAT
Modified SWAT 0.84 0.23 10 0.79

The NSE, RSR, PBIAS, and R? between the measured and the simulated sediment using the
conventional SWAT were computed to be 0.72, 0.39, 34.2 and 0.68, respectively. While in
between the measured and the simulated sediment using the modified SWAT were 0.84,
0.23, 10% and 0.79, respectively. The fit between the model sediment predictions using the
modified SWAT and the observed concentrations were improved compared to the

predictions by the conventional SWAT (Fig. 21). The LSUA integrated SWAT computed
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sediment yields for each sub basin and saved its results in the files of ‘output.sub’,
respectively. By dividing these values for the area of a computation unit and its related soil
delivery ratio, it was possible to obtain the soil erosion intensity of the sub-basins in the

upper Tekeze (Fig. 22).
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Fig.22:Sediment yield map developed from predicted sediment yield at each HRU using
the modified SWAT model for the existing conditions in the Upper Tekeze
basin

Sediment yield extent varies from 15 to over 267tha ‘yr *. The sediment yield level in the
basin classified into lower (1020 t ha *yr %), moderate (20-70 t ha *yr %), higher (70-136 t
ha tyr?) and extremely higher (above 136 t ha ‘yr ') categories. This classification was

made according Hurni (1983 and 1985). Hence, lower sediment yield was computed only

from three sub basins including 24, 27 and 28 while the remaining sub basins were
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computed to have moderate and above moderate status of sediment yield. This indicated
that major part of the basin is under intensive soil erosion status. However, emphasis
should be given to relative sediment yield level than the absolute values because the model

was not calibrated and validated at the sub basin outlets due to lack of data.

The variability of monthly sediment yield at the Tekeze dam was also evaluated (Fig.22).
The peak of sediment yield confined with the peak of rainfall in the basin. But it occurred
early before the peak of water yield to the basin. This shows that sediment yield is well

determined by the abundance of rainfall instead of by the water yield.

4.5 Climate and sediment yield variability

4.5.1 Point of changes and trends of rainfall

The variability of climate in the major seasons in the study area including the summer or
wet season (June—August), winter or called dry season (December— February), the autumn
mostly called harvesting season (September — November), and the spring called short rainy
season (March—May) were considered in this study. Before detecting trends and
correlations in between precipitation and sediment yield, the serial correlations existence in
all datasets was tested at seasonal and annual time scales. Results of the trend analyses
(Pettit &MK tests) were used to identify if the time series of annual and seasonal rainfall

had a statistically significant breaking point and trend in the last 30 - 50 years, respectively.

139



Summer season (mm) Automn season

900 ~ 140
500 y= ‘1'f‘f8§’(‘)1“926951'2 y = 0.3729x - 694.45
RE=0. 120 R2=0.0415
700
— _ 100
£ 600 =
E 500 £ 20
':E 400 HE 60
T 300 ©
= 40
200
100 20
0 0
1960 1980 2000 2020 1960 1980 2000 2020
Year Year
Spring Season Winter Season
300 y =-0.5586x+1201.9 40
R?=0.0188 - v =-0.1187x + 245.71
250 R2=0.038
ﬁ 30
E 200 g 25
= 150 = 20
= s
S 100 i 5 1 A
10
50 .
0 0 <L
1960 1980 2000 2020 1960 1980 2000 2020
Year Year

Fig.23: Variability of seasonal rainfall in the upper Tekeze basin

Accordingly, the results from the analysis have depicted that there are no significant trends
in the rainfall of the basin both at annual and seasonal scales. The statistical indices of the
test revealed a tendency of decreasing annual rainfall pattern. At the same time a decreasing
of rainfall was observed in the summer, spring and winter seasons while an increasing of

seasonal rainfall pattern at the autumn was observed in the study area (Fig. 23). However,
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these trends were found to be nonsignificant. The Pettit test was used to identify if there is a
breakpoint in the data series. Similar to the MK test, the statistical analysis of the annual
and seasonal rainfall did not show statistically significant heterogeneity at 5 % significance

level.

4.5.2 Point of change and trend of temperature

The trend of Tmax and Tmin of the years between 1968 - 2017in the upper Tekeze basin at
the annual and seasonal time scale was evaluated using MK test. The graph showing the

trends for seasonal Tmax and Tmin is presented here below (Fig. 24).
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Fig.24: Variability of seasonal average maximum temperature in the upper Tekeze basin
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Fig.25: Variability of seasonal average minimum temperature in the upper Tekeze basin
The results from the analyses of trend on Tmax and Tmin at annual and seasonal time scale
have depicted that there are no significant trends in the temperatureof the basin both at
annual and seasonal scales (Fig. 24 & 25). The statistical indices of the test revealed a
tendency of increasing and decreasing pattern of temperatureduring the considered years
(Fig. 24 & 25). Generally, decreasing in Tmax and an increasing inTmin indicators were
observed in this study. The Pettit test was also used to identify if there is a changing point
in the data series. Accordingly, changing point was not found consistently in both the Tmax

and Tmin of the Tekeze basin.
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4.5.2 Trend of sediment concentration

The homogeneity and trend of sediment concentrations in the upper Tekeze basinin the year
2004 through 2017 simulated using the modified SWAT at the annual and seasonal time
scale were evaluated using Petit and MK tests, respectively. The graphs showing the

homogeneity and trends to each of the seasonal sediment concentration are given below

(Fig. 26).
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Fig.26: The homogeneity and trend of the seasonal sediment concentration in the upper
Tekeze basin under the existing weather condition
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The statistical analysis of both the homogeneity using the Petit test and the trend using the
MK- test were statistically significant at 95 % interval of confidence. As the graphs show
the year at which significant and abrupt change of sediment concentration seen in the basin
is after 2011. The seasonal trend of sediment yield for the time series on 2004 — 2017 for

the upper Tekeze basin is presented in Fig.27.
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Fig. 27:Trend of seasonal sediment yield for the time series on 2004 — 2017 for the

upper Tekeze basin
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4.5.3 Correlation between climate and sediment yield

The variability of the monthly, annual and seasonal average sediment concentration at the
Tekeze hydroelectric dam together with the rainfall and temperature in the basin were
evaluated. Correlation and regression analysis between these sediments and climate
variables were also evaluated. Accordingly, the Pearson correlation between the average
rainfall and sediment concentration values for the spring, summer, autumn and winter
seasons were computed to be 0.39, 0.21, 0.09 and 0.19, respectively. Higher and lower
correlations were found during the spring and winter seasons, respectively. The values for
coefficient of determination (R?) of the linear regression analysis assuming the sediment
concentration as dependent and rainfall as independent variable were 0.02 and 0.03 for

spring and summer, respectively.

4.6 Selecting best sediment management scenarios in upper Tekeze basin

4.6.1 Sediment yield under different management intervention

Based on the inputs, the upper Tekeze basin was delineated in to 29 sub basins and 108
HRUs. The LSUA-SWAT model performed well in simulating the sediment yield at
Tekeze hydroelectric dam. The observed average sediment yield at the outlet of the upper
Tekeze basin (Tekeze hydroelectric dam) was 3.87x10° tyr *. The LSUA-SWAT model
predicted 4.25x10°ton yr * for the existing conditions. The NSE, RSR, PBIAS, and R?
values during the calibration were 0.84, 0.23, 10% and 0.79, respectively. The model was

performed poor in capturing the peak sediment hydrograph (Fig. 20).
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4.6.2 Comparing efficiency of sediment management scenarios
Upper Tekeze basin was found with extreme soil erosion and sediment transportation. The
sediment yield at the upper Tekeze basin was simulated using LSUA-SWAT model under
different sediment management scenarios. The simulation results indicated various
sediment yields for various sediment management scenarios. This variability was seen at
the basin level.

Table 8: The possible percentage (%) of annual sediment yield reductions as the

sediment management types from the Upper Tekeze basin at the outlet of the
Tekeze hydroelectric dam

Scenario Mean Standard Coefficient Minimum Maximum
used reduction  deviation variation (%) reduction reduction
(%) reduction (%) (%) (%)

Scenario 1 27.20 8.21 30.20 11.26 41.50
Scenario 2 28.02 8.12 28.98 12.27 42.16
Scenario 3 38.24 7.90 20.67 18.25 50.70
Scenario 4 29.44 6.12 31.57 21.86 46.24
Scenario 5 9.48 6.89 72.72 0.97 28.36

The simulation of LSUA-SWAT model with different sediment management scenarios
provided different results. The simulation to the introduction of filter strip scenario in to the
upper Tekeze basin reduced the current annual total sediment yield (4.25%10°ton ha™) by
27.20% on average. The simulation of sediment yield with assumption of strip cropping
agricultural systems and stone bund/parallel terracing on non-agricultural land reduced the
annual sediment yield by about 28%. The simulation of sediment yield by introducing stone
bund/parallel terrace in the whole basin was reduced the annual sediment yield by 38.24%.
The stone bund/parallel terracing integrated with reforestation scenario that is constructing

stone bund/parallel terraces on the land below 30% slope and the reforestation on the land
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above 30% slope was capable reducing the current annual sediment yield by 29.44% on
average. Apart from these physical/integration with biological soil and water management
practices, the biological soil and water management (reforestation on none crop land) was
simulated and consequently 9.48% reduction from the current annual sediment yield was

computed.
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CHAPTER FIVE:
DISCUSSIONS

This section holds basically the discussion related to direct and indirect application of linear
spectral unmixing remote sensing technology for estimating sediment in Tekeze River
system. Application of LSUA for direct estimation of suspended sediment concentration
(SSCs) and comparative analysis with empirical remote sensing, integration of LSUA
model with SWAT for mapping sediment yield and application of LSUA integrated SWAT
for evaluating effect of climate on sediment yield and selecting best sediment management

option among scenarios are presented in this section.

5.1 LSUA for modelling suspended sediment concentration

5.1.1 Spectral profiles of water, sediment concentration and correlation

The distilled water was relatively with higher reflectance at the starting of the wavelength
range used (375 — 1075 nm) with continuous decreasing trend. This finding was not
different from previous studies (eg. Zhang et al., 2009; Rottgers et al, 2010; Ma et
al.,2019;) saying pure water has higher reflectance at the blue portion of the visible part of
the spectrum and virtually no reflectance in near infrared wavelengths range and beyond.
Unlike to the spectral properties of the pure water, the reflectance values of the dry
sediments from the Tekeze Rivers were continuously in increasing trend in all sediment
types along the whole wavelength used (325-1075nm). Relatively, higher reflectance values
were found to the sediments from the Tekeze main River than the Tsrare River in the upper

tekeze River basin.
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The spectral signatures of the sediment types were varied based on the colour, grain size
distribution, level of concentrations and wavelength ranges. The reflectance showed an
increasing trend from coarser to finer grain sizes across the wavelength range (325-
1075nm) and relatively highest reflectance magnitude was found from the natural grain size
distribution (Fig. 7 & 8). Moreover, the reflectance was consistently increased as the level
of SSCs increased. In the considered sediment types, overlapping reflectance values were
observed in the wavelength ranging 325 - 450 nm and 950 - 1075 nm. But, an acute and
distinct difference in reflectance values were observed in the wavelength ranging from 450
to 950 nm. This indicate that the possible wavelength range for studing the level of SSC in
upper Tekeze basin is 450-950 nm. But, the peak and clear variability of reflectance due to
sediment types were observed at SW-NIR wavelength ranging from 750 to 950 nm in all
levels of SSCs. This finding is consistent with many studies done in different areas (Novo

et al., 1989; Bharrgava and Mariam, 1992; Doxaran et al., 2003).

The corelation between the SSC variables and reflectance in the Tekeze River was based on
the variabilities of the level of concentration, grain size, and colour types as well as due to
the wavelength variations. In general, reflectance increased as the grain size of the
suspended sediment dropped from sand to clay sediment type and comparatively higher
reflectance was presented in the natural grain size sediment concentrations. This shows that
the mixing of different grain sizes in water can increase the absolute values of reflectance
from the sediment solutions. The same result has been reported by other researchers (e.g.

Doxaran et al., 2003; Chu et al., 2009). This can imply that mixing different sediment grain
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size in water can increase the surface area of the solid sediments in water which has lower

transmission and absorption but higher reflecting optical properties.

The spectral reflectance for all sediment types gradually increased with the wavelength in
the 450 nm to 650-700 nm wavelength range, but progressively decreased with increasing
wavelengths in the 700 to 950 nm wavelength region. Here, the rate of change in
reflectance was not consistent in all sediment types and the whole wavelength. These make
applying reflectance directly for estimating the SSCs difficult. Moreover, despite the higher
reflectance values from the natural grain size distribution, the Pearson correlation between
their level of concentrations and the reflectance were found comparatively very small. This
evidenced that higher reflectance values may not mean a higher concentration of sediment.
Moreover, the strength of correlation between the reflectance and SSCs were also varied
based on the wavelength range used. Relatively higher correlations (Rs>0.7) were found
between reflectance and the SSCs in the wavelength ranging 750-950 nm (Bs) than in the
remaining wavelength ranges. This result was consistent with the studies in Yangtze River
in which near-infrared (NIR) was found to be the best indicator of water turbidity (Wang et

al., 2009b; Wang and Lu. 2010).

Nonlinear regression was found the best fit for the relationship between the reflectance and
sediment concentrations from the upper Tekeze River. This finding was in line with Ritchie
et al. (2003), and Pavelsky and Smith, (2009) that they found a nonlinear relation when the
sediment concentration increased. The daily SSCs occurred in the upper part of the Tekeze
River specifically at the immediate inlets to Tekeze hydroelectric dam were varied from the

lower concentration 2 g/l to higher concentration 68 g/l. Therefore, the correlation between
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SSC and reflectance must be validated before building a reliable model for the remote

sensing of SSCs.

5.1.2 Comparing empirical and LSUA remote sensing models

Relatively more scattered curves were found between the SSCs and respective mixed
reflectance values (Fig. 9) than the curves between SSCs and respective SMCs (Fig. 10).
The more scattered curves from SSCs and respective mixed reflectance values showed that
absence of distinct mixed reflectance values for different sediment concentration. This
means that possibilities of getting different mixed reflectance values for the same level of
SSCs and the viceversa in the River systems are higher. This was attributed to the
variability of the inherent optical properties of the sediment tyepes in the River systems.
This can be potential source of errors in sediment studies if we apply the empirical remote
sensing which does not consider effects from the 10Ps. Unlike the direct use of the mixed
reflectance in the empirical remote sensing approach, applying the SMCs drived from
based on the inherent optical property of each sediment types has minimized the scattering
of the curves due to changes in sediment type. The curves from between the SSCs and
respective SMCs were overlapped one over the other (Fig.10). This implied that the
sensitivity of SMC values to the changes of sediment type in Rivers was found less
compared to the mixed reflectance values. Hence, the accuracy of sediment concentration
studies using remote sensing can be enhanced if the SMCs values are used instead of the

mixed reflectance values.

The exponential equations fitted to the relation between SSCs and reflectance (Eq. 38) and

SSCs and SMCs (Eqg. 39) to the sediment types deposited in the Tekeze and Tsirare Rivers
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were validated using insitu measurements of reflectance and SSCs of turbid flash floods in
the Rivers. During the laboratory experiment, performance indicators of the generated
empirical (R?=0.76, RMSE=+10.87g/l in the main Tekeze River and R?=0.81,
RMSE=+2.65g/l in Tsirare tributary River) and LSUA remote sensing models (R* = 0.92,
RMSE = +0.76 g/l in Tsirare River and R? = 0.91, RMSE = #0.73 in the main Tekeze
River) were not equal. The LSU model (Eq. 39) has fitted better than the empirical model
(Eq.38). Moreover, during the validation of the models using the insitu reflectance of the
turbid flash floods in the Rivers, the model performance indicators of the empirical remote
sensing models previously seen in the laboratory were not achieved. The remote sensing
models have even performed below the accepted ranges. Especially, when the level of
SSCs increased, the estimation using the empirical model was also more deviated from the
observed SSCs of the Rivers. This can evidence to that empirical remote sensing models
developed from the regression analysis between the known SSCs and reflectance is less
accurate and non-universal in simulating SSCs. Such models only work to the site and time
specific predictions of SSCs with reasonable accuracy. But it is limited in its universal
application and may not extend to the full range of conditions present in the River systems.
This indicates that the relation between SSCs and reflectance are sensitive to grain size,
geological colours variabilities of sediment and level of sediment concentration. This
finding is consistent with different investigation in other River systems (E.g. Islam et al.,
2001; Ma and Dai, 2005; Chu et al., 2009; Wang et al., 2009; Wang et al., 2010; Wang and

Lu, 2010).
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Unlike the empirical model, the LSUA model was consitently performed in capturing the
variability of sediment concentration in both Rivers. Hence, the LSU remote sensing-based
simulations of SSCs were well fitted to the measured SSCs than the estimation by the
empirical model. This showed that the LSU method is relatively accurate and less sensitive
to the variability of grain size, colours and level of sediment concentrations. The researches
by Oyama et al. (2007, 2009) on the remote sensing of non-phytoplankton suspended
sediments demonstrated that the spectral mixing modelling approach (R? = 0.96) estimated
non-phytoplankton suspended sediments (1mg/l to 100 mg/l) more accurately than the

traditional empirical model for the same sediment concentrations.

5.1.3 Comparing the empirical and DLSUA models

Unlike the ground remote sensing in the above, the space based remote sensing (using the
sensors in satellite) is the most crucial and cost-effective application of remote sensing
technology. Coarse (temporal, spatial, spectral and radiometric) resolutions of sensors,
intervention of atmospheric conditions, absence of accurate geo-referencing of multi and
hyper spectral images are some of the challenges. These challenges together with multiple
factors affecting reflectance in flowing water kept satellite based remote sensing less

effective technology in sediment monitoring and management practices.

The endmembers (turbid water, rocky and bare lands) in the targeted pixels were
characterised to have different reflectance values and unequal reflectance weight
contribution to the recorded reflectance values (Fig. 18). Many researchers (eg. Liu et al.,
2003; Zhang et al., 2006) have reported the variability within an endmember class (intra-

class variability) and the similarity among endmember classes (inter-class variability) are
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the common endmember variabilities identified. It is because of this, the critical step in
LSUA is selecting the types, numbers and the corresponding spectral signatures of
endmembers (Elmore et al., 2000; Theseira et al., 2003). This difference together with
coarseness of the remote sensing data leads to endmember fraction images that are

physically inaccurate.

To minimize the errors in estimating SSCs using the space based remote sensing (eg.
MODIS imageries), we have developed a new subpixel analysis approach called Double
Stage Linear Spectral UnmixingAnalysis (DLSUA) and its performance were evaluated and
compared with the commonly applied empirical remote sensing approach. The DLSUA
approach was successfully improved the estimation of SSCs at the Tekeze main River (R* =
0.90 and RMSE = +5.38) and its tributary the Tsirare River (R*= 0.76 and RMSE =+14.54)
from that of empirical regression remote sensing model performed at (R =0.78 and RMSE
=+14.17) and (R* = 0.69 and RMSE= +18.22) for the Rivers, respectively. Hence, this
study indicated accurate SSCs quantification by means of space remote sensing depends on

detail analysis of the optical properties of the constituents existed in the mixed pixels.

The DLSUA were successful in managing such variabilities. Near to real SSCs in Tekeze
River were estimated from MODIS surface reflectance using the DLSUA modelling
approach. Compared to the in-situ SSC measurements and direct regression (empirical
model) methods, the DLSUA remote sensing approach was found advantageous. (1)
DLSUA was fewer sites and time-specific, because the independent variable used in the
spectral unmixing model almost significantly varies with SSC concentrations and is less

affected by the other constituents. Therefore, a model can be constructed in advance using a
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controlled experiment in the laboratory or a simulation can be achieved in advance by using
a radiative transfer model of natural waters. (2) It is convenient to combine the bands
information and to control the effect of confounding factors. (3) It was convenient to use

imageries with coarse resolution in small Rivers.

In general, this research presented a methodology to estimate SSCs in Flash floods from
MODIS data. The key to successfully apply the Double Stage Linear Spectral Unmixing
based estimation of SSCs from satellite data is to identify the component/end-member and
optical properties of each component and determining the mixing coefficient of each
component is important. But the following points must be furtherly investigated. (1) For
nonlinear combination of components/end- members in a spectral mixture modelling
approach for a water body. (2) This study ignored factors such as shape, organic substances

and chlorophyll that can affect the optical characteristics of turbid waters.

5.2 Integrating LSUA and hydrologic models

Apart from the direct application of remote sensising as in the above section (5.1) the
LSUA remote sensing approach can be used indirectly for complementing the sediment
yieldmodellingusing the hydrologic models. Remote sensing is potential in monitoring and
preparing input data for hydrologic models. Even we have ground to say no one can think
about applying conceptual or physically distributed hydrologic models without the remote
sensing and GIS technology. The C-factor is one of the required inputs in hydrologic
models for predicting sediment yield. This parameter has been determined commonly using

the field measurement, and remote sensing (eg. land use classification, NDVI and its
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derivatives). But these approaches have multiple drawbacks. Hence, in this research we
have discussed another approach called LSUA and its capability to capture the C—factor
variability in place and time. An effort was also made to change the assignment of C—factor

in to HRUs instead of to land use type units in SWAT.

5.2.1 Characterizing spectral signature and abundance of ground covers
components

As in many studies (eg. Tompkins et al., 1997; Elmore et al., 2000) stated, themost difficult
and may be the key step to successful LSUA is appropriate endmember selection. Selecting
endmembersinvolves identifying both the number and type of endmembers andtheir
corresponding spectral signatures. Too manyendmembers or endmembers that are
spectrally similar lead toendmember fraction images that are physically inaccurate as

judged.

Hence, after continuous field assessment using a portable reflectance measuring tool the
vegetation, bare soil, rock, and water bodies were identified as the principal ground cover
components (endmembers) in the upper Tekeze basin. As in the result section presented,
the spectral values of each endmembers under the six bands (2-7) of Landsat 8 acquired at
the wet season of 2016 were not consistently the same. Especially, the reflectance values
for each of cover types were well separated in the wavelength ranges in between band 4and
band 6. But, in the remaining bandsthe reflectance curves for the different ground cover
types were overlapped. Similar results were found from the onsite reflectance surveyusing

the spectroradiometerfor the same ground cover types (Fig. 28).
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Fig.28: Photo during the field survey of reflectance from different land uses in Upper
Tekeze using the Spectroradiometer. Photo in A and B were examples for bare soil
and vegetation cover types respectively

This finding implied that the bands in Landsat images are not equally applicable for
identifying the ground cover typeson the earth surface. In line with this finding, the
investigations by Assis and Omassa (2007) inPhilippines and Song et al. (2011) in China
have found the band 3- band 5 from the same Landsat image werethesensitive wavelength
ranges for the same ground cover types. The slight deviation of the current study from

literature may be due to reflectance values of cover types are area specific.

Based on the spectral signature profile, the spatial abundance of the principal ground cover
components in the upper Tekeze basin were computed and mapped. The maps showed high
spatial variability of each ground cover types. In general, the vegetation abundance in the
basin is extremely diminished; even the valley bottoms and Riverbanks are highly barned.
The vegetation covers in the study area were mostly limited to the cereal crops grown in the

cultivated land and to the scrambled vegetation on the steeply and inaccessible lands.
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Significant part of the basin was found to be under the cover of rocky which might be
negative for sediment detachment rate. This was evident that unless the land is covered
with rock, water, non-natural vegetation (crop), the soil is remained bare and exposed for

sever soil erosion.

After identifying the cover types/endmembers in the basinand mapped their spatial
distribution using the LSUA, we have computed the spatial C-factor values in the basin.
The C-factor values from the LSUA on selected locations were compared with the C-factor
values on the same location and evaluated if there were significant variation in between.
Accordingly, the C-factor values estimated using LSUA was relatively consistent and not
significantly deviated from the mean values of the field measurements suggesting that the
range was reasonable. But, the C-factor values were significantly varied among and within
land use-types in upper Tekeze basin. The variations were related to the spatial variability
abundance of the principal ground covers in the basin. These tell us that LSUA is effective
in monitoring and mapping the detail variability of C-factor of large geographic areas.
Hence, LSUA can be used to determine C-factor for larger geographic area from coarser
remote sensing images. Other investigators (eg. de Assis and Omasa, 2007; Meusburger et
al., 2010) have also convinced the potential of such spectral unmixing (SU) in determining

C-factor from coarser imageries.

5.2.2 Performance of LSUA integrated SWAT in predicting sediment yield
The finding can be evaluated based on the three-criterion recommended by Van Griensven
et al. (2012). These criterions are fitness to observations, fitness to reality and fitness to

purpose. Fitness to observations refers to the difference between the observed and
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simulated values. Fitness to reality evaluates how well a model represents the physical
process while maintaining parameters within their meaningful range and fitness to purpose
accounts on how well certain watershed characteristics which the model output is needed to
address are taken into consideration. Based on the model fitness to observations criteria
models are considered fit if NSE >0.5 and RSR< 0.7, and if PBIAS is £25% and £55% for
flow and sediment respectively (van Griensven et al., 2012). Moriasi et al. (2007) indicated
NSE between 0 and 1 are generally viewed as acceptable. According to these criterias, the

simulations using the conventional and modified SWAT were under acceptable range.

However, as presented in the above section, C-factor could not be consistent even within
the same land use types. Not only in this research but also many findings from different
areas were in line with this finding (eg. de Assis and Omasa, 2007; Song et al., 2011). But
the conventional determination and assigning of C-factor has been ignored this variability
and considered a homogenous C-factor map without any spatial variation that can be
existed within land use unit types. Consequently, the prediction and mapping of sediment
yield using SWAT and other hydrologic models which used such approach can have many
uncertainties. This problem is critical especially in semi-arid areas like upper Tekeze basin

where vegetation is scarce and land use plan is missed.

Hence, the C-factor estimated using LSUA from Landsat images of the study area was
integrated in to HRU in SWAT which was conventionally assigned to the corresponding
‘crop.dat’ based on the land use/land cover type units. Such approach has advantages of
widening of spatial variability and then improving the accuracy of sediment prediction

using the SWAT. The estimations of sediment yield from the upper Tekeze basin at the
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outlet of Tekeze hydroelectric dam using the conventional SWAT and the modified
(LSUA-SWAT) were compared against the time series daily sediment yield. Not only this,
the performance of the modified SWAT was compared against the performance of previous
studies which used the SWAT. The NSE, RSR, PBIAS, and R? between the measured and
the simulated sediment using the conventional SWAT were computed to be 0.72, 0.39,
34.2% and 0.68, respectively. While in between the measured and the simulation using
LSUA-SWAT (modified) were 0.84, 0.23, 10% and 0.79, respectively. These values
indicate the fit between the model sediment predictions using the modified SWAT and the
observed sediment yield were improved compared to the predictions by the conventional

SWAT.

Many studies predicting sediment yield with the conventional SWAT in Ethiopian River
basins published in international journals were also reviewed (eg. Betrie et al., 2011;
Steenhuis et al., 2009; Setegn et al., 2010; Ayana et al., 2012; Kositsakulchai et al., 2012;
Assegahegn &Zemadim, 2013; Gebremichael et al., 2013; Mamo & Jain, 2013; Ayele et
al., 2017 and ...).According to these literatures, the performance of the conventional
SWAT was found to be in between satisfactory and good status. A study by Yesuf et al.,
(2015) in the Tekeze basin was also found only a satisfactory SWAT
performance.According to Yesuf et al., (2015), the model evaluation statistics suggested
that SWAT was extremely under-predicted the peak sediment loads in both calibration and
validationperiods.The performance of the LSUA integrated SWAT in predicting sediment
yield showed an improvement over the conventional SWAT from previous related studies

in Ethiopia.
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In general, the modified SWAT performed well in capturing the variability of daily
sediment yield compared to the conventional SWAT tested in this study and compare to the
previous studies in the basin and outside the basin. This can realize that the impact of
vegetation and other ground cover components on sediment transport and considering them
appropriately is highly important. Similar to this finding, the critically review by Griensven
et al (2012) to the studies in the Nile River basin which used SWAT for modeling
hydrologic processes summarized that the critical sources of errors in SWAT is the poor

parametrization of vegetation.

The LSUA integrated SWAT computed sediment yields for each sub basin and saved the
results in the files of ‘output.sub’. By dividing these values for the area of a computation
unit and its related soil delivery ratio, it was possible to obtain the soil erosion intensity of
each sub-basin in the upper Tekeze basin. The sediment yield levels in the basin were
classified into lower (10-20 t ha* yr %), moderate (20-70 tha* yr''), higher (70-136
tha 'yr %) and extremely higher (above 136 tha ' yr'!) categories. This classification was
made according Hurni (1983 and 1985). Accordingly, the sediment yields in the upper
Tekeze sub-basins werevaried from 15 to 267tha* yr*. Lower sediment yield was
computed only from three sub basins while the remaining sub basins were computed to
have moderate and above moderate status of sediment yield. This indicated that major part
of the basin is under intensive soil erosion status. The high sediment yield production rate
predicted in the sub-basins may be attributed to the presence of wider bare-land and the
lack of forest cover (especially in the higher sloping lands) intensive and planned

agricultural practices.
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5.3 Trends and correlation between climate change and sediment yield

5.3.1 Trend of climate variables

The variability of climate in the major seasons in the study area including the summer or
wet season (June—August), winter or called dry season (December— February), the autumn
mostly called harvesting season (September — November), and the spring called short rainy
season (March—May) were considered in this study. Results of the trend analyses (MK -
test) were used to identify if the time series of annual and seasonal rainfall had a
statistically significant trend during the last 50 years. Accordingly, the results from the
analysis have depicted that there were no significant trends in the major climate events
(rainfall, maximum and minimum temperature) of the basin both at annual and seasonal
scales. The statistical indices of the test revealed a tendency of decreasing annual rainfall
pattern. At the same time a decreasing of rainfall was observed in the summer, spring and
winter seasons while an increasing of seasonal rainfall pattern at the autumn was observed.
However, these trends have found to be nonsignificant. This findingis consistent with the
finding in literatures (eg. Gebremichael et al., 2017). According to these literatures, though
there is significant increasing and decreasing trend of rainfall in some stations, majority of
the stations in the basin are under non-significant trend of rainfall. Due to data absence, the

current and previous researches have not studied the trend of rainfall in finer time scales.

Like to the rainfall analysis in the above, the MK trend test on the average maximum and
minimum temperatures (Tmax& Tmin) have shown that there are no significant trends in
the basin both at annual and seasonal time scales. But, the statistical indices of the test

revealed a tendency of increasing at annual and seasonal time scale. A decreasing tendency
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has found on the Tmax of the summer season only. This finding is consistent with the
finding in literatures (eg. Gebremichael et al., 2017). According to these literatures, though
there is significant increasing and decreasing trend of temperature in some stations,

mayjority of the stations in the basin are under non-significant trend oftemperature.

5.3.2 Changing point and Trend of sediment yield

The variability of trends of sediment concentrations in the upper Tekeze basin during the
time interval 2004 — 2017 simulated using the modified SWAT at the annual and seasonal
time scale were evaluated using MK test and Petit homogeneity test. This was done at
monthly, seasonal and annual time scale. Hence, the statistical indices and significance
level of the test revealed an abrupt and significant increasing trend of change in sediment
concentration. This was true at the monthly, seasonal and annual time scale. This seems
illogic if one knows the massive soil and water management mobilization in the northern
Ethiopia. But there are researches in line with the current research indicating that still
sediment is higher in the area (eg. Tamene et al., 2006; Guzman et al., 2013; Haregeweyn
et al.,2006, 8 & 15). Consequently, this can be a base to argue for the inefficiency of the

soil and water management practice on mitigating sediment yield in the area.

The Pettit test was also applied to identify if there is a changing point in the data series.
Accordingly, unlike the climate variables, a significant breaking point in the data series of
sediment concentration was found in the monthly, seasonal and annual simulated sediment
concentration. The Petit tests have shown statistically significant breaking points. As the

graphs in the result section (Fig. 25) showed the year at which a significant and abrupt
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change of sediment concentration seen in the basin is after 2011.This may be related to the

before and after the construction of the Tekeze hydroelectric dam (TKs) in the basin.

5.3.3 Correlation between climate and sediment yield

The variability of the monthly, annual and seasonal average sediment concentration at the
Tekezehydroelectric dam together with the rainfall and temperature in the basin were
evaluated. Correlation and regression analysis between these sediment and climate
variables were also made. As the discussion in the above sections indicates, even though
the climate variables (rainfall and temperature) in the study area are under non-
significantincreasing and decreasing trends, the sediment yields were found to be under
significant increasing trends. The correlation showing the associationbetween the sediment
concentrations and the rainfall at annual and seasonal scale was found to be lower. The
values for coefficient of determination (R?) of the linear regression analysis assuming the
sediment concentration as dependent and rainfall as independent variable were not that
much higher. These all findings assure that sediment transportation in the basin is not
control only with increasing and decreasing of rainfall abundance. There are many other
variables of rainfall (eg intensity) computed from finer data resolution that can contribute

more for the variability of sediment transportation.

There are also factors other than the climate which control the extent of the sediment
concentration in the study area. The Petit test for example has shown statistically significant
breaking points on the sediment data series on 2011. As the graphs in the result section
(Fig. 25) showed, the year at which a significant and abrupt change of sediment

concentration seen in the basin is after 2011. This may be related to the before and after the
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construction of the Tekeze hydroelectric dam (TK5) in the basin. Due to the coming of the
Tksthe socioeconomic activities in the area are expected to increase. Consequently, this
might be a reason for land use dynamics and then to the abrupt increasing of sediment
concentration entraining to the dam. The peaks of sediment yield were not exactly confined
with the peak period for water yield in the basin. It occurred early before the peak of water
yield period on the basin. This shows that sediment yield is well determined by the
abundance of rainfall instead of by the water yield. This finding was in line with many
studies (eg. Kantoush &Sumi, 2013).

5.4 Sediment management in Upper Tekeze basin

5.4.1 Sediment yield at Tekeze hydroelectric dam

The LSUA integrated SWAT computed sediment yields for each sub basins in Upper
Tekeze basin. According to the prediction using LSUA integrated SWAT, sediment yield
in upper Tekeze basin varies from 15 to 267tha * yr *.This implied the Tekeze
hydroelectric dam (TK 5) constructed to collect about 9*10°m3of water from 30,390km?
drainage area of upper Tekeze basin for generating 300MW has been facing and will be
continued to face challenges from higher sediment entrainment. Though analyzed from
inadequate data, Aforki (2006) has reported that only 25 years are enough for phasing out
of the dam constructed with huge investment cost. The extreme spatiotemporal instability
of climate and weather (Mengistu and Sorteberg, 2012; Michale and Semu, 2015) and
human induced pressures are resulting rapid transition of naturally vegetated land into

intensively cultivated land (Humphreys et al., 1997). These are the basic causes for
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abundant and variable sediment yield in the basin. This evidenced that the need for more

effective sediment management interventions.

5.4.2 Comparing sediment management scenarios

The simulation of sediment yield with LSUA-SWAT model under different sediment
management scenarios provided different results. These variabilities were both at the sub
basin outlets and at the whole basin’s outlet. Due to lack of observed sediment data at sub
basin level it was impossible to calibrate and validate the model at the sub basins level. So,

the sediment yields at the sub basins were simply based on the simulated results.

The introduction of filter strip scenario in to the upper Tekeze basin reduced the current
annual \total sediment yield (4.25*10°ton ha™) by 27.20% on average. The simulation of
sediment yield with assumption of strip cropping agricultural systems and stone
bund/parallel terracing on nonagricultural land reduced the annual sediment yield by about
28%. This efficiency was consistent with the dominant literature values in different areas
(White and Arnold, 2009). But, some deviation from some other investigations indicating
that filter strip at basin scale is more efficient than the result in this study (Betrie et al.,

2011; Hould-Gosselin et al., 2016).

The simulation of sediment yield with assumption of stone bund/parallel terrace in the
whole basin was reduced the annual sediment yield by 38.24%. The stone bund/parallel
terracing integrated with reforestation scenario that is constructing stone bund/parallel
terraces on the land below 30% slope and the reforestation on the land above 30% slope

was capable in reducing the current annual sediment yield by 29.44% on average. The
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efficiency of stone bunds/parallel terraces on sediment yield reductions were relatively
lower compared to the results in previous investigations (Herweg and Ludi, 1999;
Gebremichael et al., 2005). Herweg and Ludi (1999) reported 72%-100% sediment yield
reductions by stone bunds at plot scale in the Ethiopian and the Eritrean highlands.
Gebremichael et al. (2005) reported 68% reductions of sediment yields by stone bunds at
the field scale in the northern part of Ethiopia. But comparable results were reported at
larger scales (Betrie et al., 2011). Betrie et al. (2011) reported 41% reduction of sediment
yield by the same sediment management practices at basin level of the upper Blue Nile.
Hence, it seems important to note that the scaling effect between a field and large scale is
critical factor in selecting sediment management practices. Moreover, the targeted slope
length reduction (spacing interval of the management measures) is the other factor causing

efficiency variability of stone bund/parallel terracing.

Apart from these physical/integration with biological soil and water management practices,
the sediment yield was simulated assuming the biological soil and water management
(reforestation on none crop land) introduced to the basin and consequently 9.48% reduction
from the current annual sediment yield was computed. This lower efficiency of
reforestation in the upper Tekeze basin could be attributed to the size of the implementation
area we assumed. We only assumed to nonagricultural land in upper Tekeze basin (15.1%).
Hence, it is indicative that most of the sediment yield at the outlet of upper Tekeze basin is
from cultivated land. This result agrees with the previous investigations (Hengsdijk et al.,

2005; Descheemaeker et al., 2006; Betrie et al., 2011).
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CHAPTER SIX:
CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

Recently, space, air and ground-based remote sensing has become a versatile
technology to characterise, map, analyse and model sediment concentration with minimum
cost and reasonable accuracy. The application of remote sensing for monitoring and
modelling sediment concentrations and management mainly focused either on direct
estimation of sediment loads and/or indirectly through parametrizing hydrologic models.
Despite of these potentials, the spatial, temporal and spectral resolutions of most sensors
are too coarse to capture sediment variabilities in River systems. The ground- and space-
based sensors provide mixed reflectance values at a specific area of place (pixel), time and
spectral resolution. The spatial pixel sizes of most remote sensors are often large enough
that numerous disparate substances can contribute to the spectrum measured from a single
pixel. Hence, the accuracy of remote sensing technology in monitoring and modelling
sediment depends on the types of approaches used during the analysis. Conventionally,
classification and regression/correlation analysis of the mixed spectrum in a pixel and\or
reflectance values against a targeted sediment variable has been the approach commonly
used with remote sensing technology for modelling and monitoring purposes. This might
present general knowledge about the targeted variable, but it may not yield any further
insight into the other substances that might also reside within and around the boundaries of
the pixel. Consequently, the desire to extract spectrum of the materials in the mixture, as
well as the proportions in which they appear, is important for numerous tactical scenarios in

which sub-pixel detail is valuable.

Sediment transportation and deposition is a major river basins’ problem causing
irreversible impacts on socio-economic and environmental affairs. It remains the main
challenge of water and energy development efforts in Ethiopia. However, the sediment

transportation rate and its linkage with climate and responses to different sediment
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management scenarios are inadequately studied and documented. This is mainly due to the
cost ineffectiveness and inaccuracies of the conventional sediment monitoring and
modelling campaigns. The decline in the number of stations, data quality and data holding
policy has made sediment data less reliable for use in operational purposes. Even though
Ethiopia is one of the countries with very poor in sediment data, the potential of remote
sensing technology had not been exploited in sediment studies of Rivers. Hence,
introducing better performing remote sensing technology to Ethiopian river systems could
be of crucial importance for improving understanding and decision support systems. The
main hypothesis of this dissertation was that the spectral unmixing (sub-pixel) analysis
approach can enhance the accuracy of coarser remote sensing resources for monitoring the
suspended sediment concentration and improve the sensitivity of hydrologic models in
simulating the response of sediment transport to scenarios of climate change and

management alternatives. After this research the following conclusions have drawen.

+ The essential part for determining SSCs using remote sensing is the modelling
approach that infers SSCs under variable conditions. Results in this study indicated
that the spectral signatures of the SSCs in the Tekeze River were not consistent
across the 325-1075nm wavelength ranges, grain size distribution, geological
colours and level of sediment concentration. The effect of grain size distribution,
geological colours and level of concentration variations in the upper Tekeze River
significantly affected the relationship between SSC and reflectance. These
variations together with the extreme variability of SSCs limited the accuracy and
universality of empirical remote sensing model for simulating the daily sediment
concentrations in the upper Tekeze Rivers. Unlike the empirical remote sensing
model, the linear spectral unmixing analysis (LSUA) remote sensing model was
found to be less sensitive to variation in sediment types. But the model was
sensitive to the level of sediment concentration variability in the rivers. Hence, the
LSUA remote sensing model was found to be relatively accurate and universal in
the River system for simulating the SSCs over the extensive reaches of the upper
Tekeze basin. The LSUA model has estimated SSCs of the Tekeze river from high-
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resolution ground remote sensing data with an average statistical performance of R?
= 0.92, and RMSE = #0.75¢/l in the Tekeze River. In general, this research has
noted that application of remote sensing for monitoring SSCs in river systems
requires detail studies of the inherent optical properties of the constituents in the
turbid water and then selecting appropriate modelling approach that works for
dynamic sediment transport.

The essential part for determining SSCs using space-based remote sensing
technology is managing the spatial and temporal resolution problems of the remote
sensing data. To minimize the errors in estimating SSCs from direct use of spatially
coarse remote sensing data like the Moderate-Resolution Imaging
Spectroradiometer (MODIS) imagery, we have proposed a new subpixel analysis
approach called Double-stage Linear Spectral Unmixing analysis (DLSUA). This
approach was successfully applied in estimating the daily SSCs of the Tekeze River.
The DLSUA model performed better (R* = 0.83 and RMSE +9.96) than the
traditional empirical regression (R* = 0.74 and RMSE +16.2) analysis approach in
quantifying the SSCs from MODIS data. Slight differences in the performance of
the DLSUA model were observed for different spectral bands. The key to properly
use MODIS images for estimating SSCs at temporally heterogeneous and small
Rivers such as the Tekeze River is therefore to identify and consider the inherent
optical properties of the micro and macro components/endmembers.

The direct remote sensing (LSUA and DLSUA) models estimating SSCs from
ground- and space-based remote sensing data can provide general insights about the
quantification of daily SSCs in the river system. This could support the design and
planning of adaptation strategies for dams and reservoirs. But the models are not
informative about identifying the source areas within the basin. The decision
support capability of such models for mitigating the extreme sediment transport in
the River basin is less powerful. Instead, remote sensing has indirect application
potential to study the sediment risk areas and causing factors through paramterizing
the spatially distributed and temporally continuous hydrologic models. The

hydrologic models have multiple advantages over field measurements and direct
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application of remote sensing techniques. At the same time, the models also have
multiple potential delimitations. One of the problems is that since most of these
models are developed in/ for an area that has adequate measurement data for model
parameterization, it becomes challenging to use the models in data-scarce areas.
Hence, these models must integrate appropriately with remote sensing
technologyand field measurement programs.In the Soil and Water Assessment Tool
(SWAT), the parameter recommendations for the vegetation dynamic effects of soil
erosion (C-factor) included in the SWAT database are empirical values from long-
term experiments that may not be applicable everywhere due to differences in
vegetation systems and management practices. The spatial representation of C-
factors has been considered at the land-use unit level and this result in a constant C-
factor value for a large geographic area. Thus, there is an inability to reflect the
effect of spatial variation of vegetation on soil losses. Despite these problems with
SWAT, none of the research in Ethiopia has made internal calibration nor used
other spatially distributed data sources (e.g. remote sensing data). To the best of the
researcher’s knowledge, none of the studies in Ethiopia has used locally adapted
vegetation parameters or considered the specific vegetation dynamics of Ethiopia.
Therefore, modification of the SWAT C-factor is recommended to make this factor
fit observations, reality and the purposes for which the SWAT model is being
applied.

This study evaluated the suitability of the linear spectral unmixing analysis (LSUA)
method to assess the spatial C-factor. The study also tested whether SWAT
performance can be improved by the integration of C-factor estimates using LSUA.
The study estimated minimum C-factor in the upper Tekeze basin using remote
sensing data acquired at the summer season when the plants vigorously grown and
then integrated it into SWAT at the HRU level, not the land use level. In
comparison with the C-factor values originally determined from literatures and
considered in SWAT by land use type, this method increases the spatial variation of
the C-factor values within the same land use, particular in a large area, enabling it to

reflect the real scenarios of heterogeneous vegetation cover in a particular

171



geographical area. The finding in this study implied that the C-factor value could be
determined as a function of the fractional abundance of exposed soil and ground
cover derived using the LSUA technique. This technique was advantageous in
determining the spatial variability of C-factor values within the same land-use types.
This value was successfully integrated into SWAT and then enhanced its sensitivity
in capturing the spatiotemporal variability of sediment concentration in the upper
Tekeze basin. The coefficients including NSE, PBIAS, RSR and R? for sediment
yield were 0.72, 0.39, 34.2 & 0.68, respectively, when the C-factor values were for
the land-use type units of SWAT. When the C-factor was for the HRUs in SWAT,
the corresponding values were 0.84, 0.23, 10, & 0.89. In general, this study implied
that integrating LSUA C-factors into SWAT is appropriate for minimizing costs,
while enabling the computation of local detailed and time-specific C-factors that
fitted observed sediment yields in large basins. The sediment yield risk map based
on the LSUA integrated SWAT illustrated instructive details helpful for prioritized
interventions.

The average rainfall and temperature over the basin have shown neither
significantly increasing nor decreasing trends during the dry season, short rainy
season, and main rainy season and in the annual values of the last four decades. In
contrast, a significant increasing trend in sediment concentration at the Tekeze
hydroelectric dam observed during the last10 years. The results showed that links
between the trends in climate variables considered and the sediment concentration
in the basin is not very strong. This suggests that the change in sediment yield is
influenced by factors other than the climate variables. A weak relationship between
rainfall and sediment concentration leads to the conclusion that the significant
trends in sediment yield could be due to significant changes in catchment
characteristics over time, including change in land use and/or land cover in the
basin. Statistical trend analyses investigated only the trend of the climate variables
and sediment yield data without being able to identify the causes of those trends.
Therefore, further investigations are needed to verify and quantify the sediment

transport changes shown in statistical tests by identifying the physical mechanisms
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behind those changes. Further investigation is also required to analyse the
association between climate variables and sediment at finer time scales.

The LSUA-SWAT model was applied to model spatially distributed soil
erosion/sedimentation processes at daily time steps and to evaluate the impact of
different sediment management scenarios on sediment reductions in the upper
Tekeze River basin. The model showed the best fit to observed sediment yield at the
outlet of the upper Tekeze basin, which is useful information for effective designing
and planning. The simulation results suggested that applying filter strips, stone
bunds/parallel terracing, reforestation and the integration of two of these scenarios
would reduce the current sediment yield to the Tekeze hydroelectric dam. Though
some part of the efficiency variation could be related to the variation of the
implementation area and local topographic condition, most of the variability is
related to the variability of the inherent mitigating potential of the soil and water
management types. The highest efficiency in mitigating excess sediment yield for
the upper Tekeze basin resulted from introducing stone bund/parallel terracing
followed by reforestation. Lower mitigating potential was simulated from
reforestation scenarios alone. Even though the definitive interpretation of the
quantitative results may not be appropriate, this research gives insight into the
variability of the effectiveness of the sediment management types in reducing
sediment transport for sustainable water resources and energy development in the
basin. But such research should be supported with further cost and benefit analysis

of resources to use and the interests of stakeholders.

In summary, the LSUA modelling approach has found with opportunities over the

conventional empirical remote sensing and enhanced the accuracy to estimate the

suspended sediment concentration of the Tekeze Rivers from the ground and space

reflectance data. Moreover, the model was successful in determining the spatially detailed

C-factor and integrated into SWAT for improving the simulation of both the place and time

specific sediment transport, as well as evaluating the impact of climate change and

sediment management alternatives in the Upper Tekeze River basin.
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6.2 Recommendations

Based on the findings of the research the following four recommendations were setted.

1.

Most previous remote sensing-based sediment researches have relied upon
empirical relationships between sediment concentration and reflectance captured by
the remote sensing instrument which is potential to be hampered by the high
turbidity and significant effect of sediment types existed in the Rivers. Hence there
is a need of future researches to focus on understanding the effects of SSC on
optical properties of surface waters so that physically based models can be
developed to improve the predictability with remotely sensed data.

The application of remote sensing for monitoring SSCs in finer and dynamic River
systems need selecting appropriate wavelength and modelling approach working
under dynamic sediment transportation. To successfully apply MODIS images for
estimating SSCs at temporally heterogeneous and small rivers such as Tekeze river
needs first to identify the components/end-members and optical properties of each

component and determining the mixing coefficient after each component.

This study has implied LSUA is appropriate technique of estimating C-factor that
minimize costs, enable to compute spatially detailed and time specific C-factor. The
C-factor computed using LSUA has successfully integrated into SWAT and then
capable estimating reality fitted sediment yield in the basin. The sediment yield risk
map based on the LSUA integrated SWAT illustrated instructive details helpful for
prioritized interventions. Even though the definitive interpretation of the
quantitative sediment results using the LSUA integrated SWAT need further detail
calibration and validation analysis at finer scale and should be supported with
further cost and benefit analysis of resource use of the studied sediment
management types, this research gives insight to the intensity of sediment risk and
variability of effectiveness of the sediment management types in reducing sediment
risk for sustainable water resources and energy development in the basin. The

findings in this study can be base-line information for policymakers to come up
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with timely and site-specific plans and designs to mitigate and/or adapt the extreme

sediment transport in the basin.

The time series sediment in the upper Tekeze basin were found to be under
continuous and significantly increasing trends of sediment concentration though the
climate variables (rainfall and temperature) are under non-significant trends. This
and other indicators present that the reason for continuous and abrupt sediment
transportation trend in the basin is not related to climate variables. Instead, it may be
related to the before and after the construction of the Tekeze hydroelectric dam
(TKS5) in the basin. Due to the coming of the Tk5 the socioeconomic activities in the
area are expected to increase. Consequently, this might be a reason for land use
dynamics and then to the abrupt increasing of sediment concentration entraining to
the dam. Therefore, it is recommendable to have environmentally sound and

sustainable land use plan in the basin.
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APPENDICES I: SUPPORTIVE TABLES AND MAPS USED

Appendix 1: Tekeze main River sediment and reflectance monitoring in laboratory
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2-Jul-17 Trl 61.63 51.75 9.88 0.6 16.47 0.067
3-Jul-17 Tr2 63.31 51.75 11.6 0.6 19.27 0.074
4-Jul-17 Tr3 65.92 51.75 14.2 0.6 23.62 0.086
5-Jul-17 Tr4 63.14 51.75 114 0.6 18.98 0.073
6-Jul-17 Tr5 62.28 51.75 10.5 0.6 17.55 0.069
7-Jul-17 Tr6 64.34 51.75 12.6 0.6 20.98 0.082
8-Jul-17 Tr7 58.95 51.75 7.2 0.6 12 0.062
9-Jul-17 Tr8 60.44 51.75 8.69 0.6 14.49 0.069
10-Jul-17 Tr9 59.9 51.75 8.15 0.6 13.58 0.066
11-Jul-17 Trl0 56.08 51.75 4.33 0.6 7.213 0.047
12-Jul-17 Trll 56 51.75 4.25 0.6 7.087 0.048
13-Jul-17 Trl2 56.32 51.75 4.57 0.6 7.612 0.047
14-Jul-17 Trl3 57.47 51.75 5.72 0.6 9.539 0.057
15-Jul-17 Trl4 57.57 51.75 5.82 0.6 9.708 0.054
16-Jul-17 Trl5 62.06 51.75 10.3 0.6 17.18 0.075
17-Jul-17 Trl6 66.62 51.75 14.9 0.6 24.79 0.088
18-Jul-17 Trl7 65.6 51.75 13.8 0.6 23.08 0.086
19-Jul-17 Trl8 69.06 51.75 17.3 0.6 28.85 0.093
20-Jul-17 Trl9 65.76 51.75 14 0.6 23.35 0.086
21-Jul-17 Tr20 61.1 51.75 9.35 0.6 15.59 0.072
22-Jul-17 Tr21 59.48 51.75 7.73 0.6 12.88 0.064
23-Jul-17 Tr22 59.65 51.75 7.9 0.6 13.17 0.066
24-Jul-17 Tr23 58.98 51.75 7.23 0.6 12.06 0.063
25-Jul-17 Tr24 70.85 51.75 19.1 0.6 31.84 0.097
26-Jul-17 Tr25 66.55 51.75 14.8 0.6 24.67 0.088
27-Jul-17 Tr26 69.17 51.75 17.4 0.6 29.04 0.094
28-Jul-17 Tr27 68.23 51.75 16.5 0.6 27.46 0.092
29-Jul-17 Tr28 73.18 51.75 21.4 0.6 35.72 0.101
30-Jul-17 Tr29 64.48 51.75 12.7 0.6 21.22 0.082
31-Jul-17 Tr30 56.3 51.75 4.55 0.6 7.587 0.046
1-Aug-17 Tr3l 56.73 51.75 4.98 0.6 8.301 0.047
2-Aug-17 Tr32 55.97 51.75 4.22 0.6 7.041 0.045
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3-Aug-17  Tr33 5386 5175 2.11 06 3525 0.021
4-Aug-17  Tr34 6863 5175 16.9 06 2814 0.094
5-Aug-17  Tr35  64.66 5175 12.9 06 2152 0.082
6-Aug-17  Tr36  59.13 5175 7.38 06 123 0.064
7-Aug-17  Tr37 617 51.75 9.95 06 16.59 0.075
8-Aug-17  Tr38 6431 5175 12.6 06 2093 0.081
9-Aug-17  Tr39 8326 5175 315 06 5252 0.098
10-Aug-17  Tr40  66.56 5175 14.8 06 2469 0.086
11-Aug-17  Tral 6229 5175 10.5 06 1757 0.076
12-Aug-17  Trd2 643 51.75 12.6 06 2092 0.082
13-Aug-17  Tr43 6838 5175 16.6 06 27.71 0.092
14-Aug-17  Tr44 6601 5175 14.3 06 2376 0.086
15-Aug-17  Trd5  59.88 5175 8.13 06 1356 0.067
16-Aug-17  Tr46  60.6 51.75 8.85 06 1475 0.068
17-Aug-17  Tra7 5824 5175 6.49 06 1081 0.058
18-Aug-17  Tr48 5839 5175 6.64 06 11.06 0.059
19-Aug-17  Tr49 58986 5175 7236 06 12.06 0.063
20-Aug-17  Tr50 6441 5175 1266 06 211 0.083
21-Aug-17  Tr51 61914 5175 10164 06  16.94 0.074
22-Aug-17  Tr52 63192 5175 11442 06  19.07 0.08
23-Aug-17  Tr53  59.04 5175 7.29 06 1215 0.064
24-Aug-17  Tr54  59.334 5175 7584 06 12.64 0.065
25-Aug-17 ~ Tr55 58152 5175 6.402 06 10.67 0.058
26-Aug-17  Tr56  59.97 5175 8.22 06 137 0.066
27-Aug-17  Tr57 557874 5175 40374 06  6.729 0.041
28-Aug-17  Tr58  56.4048 5175 46548 06  7.758 0.044
29-Aug-17  Tr59 534228 5175 16728 06  2.788 0.012
30-Aug-17  Tré0  56.886  51.75 5136 06 856 0.051
31-Aug-17  Trél  57.846 5175 6.096 06 10.16 0.055
1-Sep-17  Tré2 545796 5175 28296 06 4.716 0.023
2-Sep-17  Tré3  56.1486 5175 43986 06  7.331 0.043
3-Sep-17  Tré4 55632 5175 3882 06 647 0.041
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Appendix 2:Tsirare River sediment and reflectance monitoring in laboratory

@ = = - “— O D
£ g g = . 58 £ 8.tge
S 5 = = £33 £E2 Es O ©E8ms
E o o - S L 2= D SE 8B

O = (o >3 (CRRT]

2-Jul-17 Tsl 60.29 51.75 8.54 0.6 14.23 0.035245
3-Jul-17 Ts2 58.94 51.75 7.19 0.6 11.98 0.027422
4-Jul-17 Ts3 60.31 51.75 8.56 0.6 14.27 0.036291
5-Jul-17 Ts4 61.91 51.75 10.2 0.6 16.93 0.040475
6-Jul-17 Ts5 56.47 51.75 4.72 0.6 7.859 0.025873
7-Jul-17 Ts6 59.08 51.75 7.33 0.6 12.22 0.027988
8-Jul-17 Ts7 59.79 51.75 8.04 0.6 13.4 0.032107
9-Jul-17 Ts8 64.23 51.75 12.5 0.6 20.8 0.04862
10-Jul-17 Ts9 64.65 51.75 12.9 0.6 21.5 0.055027
11-Jul-17 Ts10 63.83 51.75 121 0.6 20.13 0.046484
12-Jul-17 Tsll 66.73 51.75 15 0.6 24.97 0.069978
13-Jul-17 Ts12 69.46 51.75 17.7 0.6 29.52 0.111064
14-Jul-17 Ts13 65.26 51.75 13.5 0.6 2251 0.059299
15-Jul-17 Tsl4 57.77 51.75 6.02 0.6 10.03 0.026572
16-Jul-17 Ts15 59.37 51.75 7.62 0.6 12.7 0.028555
17-Jul-17 Ts16 60.55 51.75 8.8 0.6 14.66 0.037337
18-Jul-17 Tsl7 61.05 51.75 9.3 0.6 155 0.038383
19-Jul-17 Ts18 85.83 51.75 34.1 0.6 56.81 0.137183
20-Jul-17 Ts19 9291 51.75 41.2 0.6 68.6 0.15102
21-Jul-17 Ts20 88.27 51.75 36.5 0.6 60.87 0.138102
22-Jul-17 Ts21 88.7 51.75 37 0.6 61.59 0.1423
23-Jul-17 Ts22 68.99 51.75 17.2 0.6 28.74 0.105928
24-Jul-17 Ts23 69.78 51.75 18 0.6 30.05 0.121222
25-Jul-17 Ts24 70.49 51.75 18.7 0.6 31.24 0.119585
26-Jul-17 Ts25 67.67 51.75 15.9 0.6 26.54 0.095656
27-Jul-17 Ts26 67.29 51.75 155 0.6 25.9 0.085385
28-Jul-17 Ts27 67.08 51.75 15.3 0.6 25.55 0.080249
29-Jul-17 Ts28 64.24 51.75 12.5 0.6 20.82 0.050755
30-Jul-17 Ts29 65.32 51.75 13.6 0.6 22.62 0.059434
31-Jul-17 Ts30 64.84 51.75 13.1 0.6 21.82 0.057163
1-Aug-17 Ts31 57.88 51.75 6.13 0.6 10.21 0.026855
2-Aug-17 Ts32 54.27 51.75 2.52 0.6 24.15 0.069706
3-Aug-17 Ts33 56.22 51.75 4.47 0.6 24.45 0.064842
4-Aug-17 Ts34 53.5 51.75 1.75 0.6 18.51 0.047348
5-Aug-17 Ts35 54.35 51.75 2.6 0.6 26.25 0.090521
6-Aug-17 Ts36 54.49 51.75 2.74 0.6 28.48 0.100792
7-Aug-17 Ts37 53.67 51.75 1.92 0.6 10.43 0.027139
8-Aug-17 Ts38 53.26 51.75 1.51 0.6 13.46 0.033153
9-Aug-17 Ts39 54.91 51.75 3.16 0.6 39.83 0.116264
10-Aug-17 Ts40 54.92 51.75 3.17 0.6 18.35 0.043576
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11-Aug-17 Ts4l 53.05 51.75 1.3 0.6 18.41 0.042212
12-Aug-17 Ts42 53.52 51.75 1.7 0.6 22.96 0.06457
13-Aug-17 Ts43 54.1 51.75 2.35 0.6 21.03 0.052891
14-Aug-17 Ts44 55.01 51.75 3.26 0.6 25.1 0.075113
15-Aug-17 Ts45 54,91 51.75 3.16 0.6 15.8 0.039429
16-Aug-17 Ts46 54.67 51.75 2.92 0.6 12.64 0.028271
17-Aug-17 Ts47 55.38 51.75 3.63 0.6 13.22 0.028838
18-Aug-17 Ts48 55.25 51.75 3.5 0.6 16.94 0.041521
19-Aug-17 Ts49 54.8 51.75 3.05 0.6 18.07 0.043407
20-Aug-17 Ts50 55.47 51.75 3.72 0.6 14.15 0.034199
21-Aug-17 Ts51 55.82 51.75 4.07 0.6 12.15 0.027705
22-Aug-17 Tsh2 59.742 51.75 7.992 0.6 13.32 0.035873
23-Aug-17 Ts53 54.4548 51.75 2.7048 0.6 4.508 0.025873
24-Aug-17 Ts54  55.6566 51.75 3.9066 0.6 6.511 0.025873
25-Aug-17 Tsb55 53.9796 51.75 2.2296 0.6 3.716 0.024873
26-Aug-17 Ts56 54,5772 51.75 2.8272 0.6 4,712 0.025873
27-Aug-17 Ts57 54,7602 51.75 3.0102 0.6 5.017 0.026873
28-Aug-17 Ts58 55.869 51.75 4.119 0.6 6.865 0.025705
29-Aug-17 Ts59 54.129 51.75 2.379 0.6 3.965 0.020873
30-Aug-17 Ts60  56.9154 51.75 5.1654 0.6 8.609 0.026289
31-Aug-17 Ts6l  54.9864 51.75 3.2364 0.6 5.394 0.024873
1-Sep-17 Ts62  53.8422 51.75 2.0922 0.6 3.487 0.01479
2-Sep-17 Ts63  53.7024 51.75 1.9524 0.6 3.254 0.013739
3-Sep-17 Ts64  53.2626 51.75 1.5126 0.6 2.521 0. 012739
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Appendix 3: The reflectance values used for identification of ground cover components and
their spatial abundance

Cover type Band Basic Stats
Min Max Mean St. dev.
Bare soil Band 1 0.102 0.209 0.1308 0.022
Band 2 0.101 0.266 0.1442 0.033
Band 3 0.096 0.31 0.1546 0.039
Band 4 0.148 0.402 0.232 0.049
Band 5 0.141 0.438 0.2455 0.047
Band 6 0.104 0.327 0.183 0.035
Rocky Band 1 0.108 0.16 0.1313 0.013
Band 2 0.091 0.156 0.1203 0.016
Band 3 0.078 0.154 0.1127 0.019
Band 4 0.148 0.252 0.1964 0.023
Band 5 0.088 0.192 0.1319 0.023
Band 6 0.058 0.137 0.0935 0.019
Vegetation Band 1 -0.11 0.088 0.0608 0.055
Band 2 -0.11 0.102 0.0691 0.055
Band 3 0.052 0.084 0.0594 0.004
Band 4 0.216 0.517 0.3761 0.059
Band 5 0.114 0.176 0.1383 0.012
Band 6 0.053 0.087 0.0654 0.005
Water Band 1 0.072 0.087 0.0832 0.003
Band 2 0.063 0.084 0.0686 0.005
Band 3 0.042 0.063 0.0483 0.007
Band 4 0.025 0.184 0.0757 0.073
Band 5 0.012 0.111 0.0438 0.045
Band 6 0.008 0.061 0.0256 0.024
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Appendix 4: C- factor values for different land uses in Tekeze basin for the year 2016
summer from field measurement

ID Land use type Minimum C- Maximum C- Mean C- St. Dev. CV
factor factor factor (%)
1 Forest land 0.13 0.25 0.14 0.03 111
4
2 Grass land 0.14 0.71 0.43 0.02 14.6
5
3 Cultivated 0.27 1.00 0.64 0.04 17.2
land 5
4 Shrub land 0.15 0.45 0.4 0.02 15.2
5
Appendix 5:Description of spatial model input data for the upper Tekeze basin
Input Resolution  Sources Classification Area (%)
DEM 30m SRTM 0-10% slope 13.41
10-15%slope 10.41
15-30% slope 28.14
30-45%slope 20.73
>45%slope 27.30
Landsat 15m USGS Deciduous and ever green forested area 0.10
images Agricultural Land-Close-grown: 27.87
Pasture: naturally occurring grazing lands, a hilly slope  10.59
with scattered shrub were grouped here
Range brush: Lands characterized by xerophytic 4.41
vegetative type, shrub and
Agricultural Land-Generic 57.00
Water bodies which include wetlands and open water 0.04
Soil type  10km FAO and Ach (Orthic acrisols) 0.38
EMoWIE ARh (Cambic arenosols) 4.45
CMd (Dystric cambisols) 1.62
CMe (Eutric cambisol) 40.64
CMv (Vertic cambisols) 1.89
FLe (Eutric fluvisols) 0.11
LPe (Leptosols) 13.22
LVx (Cromic luvisols) 12.65
NTr (Dystric nitosols) 13.3
PHh (Calcic xerosols) 6.05
RGe (Eutric regosols) 4.15
VRe (Cromic vertisols) 1.51
WRe (Unclassified) 0.02

Weather 13 stations MoWIE

data

and CFSR

Daily precipitation, maximum
temperature, relative humidity, solar radiation and

wind speed

and

minimum

212



Appendix 6: Daily sediment hydrograph at Tekeze Hydroelectric dam during the years
2004 — 2006 (Calibration of SWAT)
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Appendix 7: Calibration and validation parameter of SWAT

Parameter Name Description Fitted
Value

PRF Peak rate adjustment factor for sediment routing in the  2.000
main channel

ADJ_ PKR Peak rate adjustment factor for sediment routing in the  2.000
sub-basin (tributary channels)

SPCON.bsn Linear re-entrainment parameter for channel sediment  0.010
routing

SPEXP.bsn Exponent of re-entrainment parameter for channel 0.540
sediment routing

USLE_P.mgt USLE support practice factor 0.239

PSP.bsn Sediment routing factor in main channel 0.030

USLE_C{forested Minimum USLE C-factor for water erosion 0.153

land cove}plant.dat applicable to the land cover/plant

USLE_C{Crop Minimum USLE C-factor for water erosion applicable  0.333

land}plant.dat to the land cover/plant

USLE_C{6}plant.dat Minimum USLE C-factor for water erosion applicable  0.140
to the land cover/plant

USLE_C{12}plant.dat Minimum USLE C-factor for water erosion applicable = 0.511
to the land cover/plant

USLE_C{16}plant.dat Minimum USLE C-factor for water erosion applicable  0.405
to the land cover/plant

USLE_C{water Minimum USLE C-factor for water erosion applicable  0.000

bodies}plant.dat to the land cover/plant

CH_S2.rte Average slope of main channel 0.450

CH_N2.rte Manning’s 'n’ value for main channel 0.254

CH_K2.rte Channel effective hydraulic conductivity 274.995

CH_COVl1.rte Channel erodibility factor 0.048

CH_COV2.rte Channel cover factor 0.650
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Flash floads are the highest sediment transporting agent, but are inaccessible for in situ sampling and
have rarely been analyzed by remote sensing technology, Lab v and field experi were done 1o
develop linear spectral unmixing (1SU) remote ing modcl and evaly its performance in simulating
IhwﬂMMMM:‘m(S&QmMMMMWWMm
uous i 1g in the lab y and the onsite spectral signature of river bed sediment deposits and
ll.:dllhndsmlhrﬁlrzrkmﬂmmnin!ay the Tsirare Rives, The Pearson correlation coefficient
was used to determine the variability of correlations between reflectance and SSCx. The coeflicient of
determination (R2) and root mean square of error (RMSE) were used to evaluate the performance of the
generated models. The results found that the Pearson correlation coefficient between SSCs and reflec-
tance varied based on the level of the SSCs, geological colors, and grain sizes. The performance of the LSU
model and empirical remote sensing approaches were computed to be R2 — 092, and RMSE - +0.76 g/l
in the Tsirare River and R2 — 091, and RMSE - +0.73 g/l in the Tekeze River and R2 - 081,
RMSE - 4265 g/l in the Tsirare river and R2 — 0.76, RMSE - + 1087 g/l in the Tekeze River, respectively.

Hence, the LSU app h of

g was found to be relatively accurate in monstoring and
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1. Introduction

Sediment transport is the biggest challenge for operation and
design of hydraulic infrastructures, and is among the environ-
mental processes that vary spatiotemporally. The variability is
related to the driving forces induding chimate variability (Halle &
Rientjes, 2015; Wagena et al, 2016), land use change (Amsalu
et al, 2007; Humi et al, 2005), and topography (Tamene et al,
2006). Even though most Ethiopian river basins are among the
international rivers with higher and variable sediment concentra-
tions, the monitoring locations in the basins are very scarce and the
cost is infeasible when using traditional sampling techniques. It is
very difficult to get adequate and continuous sediment data for
most rivers, Hence, researchers in Ethiopla are searching easily
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applicable and cost feasible techniques of monitoring sediment
load. Some researchers have proposed empirical sediment rating
curves developed by relating the sediment load with water
discharge (Moges et al, 2016; Tamene et al, 2006). Other in-
vestigators proposed different physically based, semi-distributed,
and time continuous hydrological models (Defersha et al, 2012;
Haregeweyn & Yohannes, 2003; Maalim et al, 2013; Masoumeh
& Mehdi, 2012; Melesse et al, 2011; Mohammed et al, 2004;
Setegn et al, 2011). However, applying hydrological models is
challenging and they estimate inaccurately because of two reasons,
First, these models were oniginally developed for areas that have
large amounts of data, unlike most Ethiopian river basins that have
insufficient data. Second, they are designed for regions with
temperate chimates where the runoff mechanisms are governed by
infiltration excess whereas most Ethiopian basins yield saturation
excess runoff (Bayabil et al, 2010; Steenhuis et al, 2009; Tilahun
et al, 2013).
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Appendix 9: Article 2

Double-stage linear spectral unmixing
analysis for improving accuracy of sediment
concentration estimation from MODIS
data: the case of Tekeze River, Ethiopia

Hagos Gebreslassie Gebru, Assefa
M. Melesse & Azage Gebreyohannes
Gebremariam
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