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SUMMARY 

The available water resources information must be quantitatively considered with 

detailed hydrological processes for efficient water resources planning and management of 

a catchment. Although the primary source is surface water, most of the studies in the 

Middle-East region focus on groundwater. So, modelling the water cycle (e.g. rainfall-

runoff modelling processes) in a catchment was not attentively in these studies. The 

changes in the hydrological cycle due to climate change could worsen the availability of 

water resources. The global projections regarding climate change have predicted an 

increase in drought and flood events. This investigation presents hydrological modelling 

and integrated water resources management in the Wadi Shueib catchment area, Jordon. 

One of the issues related to the catchment study is the periodic occurrence of drought, 

besides soil erosion and its deposition into the dam, coupled with increased water 

demands due to increased population and decreased irrigation capacity of the agricultural 

area. A total of six main components are addressed in this research: (i) The hydrological 

parameters and streamflow have been studied using four digital elevation models 

extracted through numerous platforms. (ii) Coupled Remote sensing data and water level 

observations for reservoir sustainability. (iii) Investigated the historical and future trend 

of precipitation data from five gauge stations using the Mann-Kendall (MK) test and 

Innovation Trend Analysis (ITA) and predicted the future using the ARIMA model. (iv) 

The hydrological model has been developed using SWAT to model and develop the 

area's streamflow. (v) Sl. No. (ii) and (iii) were used as inputs to determine the impact on 

drought conditions in the area. (vi) Experimental investigation by utilizing various 

vegetative covers under laboratory conditions to model the soil and water conservation 
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processes. Various techniques such as trend analysis, wavelet analysis, and cross wavelet 

analysis are applied to evaluate the effects, with the ensemble, and fuzzy models are 

developed. In hydrological parameters and streamflow modelling, the ASTER GeoDEM 

shows the closest match to other DEMs in both the study areas. So this data was used as 

input for the streamflow modelling in the Wadi Shueib watershed. The precipitation trend 

using ITA detects a better trend than the MK test. Later, the SWAT model was 

parameterized, calibrated, and validated using observed streamflow data in the study area. 

The future streamflow was predicted up to 2030 using the calibrated model. The analysis 

of the historical data shows a decreasing trend in the Wadi Shueib catchment as there is a 

decreasing trend in inflow, causing water deficiency and increasing water stress. It was 

observed that maximum water defect is expected to occur ~ -0.7 m3/s from 2020 

onwards. The water management practices using wheat straw cover gave interesting 

results to protect the land by reducing soil erosion and increasing infiltration. This 

technique can be used on the high soil erodible area in the watershed, reducing the 

sediment transport into the reservoir. Utilization of agricultural refuse is also another 

benefit from the practices. 
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Chapter 1: Introduction 

 

1.1 Background 

The present century has witnessed rapid expansion in human society and competition for 

water, quantitatively and qualitatively. Due to this, there is a rapid increase in the demand 

for natural water resources worldwide. Currently, water security is the main challenge, 

which takes various aspects of water supply, and environmental conservation. Usually, 

developing countries are the most affected by water stress and scarcity due to already 

limited freshwater availability in these countries and the lack of infrastructure to utilize 

these available resources. 

The United Nations have defined water stress and water scarcity terms based on 

freshwater availability for different uses, where the portion capacity per person per year 

lies under 1700 m³ and 1000 m³, respectively (Falkenmark, 1989). Most of the countries 

located in arid to semi-arid regions suffer critically due to water scarcity. The water 

availability under 500 m³/capita/yr is defined as absolute water scarcity. United Nation’s 

Development Programme (UNDP, 2006) estimated that approximately one billion people 

worldwide suffer from water stress caused by a deficiency in water resources. Besides, 

more than 500 million people live in the threatened zone, as their surface-water resources 

have been exploited beyond sustainable limits (CAWMA, 2007). Fig.  1.1 illustrates the 

regions and freshwater availability and indicates that the Middle East and North African 

countries are the most affected due to water scarcity. 
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Fig.  1.1 Areas with freshwater scarcity worldwide  

 

Climate change is an important phenomenon that has been taking place slowly but 

consistently over the years. It causes variation in hydrological, climatological, and 

meteorological parameters across the globe (IPCC 2007). As per the Intergovernmental 

Panel on Climatic Change (IPCC), the global mean surface temperature has increased by 

0.6 ± 0.2 oC since 1861. A further increase of 2 to 4 oC is expected over the next 100 

years, increasing the incidences of drought and its trend (Griggs and Noguer 2002; 

Alexander et al., 2006; IPCC 2007). Drought is one of the most critical global issues 

countries face, especially in arid to semi-arid regions.  

Besides, precipitation is an important meteorological parameter, which is 

considered the principal source of water in many places on the earth, thus being utilized 

for various human activities such as agriculture, industry (Sun et al., 2018). The 
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precipitation is a crucial parameter in several hydrologic and flood risk models (e.g., 

Bellu et al., 2016; Terêncio et al., 2018), making it an essential parameter of interest. 

Precipitation is characterized by two aspects, namely, duration and intensity. Alteration in 

any of these two aspects can cause a severe natural hazard (Gong and Wang, 2006; Sun 

and Kim, 2016), such as floods and droughts. One of the powerful implications of climate 

change on precipitation is altering precipitation's time, quantity, and intensity in any area. 

Hence, there is a need to analyze its changing pattern over time, based on historical data 

and forecast it for early preparedness especially, in water-stressed areas. 

Jordan is considered the second poorest country globally regarding freshwater 

availability and its resources, as it is facing severe issues due to water stress and scarcity. 

The population of Jordon is also rapidly increasing, mainly due to political conflicts and 

the influx of refugees. This increase in the population decreased annual water portions 

per capita from 3600 m3 in 1946 to only 145 m3 in recent years (RWC, 2009). Jordan has 

a unique topographic and climatic condition, where the rainfall is distributed according to 

land topography. The high altitude lands of Jordan receive a considerable amount of rain 

that varies between 200 to more than 600 mm/year and is considered the principal source 

of surface and groundwater recharge. The rest of the areas lie below 200 mm/year, and 

the long term average rainfall in Jordan is ~95 mm/year (1963-2002). 

These fluctuations in precipitation amount over time results in drought or 

drought-like conditions in some areas of Jordan (Al-Masaeid, 2010). Riepl (2013) 

concluded a decrease in precipitation in 67% of data recorded in Jordan valley, and the 

annual rainfall was below 200 mm. Wadi Shueib region in Jordan urgently needs water 

management due to the simultaneous intersection of increasing municipal, industrial, and 
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agricultural demand. In contrast, springs, a source of water supply, are already water 

deficit and also polluted. These conditions are only expected to worsen with a rapid 

increase in population (Riepl, 2013).  

The Wadi Shueib catchment area is located in North-western Jordan, with an 

approximate drainage area of 180 km2; The Wadi Shueib dam is the most crucial for 

irrigating the agriculture fields in Jordan valley. Besides, the behaviour of hydrological 

processes of the catchment produces periodic water scarcity and drought events. This 

work quantifies future precipitation scenarios based on the different frameworks for an 

overview of water resource conditions in the area. However, as precipitation is the 

lifeblood of the whole mechanism in the catchment (e.g., overland flow, groundwater 

recharge, erosion, and drought), this research will answer further water management and 

decision making.  

1.2 Motivation for Research 

Due to the critical situation of Jordan's water resources, some surface water modelling 

and surface water management studies have been conducted to improve freshwater yield 

while reducing the impact of overland flow and reservoir sedimentation. Earlier studies 

have given more attention to groundwater and a few on surface-water and runoff 

processes modelling. The present research is an output of an analysis of the hydrological 

processes of the Wadi Shueib catchment area.  The study's main objective is to draw 

general conclusions on the factors of streamflow generation and management practices in 

arid to semi-arid regions. Usually, region-scale models under different cases and 

situations are helpful for water management strategies.  
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1.3 Thesis Outline 

The thesis is organized as follows: 

Chapter 1: This chapter gives a brief description and background of the current 

situation of water availability in the world. Besides, it also discusses the research 

motivations to address the water stress in Jordan. 

Chapter 2: This chapter discusses previous studies on the impact of spatial resolution 

on hydrological parameters. A more comprehensive technique to monitor water capacity 

in the reservoir and the trend analysis and climatic forecast are also discussed. Moreover, 

previous studies related to hydrological modelling and drought management are 

summarized here. Finally, the studies related to soil erosion mechanism and its 

management are also discussed. 

Chapter 3: This chapter represents a brief description and overview of the Wadi 

Shueib catchment. The climatic, meteorological, and hydrological conditions of the study 

sites are discussed. Besides that, the data collection for this research and a brief 

description of the methodology are also discussed. 

Chapter 4: This chapter analyzes, compares, and models the various digital elevation 

models (DEM). Simple statistical analyses have been applied to compare DEM sources 

with high-resolution DTM from aerial photography. Later, the ensemble neural network 

model was used to carry out DEM corrections with minimum error compared with the 

available DEM.  

Chapter 5: This chapter contains the integration of the remote sensing data with 

reservoir operations for its monitoring. The satellite images were used along with 
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reservoir water level to produce bathymetry of Wadi Shuieb dam, and sediment 

deposition over the time was estimated by validating using two different reservoirs. 

Chapter 6: In this chapter, the trend analysis and forecasting methods were carried out 

using time series records of precipitation data. Two trend analysis methods, Mann-

Kendall and innovative trend analysis methods, were carried out and compared to find the 

best way to detect the trend. The Autoregressive Integrated Moving Average (ARIMA) 

model was used to predict future precipitation.  

Chapter 7: This chapter describes watershed modelling using the SWAT model. The 

procedure for SWAT model calibration and validation is described for simulating 

streamflow at the watershed outlet. A forecasting technique is also illustrated to predict 

the trend of water deficit in the area.  

Chapter 8: This chapter proposes a hybrid drought index by integrating 

meteorological, hydrological, and soil moisture derived drought indices. The application 

of fuzzy-AHP and entropy weight methods have been described to work out the 

weightage for the three variables chosen. The purpose of developing the hybrid drought 

index is to capture the drought trend in the area  

Chapter 9: This chapter describes building an experimental laboratory-scale model 

for analyzing the interactions between rainfall, overland flow, soil erosion, infiltration, 

and its behaviour with different land use. An efficient soil cover is proposed to reduce 

soil erosion and thus improve the dam's useful life and efficiency.   

Chapter 10: This chapter draws a general conclusion concerning watershed 

management and practices in the Wadi Shueib. It also provides an overview of the 

potential applicability of the developed model and any further investigations possible. 
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Chapter 2: Literature Review 

2.1 Introduction 

This chapter summarizes the previous studies related to different methods and techniques 

to achieve the objectives. It was described in the last chapter that this work is composed 

of various aspects, for example, topographic analysis, hydrological parameters, reservoir 

operations, and soil erosion management for the most effective utilization of the water 

resources.  

This chapter is divided into six sections as follows:  

1. Hydrological and topographic analysis based on digital elevation models 

2. Reservoir sediment deposition based on remote sensing platforms 

3. Trend analysis  

4. Hydrological modelling based on SWAT model 

5. Drought analysis based on meteorological, hydrological, and agricultural 

information  

6. Soil erosion analysis based on experimental studies 

2.2 Hydrological and topographic analysis based on digital elevation models 

The availability of remote sensing techniques to compute the digital elevation models 

(DEMs) makes the spatial terrain easy to extract and calculate. Numerous studies have 

documented the impact of errors in topographic data collection using different 

techniques.  

There are different methods to generate DEM; e.g., interferometry (Kervyn, 

2001), the photogrammetric method using stereo pairs aerial photographs (Schenk, 1996; 

Hohle, 2009), land survey and contour maps (Wilson and Gallant, 2000; Taud et al., 
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1999), and laser scanned imagery (Favey et al., 2003). DEM is subject to various 

distortion, for example, gross error while gathering the data (Rodgriguez et al., 2006), 

lack of stereo photos orientation (Mukherjee et al., 2011), and a combination of human, 

instrument, and climatic errors which neither can be estimated nor neglected. In contrast, 

these geographical errors depend on topographical characteristics (Holmes et al., 2000). 

Moreover, the spatial resolution of DEM and interpolation methods play an essential role 

in the accuracy of DEM.  

Aerial photos have been used in the studies for more than half a century due to 

high accuracy in DTM resolution and ortho-photo when the sky is clear, or cloud cover is 

minimum (Lucas et al., 2002). The aerial photographs are available in the multi-spectral 

format as panchromatic, true colour, and infrared (Avery and Berlin, 1992). The Global 

Positioning System (GPS) with aerial photos was used in many cases to improve the 

accuracy and reduce the time for field surveys (Eugene, 2005).  

Most hydrological parameters, such as slope, flow-direction, drainage network, 

watershed, can be extracted using DEM (Garbrecht. and Martz, 1999). Many factors 

affect DEM accuracy, which also affects its derivatives, such as the spatial resolution, 

vertical precision, and DEM source are the most important among these factors 

(Thompson et al., 2001). The DEM has been used in different fields, such as modelling 

and predicting environmental, geomorphological, and hydrological areas, where accuracy 

plays a significant role in spatial distribution (Thompson et al., 2001). Vaze et al., 2010 

studied the accuracy of DEM, and they found that the DEM from different sources 

generates absolute errors in hydrological parameters within the watershed area. The DEM 

and other topography parameters such as slope gradients, slope aspects, and drainage 
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density affect the hydrological modelling output and applications (Vaze et al., 2010). 

Some researchers reported that the DEM quality and resolution affect the derived 

hydrological parameters (features) (e.g., Kenward et al., 2000). 

Generating a quality DEM that covers a vast area is difficult due to the difficulty 

in the generation process. There are many open-source DEMs available with various 

spatial resolution, e.g., SRTM (1-arc second, and 3-arc second with global cover), 

ASTER GDEM (30 meters), GTOPO 30 (30 arc second), and others with low resolution 

(Di Luzio et al., 2005; Kiamehr and Sjoberg, 2005; Frey and Paul, 2012).  The global and 

regional studies can be studied and represented using low-resolution DEM, while the 

main factor for these applications depends on the vertical accuracy (Dragut and Eisank, 

2011). Numerous studies have been carried out to evaluate the vertical accuracy of DEM 

(Hirano et al., 2003; Bourgine and Baghdadi, 2005; Frey and Paul, 2012; Zhou et al., 

2012).  

Due to DEM uncertainties, different studies have estimated these errors 

(Thompson et al., 2001; Heritage et al., 2009; Spaete et al., 2011). The earlier studies 

assessed that the DEM error is uniformly distributed on the entire DEM. For that, basic 

statistics (root mean square error (RMSE) or standard deviation) were used to estimate 

the DEM error using truth ground points (Brasington et al., 2000, 2003). Lane et al. 

(2003) used two different terrain lands (wet and dry lands) to improve the basic statistical 

methods by applying non-uniform error. Due to the uneven topographical shape of the 

earth, the uniform error calculation methods outcomes over and under-estimated in flat 

and sloped areas, respectively (Bangen et al., 2016). The DEM errors and uncertainties 

estimation are recently focused on using machine learning techniques and modelling 
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empirical, morphometric, regression, and fuzzy theory (Erdogan, 2010; Sofia et al., 

2013). 

2.3 Reservoir sediment deposition based on remote sensing data 

The estimation of reservoir sediment deposition was carried out by researchers based on 

empirical and remote sensing methods. This task cannot be achieved using soil erosion 

models due to sediment transport and surface flow complexities. The increasing demand 

for freshwater has opened the gate to scientists. They have started to monitor the 

available water at the spatial and temporal scale of reservoirs through hydrological 

observations (Alsdorf, 2007). Water resources management and planning are essential for 

countries with water scarcity to secure water to meet various demands (e.g., drinking, 

irrigation, domestic use, livestock watering). To monitor the water levels of rivers, 

oceans, many satellites data are available presently, e.g., National reference point of 

water level, SARAL-AltiKa, radar altimetry, Hydrologie par altimétrie spatiale, Global 

Monitoring for Environment and Security (GMES), Envisat/RA-2. Several studies were 

conducted to find the water level using different satellite images (Maillard et al., 2015; 

Jiang et al., 2017). 

Space born radar altimetry is widely used to study and monitor surface water 

levels (Song et al., 2015; Crétaux et al., 2016). It has become a helpful tool as a data 

source for monitoring the variations of surface water, which otherwise cannot be 

accessed.  

The storage of water bodies is derived by water budgeting of various parameters 

(precipitation, transpiration, evaporation) and studying the interaction between surface 

water and groundwater (Medina et al., 2010). The reservoir capacity can also be 
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estimated based on morphometric and aerial data (Shanlong et al., 2013). The 

Geoinformatics approach is widely used as a new technique to monitor and assess the 

water level, surface area, and capacity of the water bodies. Gleason et al. (2007) 

developed a model from surface area-capacity relationship using field survey (GPS) data. 

Lane and D’Amico (2010) calculated the water storage capacity of wetlands. Landsat, 

Sentinel-2 among other satellite images, were used in different studies to determine the 

NDVI or NDWI for wetland detection (e.g., Behera et al., 2018; Valderrama-Landeros et 

al., 2018). 

The area (A), depth (H), and volume (V) of the reservoir were estimated in many 

studies by different methods and techniques. Vegetation indices and mathematical shape 

models are the main methods (Minke and Westbrook, 2010; Jiang et al., 2015). Jiang et 

al. (2015) investigated the water depth through the A-H relationship using multi-spectral 

satellite images from the ETM+ sensor from Landsat 7 satellite. Based on the 

characteristics of visible and infrared spectra, models were developed to estimate the 

depth of the water body. The relation between water storage and the surface area of the 

reservoir was determined from the synchronized observations. Minke and Westbrook 

(2010) carried out a study to assess the A-V-H relations for a reservoir.  However, the 

accuracy of this method to estimate the area and water storage depends on the availability 

of the detailed survey data (Waiser, 2006). 

In recent decades, multispectral remote sensing study has become a priority 

application technique for estimating the capacity and sedimentation of reservoirs. 

Changes in sediment transportation focus due to sediment trapping at various points 

(Kummu and Varis, 2007). Human activities play a significant role in natural 
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sedimentation, while reservoir construction can change the sediment flow and river 

morphology (Kummu and Varis, 2007). About 0.5 - 1% of reservoir capacity is lost every 

year because of incoming sediment (Walling, 2006) generated through soil erosion 

(Keller et al., 2000). 

Vegetation indices are a combination of two or more bands that can be used to 

detect the surface water boundaries (Qiao et al., 2012). Image classification of remote 

sensing datasets usually depends on human knowledge and interpretation and is generally 

hard to produce or extract land surface water information (Ouma and Tateishi, 2006). 

But, vegetation indices can easily extract quick and accurate land surface water than 

image classification (Li et al., 2013). The NDVI and NDWI are the standard indices used 

for this purpose (McFeeters, 1996). Moreover, the modified NDWI shows its ability to 

extract highly accurate surface water boundaries (Xu, 2006; Li et al., 2013; Feyisa et al., 

2014). 

 McFeeters (1996) introduced normalized difference water index (NDWI) for 

extracting the boundary between water bodies and soil using multi-spectral images (near-

infrared and green bands interaction). Later, Xu (2006) had enhanced the NDWI using 

short-wave infrared (SWIR) instead of using near-infrared (NIR) band and renamed the 

index to be modified NDWI. Ouma and Tateishi (2006) proposed a new index to 

delineate the water bodies by incorporating NDVI with Tasseled Cap Wetness (TCW) 

index. Water boundaries were extracted using these indices from Landsat, Moderate 

Resolution Imaging Spectroradiometer (MODIS), Système Pour l’Observation de la 

Terre  (SPOT), Advanced Spaceborne Thermal Emission and Reflection Radiometer 
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(ASTER), and HJ-1A/B data (Rogers and Kearney 2004; Xiao et al. 2005; Sivanpillai 

and Miller 2010; Lu et al. 2011; and Zhang et al. 2011). 

2.4 Trend analysis 

Trend Analysis is commonly used to detect the changes or variations in climatic, 

meteorological, and hydrological observations (McCabe and Wolock, 2002; Miller and 

Piechota, 2008). Numerous studies have been discussed detecting the trend of climatic, 

meteorological, and hydrological variables by using various methods (Mann, 1945; 

Yevjevich 1972; Kendall, 1975; Kottegoda 1980; Hirsch et al., 1982; Lettenmaier et al., 

1982; Schertz et al., 1991; Reckhow et al., 1993; von Storch, 1995; Gauthier, 2001; 

Zhang et al. 2001; Burn and Elnur, 2002; Libiseller and Grimvall 2002; Onoz and 

Bayazit 2003; Huth and Pokorn, 2004; Kahya and Kalaycı 2004; UN 2004, 2012; Pujol et 

al. 2007; IPCC 2007, 2008; Kumar et al. 2010). For example, the trends of precipitation, 

temperature, runoff, streamflow, and water quality parameters (e.g., pH, chemical oxygen 

demand (COD), dissolved oxygen (DO), and nitrate) were detected using parametric and 

non-parametric methods (Burn and Elnur 2002; Hrynkiw et al., 2003; Ravichandran, 

2003; Sun et al., 2013). 

Several researchers have performed the trend analysis of climatic and 

hydrological data using different methods such as Mann–Kendall (M-K) trend analysis 

(Chattopadhyay et al., 2012; Kisi and Ay, 2014; Kisi, 2015; Ay and Kisi, 2015), 

Innovative Trend Analysis (ITA) (Sen, 2012; and Sanikhani et al., 2018), and linear 

regression (Atilgan et al., 2017). In all these methods, the historical data are collected and 

studied sequentially at regular intervals, such as hourly runoff readings, daily temperature 

and weekly rainfall volume (Peña et al., 2001). The trend analysis can further be 
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classified as parametric and non-parametric methods such as linear regression, Mann-

Kendall test, Sen’s Slope estimator, Spearman’s Rho test, and Artificial Neural Network 

(ANN) (e.g. Mann, 1945; Kendall, 1975; Plessis, 1999; Maragatham, 2012; Borges et al., 

2014; Palizdan et al., 2014; Ay and Kisi, 2015; Amirataee et al., 2016; Hu et al., 2016; 

Chowdhury and Sen, 2017; and Meshram et al., 2017). 

The forecasting in hydrological time series data has excellent relevance due to its 

applications in water-resources management and other fields such as environment, water-

planning projects (Mohan and Vedula, 1995; Wang et al., 2009; Zhang et al., 2011; Eni 

and Adeyeye, 2015; Wang et al., 2015; Narasimha Murthy et al., 2018 and Rizeei et al., 

2018). Moreover, precipitation forecasting prioritises other climatic and hydrological 

parameters directly affecting water use (Sun et al., 2018). 

2.5 Hydrological modelling based on SWAT model 

Soil and Water Assessment Tool (SWAT) was used to model the rainfall-runoff of the 

watershed. The SWAT model is a result of experiments over the years carried out by 

USDA Agricultural Research Services by integrating earlier models for Runoff, Erosion, 

and Chemicals from the Groundwater Loading Effects on Agricultural Management 

Systems (GLEAMS) model, the Environmental Impact Policy Climate (EPIC) model, 

and Agricultural Management Systems (CREAMS) model (Knisel, 1980; Leonard et al., 

1987; Izaurralde et al., 2006). However, this model is closely related to the Simulator for 

Water Resources in Rural Basins (SWRRB). SWRRB model was explicitly used to 

simulate sediment and water movement for different soil management practices.  
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2.5.1 Hydrologic modelling studies 

SWAT model can be used as a hydrologic balance. There are several reports on the 

hydrologic calibration and validation in streamflow and other components of hydrologic 

balance. Earlier reports contained many applications of the SWAT model. Arnold et al. 

(1996) validated the SWAT model in Illions for surface flow, groundwater flow, and 

evapotranspiration of the water component in three watersheds. In a similar study by 

Santhi et al. (2001), this model was validated successfully for a larger watershed in Texas 

for different water balance components, e.g., surface flow and baseflow. Arnold et al. 

(1999) validated streamflow in watersheds in Texas using a large number of stream 

monitoring gauges. 

Further, in northern Mississippi reports this model was validated for streams from 

multiple sub-basins based on daily and annual observations by Bingner (1996). In Texas, 

Srinivasan et al. (1998) validated this model successfully for a watershed with a limited 

period of data.   

2.5.2 Sediment modelling studies 

SWAT is also a helpful tool for simulating sediment deposition and has been widely used 

to model many watersheds worldwide. In a study in the North Bosque River in north 

Texas, Saleh et al. (2000) applied this model to evaluate sediment load. They found that 

the simulated results were similar to observed sediment load based on monthly data. On 

the other hand, the results obtained by the SWAT model on a daily scale were not so 

satisfactory. Another study by Santhi et al. (2001) successfully simulated sediment 

deposits at different time scales in two sub-watersheds in Bosque River, Texas. 



 

16 

2.5.3 Uncertainties methods 

Based on the Bayesian approach, numerous uncertainty analysis methods are established 

to be used in hydrological modelling. These methods can be categorized into three major 

groups. According to Yang et al. (2008), these methods are classified as a) all 

uncertainties given by uncertainty parameter [Sequential Uncertainty Fitting Version-2 

(SUFI-2); Generalized Likelihood Uncertainty Estimation (GLUE)]; b) the input and 

model structural uncertainty considered implicitly by introducing an additive error model 

(Beven and Binley, 1992; Abbaspour et al., 2007; Ajami et al., 2007; Huard and Mailhot, 

2008; Reichert and Mieleitner, 2009; Laloy et al., 2010; Schopus and Vrugt, 2010) c) the 

input and model structural uncertainty considered explicitly by using the time-dependent 

stochastic parameters; multiplicative input error model; additive input error model; 

Sequential Data Assimilation (SDA) method. This section briefly discusses SWAT-CUP 

application and different types of uncertainty analysis in hydrological modelling 

combined with the SWAT model (Arnold et al., 1998). 

Many researchers used the SWAT model in their studies (e.g. Duru et al. 2017; 

Liu et al. 2019; Wang et al. 2019). Different investigations were concluded with different 

results. Some researchers concluded that the SWAT model gives good results for 

simulating the streamflow and estimating sediment yield (e.g. Duru et al., 2017; Ezz-

Aldeen et al., 2018; Liu et al., 2019); other researchers (e.g. Uzeika et al. 2012) 

concluded unsatisfactory results. 

2.6 Drought analysis 

Drought is an unavoidable and periodic event of the water cycle, affecting different 

sectors, e.g., societal, economic, and ecologic (Hielkema et al. 1986; Marengo et al. 
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2011). For drought analysis, the essential step is to define the underlying parameters 

(Dracup et al., 1980). The drought affects hydrological, meteorological, and agricultural 

balance. Numerous drought indicators were developed and modelled to state the drought 

condition at a particular place. In the following section, some of the studies have been 

discussed. 

Thus, researchers often restore to several approaches and techniques to gain 

insight into the drought phenomenon in an attempt to characterise drought. These 

approaches can be as simple as using one or more variables that may have caused 

drought. Either way, the drought indicator obtained is a better way of communicating 

drought characteristics in an area (Mishra and Singh 2010; Oertel et al. 2018). McKee et 

al. (1993) established a standardized precipitation index (SPI) to determine the drought 

based on precipitation time series data. Nury and Hasan (2016) discussed the drought 

conditions based on the only SPI, and they tried to analyze the trend and pattern of 

rainfall in northwestern Bangladesh.  

However, drought is a multivariate phenomenon, and its effects exhibit multi-

dimensional characteristics. Droughts, as a phenomenon, are found to be influenced by 

local geography, soil parameter and vegetation, and these factors affect its development 

and localized severity. The simple indices that depend on one variable to define the 

drought in an area are usually difficult to capture the drought onset and terminus (Hao 

and AghaKouchak 2013; Zhu et al. 2018). Recently, several studies have proposed 

various techniques to combine different drought variables (e.g., precipitation, streamflow, 

soil moisture). In these studies, the method to integrate the variables is different so that 

drought is decomposed into the predominant variable. Each selected procedure also has 
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its limitations in its application and gives a further scope of improvement in the 

methodology. Huang et al. (2015) proposed an integrated method using a nonparametric 

multivariate drought index and combined meteorological and hydrological drought 

information. Rajsekhar et al. (2015) combined meteorological, hydrological, and soil 

moisture to develop a multivariate drought index. Kwon et al. (2019) studied the drought 

characteristics in South Korea by combining the meteorological and agriculture drought 

using the cupola family. They grouped the HDI by using the hierarchical agglomerative 

clustering approach for classifying regional patterns. This study used the copula 

probability family to build an integrated drought index to assess drought and flood 

extremes. Drought and floods as two weather extremes have often been studied with 

similar techniques. Numerous studies have used multivariate concepts, including a couple 

of approaches for flood analysis in an area (e.g., Favre et al., 2004; Zhang and Singh, 

2006; Jongman et al., 2014). The atmospheric blocking was one of the most important 

parameters associated with extreme weather events such as drought and flood, as studied 

by researchers (Scherrer et al., 2006; Sillmann and Croci-Maspoli 2009). Lonita (2014) 

has studied the flood in Europe, combining different variables such as precipitation, soil 

moisture, and water lever using multiple linear regression models to predict the 

streamflow of the Elbe River. 

Copula probability family has been observed to have specific limitations, such as 

the data is required to follow a probability density function to use this technique (Huang 

et al., 2014). A model structure lacks flexibility where more than three variables are 

integrated (Rajsekhar et al., 2015). There is a possibility of negative values of the 

integrated index to occur (Erhardt and Czado, 2018). According to Real-Rangel et al. 
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(2020), using the copula family to build an integrated drought index shows severe 

deficits. When variables are more than one, then it can marginally detect drought 

conditions.  

Zhu et al. (2018) proposed an integrated hybrid drought index based on the 

entropy weight method and a fuzzy set theory combining metrological, hydrological, and 

agriculture information. The entropy method under normal conditions is used to 

determine the subjective and objective weight while exploiting the entire original data. 

Now, since it cannot reflect experts and decision-makers knowledge, it has the 

disadvantage of causing large fake weights (Roodposhti et al. 2016). Zhao et al. (2017) 

proposed the F-AHP method to determine the objective weight, reflecting the knowledge 

of experts and decision-makers. A fuzzy approach has several other advantages: the 

boundaries that separate the index categories are fuzzy by integrating the variables as an 

index (Wilhite and Glantz, 1985). The variable fuzzy set theory can characterize vague 

phenomena and capture their dynamics to better arrive at a hybrid drought index.  Huang 

et al. (2015) and Zhu et al. (2018) successfully applied fuzzy set theory combining 

meteorological, hydrological, and agriculture factors and proposed an integrated drought 

index (IDI). However, in these studies, the results of IDI were compared only with SPI 

and Standardized Streamflow Index (SSFI), regardless of any information about soil 

moisture or its related drought indicator.  

Different studies have reported the water supply and drought conditions in Jordan. 

Tarawneh (2011) discussed the water supply in Jordan under drought conditions and 

showed that Jordan is under water stress even during rainy seasons (October to May). 

Törnros and Menzel (2014) addressed the drought based on precipitation, 
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evapotranspiration, and NDVI and found that the drought will increase the irrigation 

water demand for the agriculture sector in Jordan valley. Recently, Rajsekhar and 

Gorelick (2017) investigated the drought conditions in the Jordan valley under current 

and future climate change conditions. In their study, precipitation, streamflow, and soil 

moisture were used. Based on the historical data, they concluded that the drought 

condition would be more severe in the future. Mohammad et al. (2018) discussed the 

impact of natural conditions on drought events in the Yarmuk Basin on the northern side 

of Jordan. The study compared the SPI and standardized water level index (SWI). Gilbert 

(2017) found that the drought frequency in Jordan is increasing; almost double winter 

droughts were observed from 1961-2010 compared to 1901-1960. The future prediction 

says that there will be an increase in temperature and a decrease in precipitation trends 

during the winter season (Shakhatreh, 2010, Al Balasmeh et al., 2019).  

2.7 Soil erosion and management based on experimental studies 

Land use and land cover (including vegetative covers) have a significant role in soil and 

water conservation management, as it directly affects the hydrological cycle (surface 

runoff, evaporation, filtration), water quantity (Wang et al. 2014), and groundwater 

recharge (Kader et al., 2017). Soil and water conservation have been studied by many 

researchers in the field and at a laboratory scale. However, in situ soil erosion requires 

20-25 years of observation to achieve reliable data on land changing due to different 

intensities of natural rainfall (Wischmeier and Smith, 1978). Scanlon et al. (2005) studied 

the effect of the natural vegetation on soil conservation, groundwater recharge and water 

quality in the southwestern part of the USA. Apart from this, the waste disposal from 

agriculture, e.g., straw, dry leaves, is a severe issue of the water deficit regions as people 



 

21 

typically burn these materials causing air pollution. These materials can be effectively 

used for bare soil covers solving both: disposal and air pollution issues. In addition, it 

also conserves soil nutrients. Adekhlu et al. (2007) reported that covering soil using 

waste agriculture material is an effective method of conserving water as it reduces 

surface runoff and increases infiltration rate.  

The studies of overland flow in arid to semi-arid regions are vast due to several 

variables (e.g. rain, natural rain and its intensity, raindrop size and energy, and spatio-

temporal distribution). Due to this, the rainfall simulator provides good information in 

less time at laboratory and field scales. Marston (1952) found that vegetation cover had 

reduced more than 65% of surface runoff and increased the infiltration into the soil as 

groundwater recharge in the experimental setup at the laboratory. Wang et al. (2014) used 

rainfall simulators to study the impact of different parameters on soil moisture after the 

storm. They found that the moisture yield in soil with vegetation cover is more significant 

than bare soil. This moisture yield is considered an essential factor for determining the 

recharge coefficient. 

Further, recent studies reported that the laboratory's small-scale plots could be 

used to estimate the large-scale plots under similar rainfall conditions (Schindewolf and 

Schmidt, 2012). This information allows us to compare various soil conditions, rainfall, 

and environments (Martínez-Murillo et al., 2013). Nevertheless, rainfall simulator 

requires calibration to estimate the accurate runoff as natural raindrop sizes and its 

energies.  

In simulated rainfall experiments, the overland flow and sediment play a 

significant role in analyzing the soil erosion mechanism, where it is used to monitor the 
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hydrological processes (Helming et al., 1998; Römkens et al., 2002). The overland flow 

curve depicts a rising inflow at the starting of the experiment; after a time, the curve will 

be steady. In contrast, the sediment curve begins to drop up to some extent and then 

remain constant. These curves are mainly affected by natural and human factors, like soil 

type and properties, rainfall, and vegetation cover (Huang and Lee, 2009; Pappas et al., 

2008; Rai et al., 2010). 

Irrespective of geographic location, the arid to semi-arid regions are characterized 

by particular vegetative cover and climatic conditions. In these regions with a water 

shortage, some plants can face a shortage of water, e.g., cactus, mesquites, bushes. 

(Valles-Septién et al., 1998; Nobel, 1998). Normally these vegetations are spatially 

distributed and recognized as strips of shrubs and grasses (Aguiar et al., 1992; Aguiar and 

Sala 1994; Facelli and Temby, 2002). 

All these methods are controlled by the landscape and vegetation cover (Ridolfi et 

al., 2008). These lands are easily breakable and usually subjected to desert areas 

(UNCCD, 2004). In most fertile lands, the erosion and overland flow sealing decreases 

compared to barren land due to the vegetation-covered regions that protect the land from 

eroding and improve the soil’s physical, chemical and biological properties (Casermeiro 

et al., 2004). Many studies gave importance to semiarid patches of vegetation that impact 

soil's physical, chemical and biological properties (Puigdefábregas, 2005; Bautista et al., 

2007). Limited research has been carried out on the interaction between soil mechanism, 

land-use, and overland flow at arid to semi-arid regions (Chen et al., 2007; Bautista et al., 

2007). 
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The literature studies show that researchers have addressed different methods and 

techniques for studying various watershed issues concerning water availability. There are 

no general recommendations on a technique, which will be most suitable for a location.  

2.8 Research Gaps 

The gaps in the research found from the studies as mentioned earlier are thus summarized 

as: 

 Several studies were carried out to evaluate the derived hydrological parameters 

and streamflow simulation using available digital elevation models (DEMs). For 

example, Zhou et al. (2012), Frey and Paul (2012), Vaze et al. (2010), Bourgine 

and Baghdadi (2005), Hirano et al. 2003, Kenward et al. (2000) studied the 

hydrological parameters and DEM accuracy in a catchment. However, these 

accuracies are site-specific and need to be accessed locally. In Jordan, no study 

was carried out to assess the accuracy of the low-resolution open-source and high-

resolution paid DTM/DEM data and methods to improve the accuracy of the open 

sources DEM data and validate it based on hydrological parameters and 

streamflow.  

 The parametric analysis (as regression) was used in few studies in Jordan; mainly 

(Ghanem 2011 and 2013) discussed trends in mean seasonal and annual rainfall 

with its prediction using fundamental statistical analysis. Al-Taani (2014) studied 

the trend analysis of water quality and found a correlation among these 

parameters in the Al-Wahda dam of north Jordan, while Abu Sada et al. (2015) 

addressed the effect of climate change on the temperature and annual 

precipitation. While other studies by Smadi and Zghoul (2014), the change in 
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rainfall in the Amman (capital of Jordan) was addressed using parametric and 

non-parametric analysis (as a Mann Kendall (MK) rank test) during 1938-2002. 

These studies used either a parametric test (linear correlation) for trend analysis 

and forecasting process or a non-parametric test (MK rank test) in a large study 

area with stations distributed only in the vicinity of the study area.  So in the 

previous studies, the scale of the trend through long-term data analysis was not 

addressed in the water-stressed area of Jordan valley.  

 Many researchers have studied soil erosion in the field or at a laboratory scale. 

Kertesz et al. (2004) studied the effect of the K factor on soil erosion. Olivares et 

al. (2011) used a physical soil erosion experiment. Sobol et al. (2017) studied the 

effect of rainfall intensity and slopes steeply on soil erosion. A few experimental 

studies on soil erosion have been conducted in Jordan, such as Al Qaeda et al. 

(2015) studied the recharge rates in arid areas using a field experiment. However, 

there is a lack of study investigating the effects of organic soil cover on overland 

flow, soil erosion, infiltration, and groundwater recharge. Moreover, there is no 

equation available that can be used to quantify the reduction of soil loss using 

organic cover 

2.9 Research Objectives 

This study aims to perform hydrological modelling to propose management intervention 

for augmenting reservoir capacity in the study area. This study will be fulfilled by 

archiving the following objectives: 
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1- To generate Ortho-photo and derive high accuracy digital terrain model using 

aerial photos by photogrammetry techniques and compare the hydrological 

parameters from DTM with available DEM using visual and statistical methods, 

2- To perform trend analysis for hydrological and rainfall-runoff modelling for the 

watershed by properly calibrating and validating the model.  

3- To propose land cover management practices to reduce the soil erosion from the 

catchment.  
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Chapter 3: Study Area and Data Collection 

3.1 Introduction 

This chapter discusses the details of the study area of the present work. The study area 

includes the space for the dam site under consideration, i.e., the Wadi Shueib dam and its 

catchment and the locations for DEM data validation and reservoir bathymetry model 

validation. This chapter also summarizes the various data collected during the study and 

analyses those data for a detailed understanding of the hydrological behaviour of the 

catchment and its management for reservoir augmentation. It includes the climatic data 

(e.g. precipitation, temperature) and remote sensing data (satellite images and aerial 

photography). 

Due to the scarcity of qualitative and quantitative data and the topography, Wadi 

Shueib has a challenging research environment. Wadi Shueib is located between high 

attitude lands in the east and Jordan valley in the west. This catchment area is close to 

Amman and Salt city (East part), making the catchment an exciting area to many 

researchers and academic campaigns. The climate in the catchment varies from the 

Mediterranean climate on the Upper East Side to the arid to semi-arid climate on the 

western side. The arid to semi-arid climate covers most of the catchment area, including 

the Wadi Shueib Dam area (for details, see section 3.2). The Wadi word is originally an 

Arabic word meaning valley and describes a dry river bed. This valley gets water only 

during the rainy season. Wadi Shueib is also crucial for agricultural land downstream of 

the Jordan valley of the Wadi Shueib Dam. Hence comes the need to maintain the 

capacity of the dam for its agricultural activity. 
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The Wadi Shueib catchment is chosen for two major reasons. As discussed, the 

Wadi Shuieb dam faces a sediment deposition issue from the eroded soil from its 

catchment area. Secondly, rapid urbanization is leading to an increase in water needs 

shortly. Due to these reasons, the water situation in Wadi Shueib can be considered an 

issue to be addressed by the Jordanian Water Strategy. 

3.2 Geographic Overview of Wadi Shueib Catchment 

The study site is located in the eastern part of Jordan Valley and west of the salt city in 

Jordan (Fig.  3.1). Wadi Shueib (also: Shu'aib, Shoeib) is a sub-basin area of the Lower 

Jordan River Basin in the Balqa governorate (west of the capital Amman) (LJRB) and 

lies between o31  50 '  - o32  02' N and o35  35' - o35  50 '  E, covering an area of ~180 

km2. The outlet of the sub-basin is the Shueib dam, which is used to cater to the needs of 

water for irrigating the agriculture fields in Jordan valley. The area has a steep slope with 

an elevation ranging from 200 m below mean sea level (b.m.s.l) at Jordan valley to 1200 

m above mean sea level (a.m.s.l.) near Salt City. 

3.2.1 Climate 

In the Wadi Shueib catchment, the climate conditions vary with topographic 

variations from arid at Jordan valley to the Mediterranean climate in the Northside at high 

attitude lands (orographic effect). The Mediterranean circulation significantly impacts the 

region, i.e., hot with no rainfall events during summer months. The climate during the 

winter months is affected by the eastern Mediterranean climate, in which rainfall occurs 

with low pressure and southwest wind. The upper catchment area of Wadi Shueib has a 

dry Mediterranean climate, while the lower catchment (near the Dead Sea) is an arid 

region (Werz 2006). Precipitation as rainfall generally occurs from October to March in 
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this catchment. The maximum annual rainfall exceeds 500 mm (44 % of the recorded 

years) at the northern high altitude lands. At the same time, it decreases towards the 

Jordan valley, where annual precipitation is below 450 mm (67 % of the recorded years). 

This analysis is carried out based on spatial interpolation of long term annual average 

precipitation. 

The average temperature in the catchment is ~12 °C in January and ~30 °C in July 

and August. The variations were observed in average monthly precipitation and 

temperature using long-term datasets from two high altitude gauging stations situated at 

Jordan valley of Wadi Shueib (Fig. 3.1). Please refer to Appendix-A for more details. 

 

Fig.  3.1 Location map of the Study Area 
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3.2.2 Soil and Vegetation 

A variety of soil can be found in this catchment. However, the majority of the area is 

covered with sandy soil. Although some natural vegetation grows during the spring 

season, the site has mainly bare soil characteristics. The upstream region contains a high 

percentage of clay (Clayey Loam), making this soil suitable for agricultural activities. 

Usually, clayey loam includes a good quantity of plant nutrients and supports most plants 

and crops. The area is endowed with trees, bushes, and vegetation. The most common 

plants/trees found in the catchment are almond, oleander, and Retama. Vegetation (grass) 

usually grows on the drainage banks, and these areas are not suitable for agriculture.  

3.2.3 Geology 

3.2.3.1 Geological Setting 

Geological characteristics of the Wadi Shueib catchment area were studied in detail by 

various researchers, e.g., Werz (2006), Hahne et al. (2008), and Sahawneh (2011) (Fig.  

3.2). The following geological maps (1:50,000) and reports were collected from the 

National Resources Authority of Jordan covering the study area: 

i. As Salt – 3154-III (Kahlil, 1993) 

ii. Karama – 3153-IV (Shawabkeh, 2004) 

iii. Suwaylih – 3154-II (Barjous, 1993) 

iv. Amman – 3153-II (Diabat, 2004) 

Various taxonomies and classifications describe stratigraphic units of the areas 

(e.g. (Masri, 1963; Parker, 1970; Bender, 1974; Andrews, 1992).  
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Fig.  3.2 Geological map of the Wadi Shueib catchment Stratigraphy of the Study Area 

 

The Wadi Shueib catchment is mainly composed of sedimentary rocks according to the 

stratigraphical taxonomy of the National Resources Authority (NRA) of Jordan (Upper 

Cretaceous Age Albian to Maastrichtian). This sedimentary rock is based on each era and 

group of a specific rock type exposed. For example, marls, dolomites, and limestones 

were exposed at Ajloun and Belqa Groups from Late Cretaceous Subperiod, whereas the 

sandstones were exposed at the Kurnub Group from the Lower Cretaceous age (Mikbel & 

Zacher, 1981; Salameh, 1980; Bender, 1968a). Fig. 3.2 shows the stratigraphic units in 

the Wadi Shueib catchment. The thickness of limestones, marly limestones, and 

dolomitic limestones in the Ajloun Group varies between 350 to 400 m.  
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3.2.4 Hydrology 

3.2.4.1 Drainage and Streamflow 

The drainage density is usually connected with rainfall, lithological infiltration 

capabilities, and topographic characteristics, which gives a specific and preliminary 

indication of the precipitation. In turn, the rain is converted into the overland flow 

(Gregory & Walling, 1976; Schumm, 1977). The drainage density (Dd) can be expressed 

using the following equation (Eq. 3.1) as proposed by Horton (1932): 

s
d

b

L
D

A
                   3.1 

where Ab represents the drainage basin, and Ls is the length of stream channels. 

 

High drainage density can indicate high overland flow, high flood peaks, and 

increased sediment transport, while low density indicates high infiltration rates (Singh, 

1989). 

In semi-arid regions, the drainage density can be found to vary from ~1 to more 

than 600 km/km² (Gregory & Walling, 1976). In the Wadi Shueib catchment, the 

drainage density was 1.13 km/km², considered moderate compared to other carbonate 

drainage areas (Segura et al., 2007). Major streams in the Wadi Shueib catchment are 

connected to the mainstream. During the rainy season, these stream networks collect the 

overland flow and feed the main channel, thus ultimately reaching the dam (Fig.  3.3).
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Table 3.1 Stratigraphy of Wadi Shueib catchment area 
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Fig.  3.3 Recorded rainfall and inflow at the Wadi Shueib reservoir 

  

3.2.5 Reservoir 

Excess rainfall (direct runoff) is mainly stored in the Wadi Shueib catchment area outlet 

at the Wadi Shueib Reservoir outlet's outlet. The dam was constructed and prepared to 

hold 2.4 Mm3 water but presently has only 1.4 Mm3 storage capacity due to deposited 

soil at the dam base. The water stored in the reservoir is also used for groundwater 

recharge; the water pumped through wells is later used for agriculture purposes for 

Jordan valley lands. Thus, the Wadi Shueib dam is used as a runoff surface storage and 

an artificial groundwater recharge. 

Fig.  3.4 shows the variations in water storage of the Wadi Shueib dam. During 

the rainy season (October-May), the dam reaches the peak storage, while during summer 

(June-September), the dam usually remains empty. The outflow from the dam is utilized 
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for agriculture purposes using a channel and serves ~ 250 ha downstream of Jordan 

valley. With regards to the water rights, each farm gets this water free of charge 

 

Fig.  3.4 Observed water storage at Wadi Shueib reservoir  

3.2.6 Land Use and Land Cover 

Wadi Shueib catchment has variable land use land cover. Rain-fed and irrigated 

agriculture dominate the high-altitude lands on the north-eastern part, while along the 

mainstream, the pastures are growing during spring months (Fig.  3.5). At the upper part 

(north-eastern), forest land use dominates a small area of the catchment. The remaining 

area is dominated by high population density at As-Salt city (Fig.  3.5). Towards the 

downstream near the dam (southern part), there are less population density and almost no 

vegetation, as bare rocks with or without a thin soil layer are present in this part (Fig.  

3.5).  
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Fig.  3.5 (a) Agricultural area at the high elevation lands, (b) low vegetation cover in the 

middle of the catchment, (c), (d) bare rocks and thin soil cover onwards to the Dam, and 

(e) high population density at the upper part 

 

The significant population and industrial activities are concentrated at the 

catchment's high attitude lands (north-eastern part). Wadi Shueib catchment is mainly 

divided into five municipalities. Table 3.2 Demographic development in Wadi Shueib 

catchment areashows the total population in these municipalities in 1994, 2004, and 

2018, with an annual average increase rate found to vary between 2.33 and 3.22%. The 

rate of population growth is due to a local cement factory in Fuheis city. 

(d) 

(e) 
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Table 3.2 Demographic development in Wadi Shueib catchment area 

Year As-Salt (Sub-District) Mahis Fuheis Ira & Yarqa Wadi Shueib total 
1994 56458 8000 10098 6319 80875 
2004 77441 10649 11641 8654 108385 
2018 114350 19173 20427 12030 165980 

 

3.2.7 Water Supply 

The primary water demand in the Wadi Shueib area is for municipal drinking water. It is 

provided through groundwater (springs and wells). The municipalities receive the 

pumped water, which is then stored in underground reservoirs. According to the Ministry 

of Water and Irrigation, Jordan (2004), the average water consumption per person in the 

Balqa Governorate was estimated from the volume unit provided by the Water Authority 

of Jordan as 86 l/d for domestic uses and 24 l/d for non-domestic municipal uses. Thus an 

increase in population contributes to a supply deficit in the catchment, which has forced 

households to buy additional water from private sectors. 

3.2.8 Site for Digital Elevation Model Analysis 

The digital elevation model analysis was conducted in the eastern part of Jordan valley 

near As-Salt city in Jordan (locally known as Humrat Es-Sahen). The site was chosen 

based on the availability of aerial photography data. The high-resolution aerial data is 

very costly and was not available readily at the reservoir site, so the DEM assessment 

was done in this location. Humrat Es-Sahen lies between 35˚36.8' to 35˚42.2' E and 

32˚04.7' to 32˚07.5' N. This area has an elevation range from 1300 m (a.m.s.l) near of As-

Salt city, to 200 meters (b.m.s.l) in Jordan valley. The slope in the area is steep and sharp, 

which makes the field survey very difficult. When rainfall and snowfall occur in the 
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winter season, the water starts flowing into the streams from east to west due to its 

topography (Fig.  3.6). Another site was selected north of this site to verify the results and 

is locally known as Jabal Ajlun. Jabal Ajlun lies between 35˚ 43.1' to 35˚ 44.1' E and 32˚ 

19.4' to 32˚ 20.0' N.  

 

Fig.  3.6 Study Area for DEM data analysis 

 

3.2.9 Site for Reservoir sedimentation Analysis and Validation 

The following two reservoirs were chosen to analyse the sedimentation, whose detailed 

data are used to validate the process. 

Anderson Ranch Dam is an earth rock-fill dam on the South Fork of the Boise 

River, lies at 43˚21' N, 115˚26' W. The dam is located in an arid to a semi-arid region 

(Fig.  3.7). It is a multi-purpose dam that provides irrigation and hydro-power benefits 
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and operates in conjunction with Arrowrock and Lucky Peak Reservoirs to provide 

downstream flood control. Due to sediment accumulation, the dam was closed in 1945. 

The reservoir capacity survey has been carried out since 1945 (Ferrari, 1999). 

The Elephant Butte dam is located in Sierra County on the Rio Grande River 

(33˚09' N 107˚11' W) in a semi-arid region (Ferrari, 2008). Elephant Butte Dam was one 

of the first major structures built by reclamation after its formation in 1902 (Fig.  3.7). 

The total drainage area above Elephant Butte Dam is 67140.26 km2. Sediment from the 

remaining regions is trapped by upstream dams, including Jemez Canyon, Galisteo, and 

Cochiti (Ferrari, 2008). 

The rainfall intensities at these two locations vary between 50.8 and 114.3 mm/hr, 

while the average daily rainfall varies between 127 and 762 mm (USGS, 2017). 

 

Fig.  3.7 Location of Anderson Ranch and Elephant Butte reservoirs in the USA 
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3.3 Data Collection and Analysis 

3.3.1 Data Source 

As water plays a significant role in the development process in arid to semi-arid areas, 

understanding local hydrology is vital for maximizing sustainable water usage. The 

hydrological model analysis is the most suitable technique to help understand the 

interactions between natural and anthropogenic environments. Nevertheless, the 

hydrological models require good quality input data, besides an up-to-date database for 

getting good quality results. For example, in rainfall-runoff modelling, the inputs are 

watershed properties (e.g. watershed boundary, stream network, topography, soil data and 

properties, land use land cover for the watershed, and time series of meteorological and 

hydrological data). At the same time, the output is streamflow time series at the outlet 

(Tarboton, 2003). 

In the hydrological model, the following data are required:  

 Watershed structural data represents the surface boundary of the catchment, 

stream network, and sub-watersheds. 

 Time-series input data includes precipitation from rainfall stations in or around 

the catchment, temperature, humidity, and evaporation data. 

 Observed data includes streamflow and runoff data for calibration and validation 

purposes.  

3.3.2 Wadi Shueib Dam Data 

Daily water level records and water storage data were collected from the Ministry of 

Water and Irrigation Jordan from 2003 till 2018 (Fig.  3.8).  
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Fig.  3.8 Elevation–capacity curves of Wadi Shueib dam in 2003, 2016, and 2018 

 

 

 

(a) 
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Fig.  3.9 (a) Soil map, (b) Land use and Land cover map, Road networks, important 

locations, and rain-gauge stations map 

The soil type and properties for the study area were extracted from the Jordan 

level-1 soil map. The level-1 soil map for Jordan, based on a survey between 1989 and 

(b) 
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1995, was collected from the Ministry of Agriculture with a scale of 1:2,50,000. The 

analysis of soil type consists mainly of four types of soil. Fig.  3.9a shows the soil types 

configured in the SWAT model for the Wadi Shueib catchment. 

The detailed map of Land use and land cover was collected from Royal Jordanian 

Geographic Center (RJGC) for 2011. The map indicates that a significant part of the 

catchment is represented by bare soil. At the same time, other land uses indicate 

agricultural and urban areas, as shown in Fig.  3.9b. Rainfall is the main form of dam 

recharge, which is the sole water supply to the agricultural lands. 

3.3.3 Weather Data 

The precipitation data from five rain-gauge stations in and around the study area was 

obtained from the Jordan Ministry of Water and Irrigation. The duration of these daily 

precipitation data was 81, 50, 45, and 44 years at Salt, Adasy, South Shuna, IRA and 

EIB-AGR stations, respectively. 

Statistical analysis of these data was carried out and is shown in the form of 

boxplots. The total annual mean rainfall was found to vary from 97 mm (std. dev. 58 

mm) at South Shuna station to 387 mm (std. dev. 201 mm) at Salt station, while the mean 

rainfall during the rainy season varies from 48 mm (std. dev. 38 mm) to 161 mm (std. 

dev.  109 mm). The record also shows maximum precipitation of 870 mm in 1992 and 

472 mm in 1953 at Salt station during the rainy and non-rainy season. 

Wind speed, relative humidity, maximum and minimum temperature, and solar 

radiation data were obtained from the Ministry of Water and Irrigation, Jordan, for one 

EIB-AGR station in the study area. The summary of the statistical analysis of the rainfall 

and climatology data is shown as boxplots (Fig.  3.10 and Fig.  3.11). 
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45 

 

 
Fig.  3.10 Monthly Precipitation boxplots of (a) Salt station, (b) Adasy station, (c) Shuna 

station, (d) EIB-AGR station, and (e) IRA station, all units are in mm. 

3.3.4 Topographic maps and Aerial Photographs, and DEM data 

Topographic map (scale 1:50,000), four aerial photos (two pair photos, scale 1:25,000), 

and two aerial photos (scale 1:10,000) were collected from the Royal Jordanian 

Geographical Centre (RJGC) (Fig.  3.12). The topographic map has a 20 m interval with 

an additional 10 m contour interval to show the more minor details of the earth surface. 

The map also shows the main roads between the cities, urbanization density, and places 
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of interest such as dams and agricultural lands. Most importantly, the map illustrates the 

upstream and downstream portions of the mainstream for each catchment. On the other 

hand, the aerial photos represent the earth's surface topography, and the stream network 

in the area is clearly shown.  

 

 

 

(a) 

(b) 
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Fig.  3.11 Monthly climatic parameters in the study area(a) Max. Temperature, (b) 

Minimum Temperature, (c) Wind Speed, (d) Solar Energy, and (e) Relative Humidity. 

 

(c) 

(d) 

(e) 
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Four different sources of elevation data have been used to evaluate the most 

suitable DEM, which will give the most accurate result in hydrological studies. The 

datasets were collected from two sources: paid and open source. The SRTM and ASTER 

GDEM were used to compare as open-source DEM. The SRTM DEM is freely available 

as a 3-arc second (~ 90 m resolution) and 1-arc second (~30 m resolution) (Deilami et al., 

2013). Each dataset has an area coverage of approximately 5o × 5o. The ASTER GDEM 

has a dataset that covers 1o × 1o with a 30-meter spatial resolution (Garbrecht and Martz, 

1999).  

 

 

(a) 
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Fig.  3.12 (a) Topographic map, (b) Aerial Photos scale 1:25000, and (c) Aerial Photos 

scale 1:10000 

 

(b) 

(c) 
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3.3.5 Satellite images and Soil Moisture Data 

The satellite images were downloaded from United States Geographical Surveying 

(USGS) website https://earthexplorer.usgs.gov from 2003 through 2018. Three 

generations of Landsat images Thematic Mapper (TM), Enhanced Thematic Mapper Plus 

(ETM+), and Operational Land Imager and Thermal Infrared Sensor (OLI/TIRS) satellite 

images, were used to extract the water spread area at different water levels. All these 

images have differences in spatial, spectral, and also radiometry resolutions. Table 3.3 

shows the details of these satellite imagery.  

Table 3.3 Comparison of spatial and spectral resolution between the satellite images 

Band 
Landsat 8 Landsat 7 &5 

Description 
Wavelength 

(µm) 
Resolution 

(m) 
Description 

Wavelength 
(µm) 

Resolution (m) 

1 
Coastal / 
Aerosol 0.433 - 0.453 30 Blue 0.458 - 0.523 30 

2 Blue 0.458 - 0.523 30 Green 0.543 - 0.578 30 

3 Green 0.543 - 0.578 30 Red 0.650 - 0.680 30 

4 Red 0.650 - 0.680 30 NIR 0.785 - 0.900 30 

5 NIR 0.785 - 0.900 30 SWIR-1 1.565 - 1.655 30 

6 SWIR-1 1.565 - 1.655 30 TIR 11.5 - 12.5 60 

7 SWIR-2 2.100 - 2.280 30 SWIR-2 2.100 - 2.280 30 

8 Pan. 0.50 - 0.68 15 Pan (Landsat 7) 0.50 - 0.68 15 

9 Cirrus 1.36 - 1.39 30 NA NA NA 

10 TIR-1 10.3 - 11.3 100 NA NA NA 

11 TIR-2 11.5 - 12.5 100 NA NA NA 
(USGS & NASA), NIR, SWIR, and TIR represent near-infrared, short wave infrared, and thermal infrared, 
respectively.  

The soil moisture was obtained from the European Space Agency (ESA) Climate 

Change Initiative soil moisture version 3.3. The available data covered 0.25o x 0.25o 

resolution daily data from 1978 onwards. The soil moisture was found based on average 

values of square cells in and around the watershed. 
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3.4 Methodology for handling various research work components 

The following flowchart (Fig.  3.13) describes the methodology adopted to fulfil the 

research components. As shown, the present work uses precipitation, temperature, wind 

speed, humidity, and solar radiation, streamflow, soil moisture, aerial photography, 

topographic map, digital elevation data (DEM), satellite images, and observed 

experimental data as various inputs. The analysis of these raw data based on the different 

objectives was carried out to utilize the output of each stage and will be discussed in the 

respective chapters. 

 

Fig.  3.13 Flowchart of the proposed research  
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3.5 Conclusions 

This chapter primarily discusses the details of the study area of the Wadi Shueib 

catchment. The other sites used for the validation of models were also discussed. Besides 

that, this chapter also discussed the data collection and their sources and their utilization. 

Finally, a process-based flow chart is prepared to understand the methods applied to fulfil 

the research components using these datasets.  
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Chapter 4: Evaluation of Digital Terrain Models 

4.1 Introduction 

Very low and high altitudes in Jordan valley (elevation ranges between 1400 and -400 m 

under sea level) are primary concerns for water resources management. Applications of 

hydrological modelling require high-quality digital elevation models (DEMs) with 

acceptable spatial resolution. This requirement is due to the hydrological parameters are 

affected by DEM accuracy (Vaze et al., 2010). In this chapter, several elevation models 

from different sources were tested and evaluated for their relative accuracies. Those 

elevation models were used to derive hydrological parameters and stream flow 

modelling. Further, those hydrological parameters were also assessed, and based on that, 

elevation models were evaluated. Besides that, a technique is proposed to improve the 

accuracy of existing DEM compared with the digital terrain model (DTM) using the 

bootstrap technique in Ensemble Neural Network (ENN). 

4.2 Data Analysis 

The details of the study area are described in section 3.8. The methodology followed here 

can be summarized into five stages: (i) digitizing the raw topographic map (contour map), 

(ii) generate DTM and orthophoto using stereo pairs aerial photography, (iii) extract 

sample data as point (x,y) locations and altitude (z)  from DTM, examining these points 

with the corresponding points from a topographic DEM, SRTM, and ASTER GDEM 

data, (iv) calculate hydrological parameters from different DEM and verify them for the 

best suitability of the DEM data, and (v) correction of the raw DEM data using ENN 

model and verify the improvement. Refer to sections 4.1.3 and 4.2.1 for the raw data used 
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in this chapter. The analysis is discussed in the following sections. Fifty ground control 

points (GCPs) were used to improve the vertical and horizontal accuracy of the ortho-

photo and DTM. The aerial photos with ground control points (GCPs) were used to 

derive high-resolution ortho-photo with spatial-resolution 0.6 m and high accuracy DTM 

with resolution 10 m. Besides that, the topographic maps were converting to DEM with a 

25 m spatial resolution. 

4.2.1 Digitization 

Digitization is the process of converting the information into a digital format using 

manual or digital techniques. Most researchers used different digitization techniques due 

to the lack of data (Xin et al., 2006; Samet et al., 2010; Samet and Hancer, 2012). The 

feature can be generated in the GIS environment through digitization, converting 

analogue information into a digital representation. After digitizing the topographic map, 

spatial techniques have been used to derive DEM from the contour map (Fig.  4.1). 

 

Fig.  4.1 Contour map with 20 m interval 
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4.2.2 Photogrammetry 

There are several mathematical models available to extract the elevation and geometry 

correction of aerial photography. The Toutin’s Model (Toutin, 1995), Orun and Natarajan 

Model (Orun and Natarajan, 1994), Collinearity equations model (El‐Beik and Masaad 

1993), among other techniques as Rigorous Geometric Models, and (2D Polynomial 

Models, 3D Polynomial Models, Projective Transformation) were used as Simple 

Geometric Models. (Section 4.1.3) 

4.2.2.1 Collinearity Equations Model 

The Collinearity Equations Model (El‐Beik and Masaad, 1993) is used to find the relation 

between the aerial photos among stereo pairs and between the aerial photos coordinate 

system and an actual coordinate system (Kim, 2000).  

The following equations (Eq. 4.1-4.3) can be summarized using the following relations: 
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4.3 

The six parameters, namely, XL, YL, ZL, ω, φ, and κ, are the unknown exterior 

orientation elements. The image coordinates xo, yo and xa, ya are usually known (i.e., 

measured), and the calibrated focal length f is constant. Every measured point leads to 

two equations and adds three other unknowns, namely the object point coordinates (XA, 
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YA, ZA). Unless the object points are known using GPS as ground control points (GCPs), a 

pair of aerial photos needs to be solved (Schenk, 2005). 

The data used for photogrammetry was scanned from aerial images with 20 μm 

resolution. Camera calibration was carried out for focal length and interior points. DGPS 

with sub-centimetre level accuracy in both horizontal and vertical directions was used to 

collect GCPs data. These data were used to determine (X, Y, Z, ω, φ, κ) for each photo.  

The accuracy of geometric rectification depends on the selection of ground 

control points (GCPs), the number of GCPs, and the distribution of GCPs (Wu et al., 

2008). As per Goncalves et al. (2009), a total of 30 control points may be considered as 

the most common number of control points used for manual geometric correction. 

Therefore, uniform distribution of control points provides better accuracy with 

considering overall deformation rates at the entire image for rectification (Liewa et al., 

2012). 

4.2.2.2 Ortho-photo and DSM 

The PCI Geomatica® software was used to derive high-resolution ortho-photo with 

spatial-resolution 0.6 m and high accuracy DTM with a resolution of 10 m. The GCPs 

were used to improve the vertical and horizontal accuracy of the ortho-photo and DTM. 

Fig.  4.2 shows the ortho-photo and DTM, where the terrain features can be interpreted 

easily. 
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(a) 

(b) 



 

58 

 

 

Fig.  4.2 (a) Digital Terrain Model (DTM) of the study area-1 and (b) Ortho-photo 

represent the study area-1, and (c) Digital Terrain Model (DTM) of the study area-2 and 

(d) Ortho-photo represent the study area-2 

(c) 

(d) 
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4.2.3 Statistical Methods 

The statistical analysis was carried out to analyze the dataset; for example, fundamental 

analysis (mean, minimum, maximum, standard deviation) and higher-level analysis using 

hypothesis tests (Normal distribution, f distribution, correlation) (Reva and Saunders, 

2007). 

4.2.3.1 Point to Point Comparison 

The primary comparison process is a point-to-point comparison to find the minimum 

dataset error with reference data. The following equation (Eq. 4.4) was used to calculate 

the error: 

Error examined ReferenceElev =Elev - Elev                4.4 

 

The examined point from DEM, ReferenceElev is the checked point from DSM and ErrorElev  

is the difference in elevation or error. 

The mean error and RMSE can be computed by: 
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Each error may be any of the three cases: a positive value representing the DEM 

elevation above the reference DSM. The negative value indicates that the DEM is below 

the reference DSM. Zero error indicates the same elevation in both DEM and DSM. The 
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statistical parameters such as mean, standard deviation (Std), Sample Variance (σ2), and 

RMSE values were calculated for vertical accuracy. 

4.2.3.2 t-Test Distribution 

The t-test is one of the most common methods to compare the mean of two or more 

samples. The hypothesis has been built as:  

Ho: the difference between the mean of DTM and DEM = 10. 

H1: the difference between the mean of DTM and DEM ≠ 10. 
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         4.7 

Where t  is the t -test value, 1x  and 2x  are the mean of DTM and DEM, 1S  and 2S  are 

the variance of DTM and DEM, and 1N  2N  are the size of the sample. 

4.2.4 Hydrological Parameter 

The DEM is a vital source of topographic information, which provides essential 

information about terrain characteristics (Wu et al., 2008). Most hydrological parameters 

can be determined using DEM, such as slope, aspect, curvature, flow direction, slope-

length and steepness (LS) factor, streams, and watershed delineation.  

4.2.4.1 Slope, Aspect and Flow Direction 

The terms slope, aspect, and flow direction have a significant link to each other, where 

the slope has a role in both aspects and flow directions. From the definition, the slope is a 

change of the elevation over the distance. The slope influences surface and subsurface 

water flow velocity, soil erosion potential, and many earth surface processes (Wu et al., 

2008). 
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Aspect and flow direction are nearly similar terms. While the aspect is calculated 

based on the orientation or the azimuth slope, flow-direction is the parameter, which 

estimates the flow direction at any particular point based on the elevation of its 

neighbour. The aspect and flow direction are essential for hydrological studies. The 

aspect can estimate the amount of solar radiation available that can be used in various 

environmental factors, such as estimating potential evapotranspiration (Pakoksung and 

Takagi, 2016). The aspect is classified into nine directions (N, NE, E, SE, S, SW, W, 

NW, and flat), and the flow can be towards any of the eight directions using the 2n 

numbering system (where n = 1, 2…, 8). In ArcGIS, the flow direction output values 

refer to the direction of the steepest gradient (Fig.  4.3). In the case of aspect, the 

direction indicates the slope face of that cell.   

 

           

        Aspect Coding           Elevation Surface  Aspect Directions 

Fig.  4.3 Aspect and flow direction digitization (Source: ArcGIS Pro documentation) 
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4.2.4.2 Curvature and LS Factor 

The curvature is the parameter that is directly related to slope and aspect. Two common 

curvatures were used: (1) profile, computed using the change of slope down a flow line, 

and (2) plane, computed using the change of aspect and contour. Profile curvature 

indicates the flow acceleration, zones of enhanced erosion and deposition, and sediment 

transport processes. In contrast, plan curvature has significant implications on flow 

convergence and divergence and soil water properties (Vaze et al., 2010) . 

The LS factor is one of the Universal Soil Loss Equation (USLE) factors. LS 

factor indicating the length (L) and steepness (S) of terrain (Pakoksung and Takagi, 

2016). The LS factor estimates the spatial distribution of sediment transport (Jarvis et al., 

2004). 

4.2.4.3 Stream and Watershed Delineation 

The stream network and watershed delineation are two terms related to each other, where 

the streams show the flow path of surface water, estimated based on the slope at each 

point regarding its neighbour. The watershed delineation uses the stream network to 

produce the watershed's boundary from high altitude to the watershed outlet.  

4.2.5 Ensemble Neural Network (ENN) Constructions 

The ENN method aims to provide reasonable predictions of DEM through constructing a 

model. For the training process, there are three different algorithms typically used: 

Gradient descent with momentum and adaptive learning rate back-propagation (GDX), 

Levenberg Marquardt (LM), and Bayesian regularization (BR) (Daliakopoulos et al. 

2005).  The combination of any ANN architecture with a training process is known as the 

ENN ensemble. Combining FNNs with LM based training gives better estimations for 

non-linear relations than other methods and is used widely in environmental research. 
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Due to this reason, the FNNs with LM training were chosen for estimating the DEM 

corrections in this chapter. 

 Fig. 4.4 shows the inputs parameters which will be used in ENN. These 

parameters can be calculated from any DEM (Nguyen et al., 2018; Nguyen et al., 2019). 

Fig.  4.4 represent the workflow process,  

 

Fig.  4.4 Ensemble Neural Network Model 

 

For model evaluation, the results were compared as per respective accuracy using 

evaluation measures as correlation (r), coefficient of determination (R2), and RMSE 

measured by Eqs. 4.8-4.11. 
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where p and a are predicted and actual values, respectively; e is the acceptable error. 
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Table 4.1 Input parameters for ENN model 

Id Core 
1 Point density (PN) 
2 Surface roughness (σZ) 
3 Principal component analysis eigenvalue 1st dimension (λ1) 
4 Principal component analysis eigenvalue 2nd dimension (λ1) 
5 Principal component analysis eigenvalue 3rd dimension (λ1) 
6 Normalized height (NZ) 

4.3 Results and Discussion Accuracy Assessment of DEMs 

4.3.1 Accuracy Assessment of DEMs 

The outputs of the accuracy assessment for each DEM to the DTM (as reference) are 

shown in Table 4.2. Fig.  4.5 shows different datasets, where the elevation variation in 

each DEM can be recognized clearly with the difference in cell size. There are several 

methods to measure the DEM error, where the RMSE was introduced by Nikolakopoulos 

et al. (2006) and became widely used to analyze the vertical accuracy of DEMs. The 

distribution of the residuals or errors for each DEM (as a point to point evaluation) shows 

a linear relation (Fig.  4.6). This result supports the previous study conducted by 

Mukherjee et al. (2013) in the western part of the Himalayas. They also proposed that the 

ASTER has higher vertical accuracy (due to higher spatial resolution) than SRTM. 

However, Thomas et al. (2015) disagree with the observations mentioned above and 

suggest that SRTM is better than ASTER DEM. There is a contradiction between the two 

studies by Mukherjee et al. (2013) and Thomas et al. (2015). Mukherjee et al. (2013) 

have conducted their study on the hilly area (elevation range between 0 and >900 m 

above the sea level), whereas Thomas et al. (2015) have conducted the study on moderate 

elevation area only (elevation between 0 and 450 m above the sea level). The elevation 

ranges in the present study are between <-100 and >700 m above the sea level results 
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have agreed with Mukherjee et al. (2013). So, these studies conclude that the ASTER 

data accuracy is higher for moderate elevations than SRTM data. 

Table 4.2 Accuracy Assessment of DEMs to DTM 

Analysis Topo - DTM SRTM - DTM ASTER - DTM 
Max 367.87 101.49 67.56 
Min -62.67 -60.68 -152.89 

Mean 0.36 20.85 25.85 
RMSE 5.40 15.07 7.10 

 

Fig.  4.5 DEM derived from Aerial photo, TOPO DEM, ASTER GDEM, and SRTM 

DEM 

Table 4.3 Correlation relation between DTM and other DEMs 

  DTM Contour SRTM ASTER 

DTM 1 

Contour 0.9998 1 

SRTM 0.9987 0.9989 1 

ASTER 0.9996 0.9996 0.9988 1 
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Fig.  4.6 Point to Point elevation relation 

In Fig. 4.6, the linear correlation between the DTM and others DEMs are shown. 

The DEMs from a topographic map and ASTER closely match (R2 of the TOPO DEM > 

0.99 and ASTER DEM > 0.99). The SRTM DEM gives better fitting with correlation (> 

0.99). The t-test was used to find out how much the other DEM sources were close to 

DTM data. The p-values found for 95% confidence level in the DEM from a topographic 

map gave a minimum p-value (0.003). The ASTER and SRTM DEMs were close in 

terms of p-values (ASTER = 0.021 and SRTM = 0.022). The results indicate that the 

ASTER GDEM is the best suited for DEM data used in the absence of aerial photos 

(Table 4.4). The p-value is very small (significantly close) between the mean of two 

DEMs, as the ASTER GDEM has a smaller p-value than SRTM, so ASTER data indicate 

(a) (b)

(c) 
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better accuracy than SRTM data. The variations of global DEMs examined results in the 

previous studies with different study areas, return to the surface properties, reference 

points, terrain characteristics, and location (Mokarram and Hojati, 2016). 

Table 4.4 t-Test Distribution 

Statistical DTM Contour DTM SRTM DTM ASTER 

Mean 142.24 140.98 142.24 115.55 142.24 115.54 

Variance 54236.76 54286.00 54236.76 54989.11 54236.76 54883.78 

t Stat -2.65 2.02 2.03 

P(T<=t) one-tail 0.003 0.0215 0.0213 

t Critical one-tail 1.64 1.64 1.64 

P(T<=t) two-tail 0.010 0.0430 0.0425 

t Critical two-tail 1.96 1.96 1.96 
 

 

 
Fig. 4.7 Elevation distribution for each DEM 

(a) 

(b) 
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Elevation data of site-1 was divided into five equal ranges starting from -200 m to 

800 m with a 200 m increment (Fig. 4.7a). On the other hand, elevation data of site-2 was 

divided into four equal ranges from 800 to 1000 m with 50 m increments (Fig. 4.7b). It 

was found that, for all ranges at site-1, DTM and contour provide equal absolute 

elevations while SRTM provides poor results in 400-600 m range than ASTER within 2 

%. In site 2, ASTER provides low absolute elevations than SRTM in the range of 950-

1000 within 6%; otherwise, both are almost similar, although higher elevation differences 

are present than the DTM. 

4.3.2 DEM accuracy using ENN model 

The ENN model was developed based on the minimum error to rectify DEM. The 

results of the accuracy assessment of corrected DEM using ENN were compared with 

DTM. The elevation variation with corrected DEM is in agreement with that of DTMs. 

The model's accuracy was found to be 94.69% using Eq. (11), while the RMSE was 0.58 

m.  This result is acceptable, as the pixel size was 30 m (< 2% of pixel size). The 

distribution of the corrected DEM to DTM (as a point to point evaluation) shows a linear 

relation (R2> 0.99) (Fig.  4.8). This method was applied earlier in a study conducted by 

Nguyen et al. (2019). They corrected Terrestrial Laser Scanner (TLS) points based on 

Real-Time Kinematic (RTK) points. 

 
Fig.  4.8 Point to Point elevation relation between DTM and predicted DEM 
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4.3.3 Hydrological Parameters 

The estimated hydrological parameters were assessed to evaluate the ability and the 

impact of spatial resolution using different DEM sources compared to the DTM. Fig.  4.9 

and Fig. 4.10 shows the difference between the profile sections for various DEMs utilised 

in the DSM. Additional sections cover all the directions to examine different DEMs. It 

was found that the DTM and TOPO profile has been well fitted among all the profiles 

with minimum error, and the topographic terrain gave almost similar results presented in 

DTM and TOPO DEM and the error related to the difference in cell size. The ASTER 

DEM follows the similar DTM and TOPO DEM pattern in all the profiles directions 

better than SRTM DEM, shown in sections A-A and B-B. 

 

Fig.  4.9 Perspective view of the study area from digital elevation model. (Red lines show 

transects for profiles) 

The slope degree was estimated for each DEM (Fig.  4.11), the cell size and the 

middle of the main-stream has the maximum slope value at each DEM. The slope from 

DTM (as reference DEM) ranges 0-88.56, and slope TOPO DEM ranges 0 - 42.21. The 

ASTER GDEM and SRTM DEM slope range 0-50.49 and 0.12-33.55, respectively. The 

slope gradient is shown for different DEM datasets in Fig.   4.12a, indicating that the 

slope from TOPO DEM and ASTER were within 3 % close to the slope from DTM and 
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is better than the SRTM slope. It can be found that after 45 degrees, the TOPO slope 

behaves differently due to the range of slope TOPO DEM and ASTER GDEM 

 

 
Fig. 4.10 Profiles of the three DEMs with DTM 

LS factor (Fig.  4.12b) shows a close match between TOPO and DTM (absolute 

error = 0.61 m), where ASTER follows the similar path with DTM (absolute error = 3.49 

m) with gaps slightly different than that of SRTM (absolute error = 5.55 m). The 

comparison between all DEMs is shown in the range 0.9-1.2 and, in some cases, more 

than 1.2. The profile and plane curvature in Fig.  4.12c and d, respectively, shows that the 

ASTER GDEM was within a 2 % close match to DTM more than TOPO and SRTM 

DEM. The TOPO and SRTM DEMs have well fitted to each other plane and profile 

curvature. The high resolution DEM captures comprehensive topography changes, 

leading to a more accurate estimation of soil loss. In the LS factor (one of the soil loss 
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parameters), the figure shows a close match between DTM, TOPO, and ENN DEM than 

that of SRTM and ASTER (as global datasets). Also, the curve of the LS factor derived 

from various DEMs show comparability among ASTER and SRTM with DTM (Fig.  

4.12). However, the majority trend of ASTER shows a similar and close trend with DTM 

compared with SRTM. TOPO DEM's behaviour differs from DTM and ENN DEM and 

matches ASTER DEM in the slope case. 

 

Fig.  4.11 Slope map derived from Aerial photo, TOPO DEM, ASTER GDEM, and 

SRTM DEM 

Similarly, the analysis of DEM according to terrain aspects and flow direction was 

carried out. Each DEM shows a similar pattern of aspect (Fig.  4.13). Regarding the 

aspect error, the SRTM has a higher elevation error than other DEMs, especially ASTER, 

which matches with DTM. The ASTER GDEM closely matches the DTM aspect in all 

the directions (absolute error = 0.63), the TOPO DEM differs the most in the W direction 
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(absolute error = 0.84). The SRTM DEM behaves differently between S and W and has 

followed the same shape and direction (absolute error = 2.23 m). On the other hand, the 

flow directions have differently behaved. The TOPO fitted well with DTM (absolute 

error = 0.68 m) in all the directions better than ASTER, which behaves differently in 

ranges 64 and 1 (absolute error = 3.33 m). However, SRTM follows a different path 

between 32 and 1 (absolute error = 4.10 m). Hence, some cells have an undefined aspect 

due to the slope value being less than the threshold value (Mitasova and Hofierka 1993). 
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Fig.  4.12 (a) Slope gradient, (b) LS Factor, (c) Profile Curvature and (d) plan Curvature 

of various DEMs/DTM 

A similar analysis was carried out with the rectified DEM (through ENN). Fig.  

4.12 and 4.13 show the results of the slope, LS factor, plan curvature, profile curvature, 
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aspect, and flow direction prepared with the rectified DEM. The results from rectified 

DEM show good agreement with that of DTM than the original DEMs.  
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Fig.  4.13 (a) Aspect and (b) Flow Direction of various DEMs/DTM 

4.3.4 Stream network and watershed 

The assessment of the derived stream network and watershed and the visual comparison 

was finally done. The stream network derived from DEMs represents the pattern of 

streams networks. The drainage network (flow path) generated from this DTM is shown 

in Fig. 4.14a with other drainage paths. It is observed that the developed streams network 

was in close agreement with DEM from the contour map more than DEM from SRTM 

(a) 

(b) 
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and ASTER. The watershed was also derived from each DEM and compared with the 

DTM watershed, as shown in Fig. 4.14b. The statistical analysis results of both, based on 

DTM and GCPs, gives similarity for ranking in the available DEMs (Table 4.5). The 

DTM from an aerial photo and DEM derived from the topographic map shows a minor 

error after ASTER, and the SRTM DEM ranks last in this test. 

 

 

Fig.  4.14 (a) Streams network and (b) Watersheds extracted from various DEMs 

(a) 

(b) 
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Frey and Paul (2012) and Shafique et al. (2011) found that ASTER GDEM 

depends on three main factors: terrain complexity, quality of the image pair, and image 

acquisition angle. In the case of TOPO DEM, for some cases, the TOPO DEM has low 

accuracy compared to others DEM that was generated by other methods, whereas the 

TOPO DEM generated by using contour lines suffered from overlapping at steep areas 

and generalizations in flat terrain (Vaze et al., 2010; Wise, 2007).  Results from rectified 

DEM shows better agreement with the DTM. Therefore, this ENN technique can improve 

the original DEM data and can be used for hydrological estimation.  

Table 4.5 Summary of stream Network for each DEM 

 
DTM ENN TOPO ASTER SRTM Field 

Network Length (m) 41572.63 43315.12 41037.85 43754.66 40032.21 55565.65 
Main Stream (m) 8780.66 8387.68 8462.11 8586.59 8441.27 7975.86 
Watershed Area (m2) 28390800 28419721 28509811.16 29290557.86 29142257.02 -------- 

Stream Order 4 4 4 4 4 4 
First-order streams 29 29 29 28 27 40 

4.3.5 Validation 

According to National Geospatial Program (NGP) standards and specifications, the 

minimum number required for verifying the accuracy of DEM is 28 points distributed as 

20 interiors and eight edge points (USGS 1998). The 47 GCPs, used for validation was 

distributed randomly in the study area and was used to calculate the RMSE for each 

DEM. Results indicate that the DTM has the most accurate DEM (RMSE = 1.11 m). 

Topo DEM shows better elevation data (RMSE = 4.21 m), and ASTER GDEM is found 

to give the closest match with GCPs. Table 4.6 shows the correlation between these 

DEMs and GCPs. The result agrees with Mokarram and Hojati (2016), who concluded 

that the DEM derived from the topographic map has a high correlation with GCPs with a 

correlation coefficient almost equal with paper results.  
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Fig.  4.15 Residuals distribution among the elevation data 
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The ENN predicted DEM was also compared with GCPs, where the RMSE was 

1.97 m. Fig.  4.15 shows the distribution of the residuals with elevations among different 

DEMs. These results support the previous studies (Frey and Paul, 2012; Mukherjee et al., 

2013; Thomas et al., 2015) and prove that one can use a topographic map as a paid source 

or ASTER GDEM open source in place of using aerial photos to derive DTM.  

Table 4.6 Correlation between DEM and GCPs 

  GCPs DSM TOPO SRTM  ASTER ENN Predicted 

GCPs 1 

     DSM 0.999989 1 

    TOPO 0.999764 0.999783 1 

   SRTM  0.998955 0.998982 0.99935 1 

  ASTER 0.998978 0.99959 0.562814 0.706836 1 

 ENN Predicted 0.999974 0.999982 0.566813 0.710354 0.999564 1 

4.3.6 Streamflow estimation at the outlet 

Streamflow was calculated for different DEMs using the SWAT model. Fig. 4.16 shows 

the different periods of streamflow under three types of precipitation events (high, 

moderate, and low) to determine the impact of DEM source on hydrological modelling. 

During high precipitation events, the variations in streamflows between DEM sources 

were shallow, except ASTER DEM, which behaved differently during a sudden change 

in the precipitation. During a moderate rainfall, the SRTM DEM showed a different trend 

up to the peak. In low rainfall, the SRTM had another behaviour at peak in 2007. These 

hydrographs showed that the DTM simulation generally had a higher elevation than flows 

simulated with low-resolution DEM. 

Table 4.7 provides the lengths of the channel networks extracted using a threshold 

value of 0.5 km2 and the drainage density (Montgomery and Foufoula-Georgiou, 1993). 

The size of the DTM channel network is 8% longer than that extracted by contour maps, 
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Fig. 4.16 Simulated streamflow during different precipitation events 
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25% and 26% longer than that extracted by ASTER GDEM and SRTM DEM, 

respectively. While that extracted from predicted DEM using ENN was 6.7% longer, 

suggesting its higher ramification and further extending upslope. The channel network's 

greater length and ramification indicate a faster transfer of excess rainfall to the outlet 

because the flow velocity through the channel is always greater than the velocity over the 

natural surface. This phenomenon leads to a higher peak flow and a shorter peak time.  

Degetto et al. (2015) applied similar techniques on two study areas using different DEMs. 

They found that when the basin area is equal, the corresponding DEM's peak flow, which 

has higher stream ramification and longest flow drainage path, is always higher than 

other DEMs. 

Table 4.7 Summary of stream network for each DEM 

DTM ENN TOPO ASTER SRTM Field 

Network Length (m) 41572.63 43315.12 41037.85 40754.66 40032.21 55565.65 

Main Stream (m) 8780.66 8387.68 8462.11 8586.59 8441.27 7975.86 

Watershed Area (m2) 28390800 28509811.32 28509811.16 29290557.86 29142257.02 -------- 

Stream Order 4 4 4 4 4 4 

First-order streams 30 36 29 28 27 40 

Drainage density 

(m/m2) 
0.00145 0.00152 0.00144 0.00139 0.00137 -------- 

Maximum flow path 

length (m) 
15094.20 14073.17 13867.23 11326.47 11201.81 14055.48 

4.4 Conclusion 

This chapter is dedicated to analyzing various Elevation data (or models) available as an 

open repository or commercial platform. In many cases, the accuracies of the elevation 

data are reported based on their absolute accuracies. But, for hydrological studies, the 

relative accuracies are also essential to find out the slopes and aspects. This chapter 

discusses these studies and found that the ASTER GDEM gives acceptable results in 
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modelling the streamflow than DTM and DEM derived from topographic maps. 

Moreover, the analyses were carried out with the rectified DEM through ENN models for 

the above mentioned hydrological parameters. The results were found that the results 

were improved and agreed reasonably well with the DTM. 
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Chapter 5: Capacity Estimation and Sediment Deposition of Reservoir 

5.1 Introduction 

Wadi Shueib catchment has mild to steep slopes, which increases the possibility of soil 

erosion and its movement downstream because of the impact of rainfall and overland 

flow generation. As the Wadi Shueib dam is located at the catchment outlet, estimating 

the dam’s capacity change is needed. Thus, the dam sustainability and monitoring using 

optical remote sensing technology will increase the efficiency by minimizing the risks 

during the surveying instead of traditional techniques (e.g. handicraft survey). This 

technique is also helpful in the time to time updating of reservoir capacity. In this 

chapter, a 3-dimensional model was developed to estimate the reservoir capacity using 

the dam's remotely sensed data and synchronized water levels. Subsequently, sediment 

deposition in the Wadi Shueib dam was calculated from the reservoir capacity for two 

different dates. The work involves modelling the reservoir's underwater topography using 

water levels and extracted surface area from Landsat imagery.  

5.2 Data Analysis 

The details of the study area are explained in chapter 3. Besides the Wadi Shueib 

catchment, two more dam sites were used in this study to develop the model and its 

validation (Refer section 3.2 and 3.9). Considering additional sites was due to the absence 

of detailed data regarding reservoir capacity at various times in the Wadi Shueib dam. 

However, two other dams were chosen so that the reservoir's capacity is available at 

different times. The method involved in this work can be summarized into three parts: (i) 

applying vegetation indices techniques to determine the extent of water surface through 
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image processing of satellite data, (ii) establishing the relationships between water level-

area-capacity of a reservoir, and (iii) validating the model from reservoir data and finally 

applying in Wadi Shueib dam for its capacity.  

Remote sensing data obtained from Landsat satellites and data recorded at the 

dam sites were used to develop a 3-Dimensional reservoir bathymetry model using 

Triangulated Irregular Networks (TIN) technique (Table 5.1). From the satellite data, the 

water spread area was obtained. From the observed record of water level and storage 

capacity, a mathematical model was developed. Thus, the reservoir storage volume was 

determined (Fig.  5.1). The TIN was used because it is considered superior amongst other 

split methods to assess the underwater topography (Mi et al., 2007; Lu et al., 2013). 

Details of the model will be discussed in the respective chapter. 

 

Fig.  5.1 Framework of reservoir capacity calculation method used 
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Table 5.1 Remote sensing data used 

Sensor  Acquisition Date Sensor  Acquisition Date 

Landsat-5 / TM 

4/12/2003 

Landsat-7 / ETM+ 

5/22/2009 

6/23/2003 2/18/2010 

8/10/2003 7/12/2010 

10/13/2003 12/3/2010 

3/21/2004 1/20/2011 

5/24/2004 4/4/2012 

7/11/2004 8/26/2012 

12/2/2004 4/8/2013 

4/25/2005 2/13/2014 

11/19/2005 1/31/2015 

2/23/2006 

Landsat-8 / OLI 

8/27/2015 

12/24/2006 4/23/2016 

Landsat-7 / ETM+ 

1/25/2007 2/5/2017 

5/1/2007 4/26/2017 

5/3/2008 5/2/2017 

12/13/2008 10/19/2017 

1/30/2009 4/13/2018 
 

5.2.1 Image processing 

Vegetation indices are the most common techniques used in remote sensing to determine 

wetlands' optical measurement of vegetation canopy greenness. The vegetation indices 

are based on chlorophyll presence (Huete, 2014). The essential elements of vegetation 

indices are red with the spectral region and near-infrared, while the chlorophyll is 

absorbed in the red area and reflected in the infrared region. The widely used vegetation 

index and water index are described below in brief.  

5.2.1.1 Normalize Difference of Vegetation Index (NDVI) 

Rouse et al. (1974) proposed a new approach for vegetation monitoring based on the 

spectral region using remote sensing data and NDVI. The NDVI can be calculated using 

the formula given in Eq. 5.1 below: 
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NIR RED
NDV I

NIR RED





            5.1 

NIR are reflectance data from the near-infrared band, and RED are data from the 

visible red band of the electromagnetic spectrum. Mathematically, the NDVI can vary 

from -1 to +1, where negative values indicate water pixels. 

5.2.1.2 Normalize Difference of Water Index (NDWI) 

Ouma and Tateishi (2006) proposed NDWI as a water index based on a logical 

combination of the TCW index. As to water extraction, NDWI is adopted here, which is 

defined as 

Greeen NIR
NDW I

Greeen NIR





               5.2 

Where Green has a spectral region, and NIR represents the band in satellite 

images. This index is designed to exploit water reflectance by using the green band and 

minimizing the NIR band's low reflectance by water features (McFeeters, 1996). Values 

greater than 0.3 indicate water pixels.  

5.2.2 Reservoir Capacity and Sediment Estimation 

The analysis was divided into two major stages: first, vegetation indices were calculated 

to extract the surface water area of the dam using time-series satellite imagery. Water 

contours were created from the water level record corresponding to the satellite data 

using the Arc-GIS platform. A 3-D reservoir model was generated using Triangulated 

Irregular Networks (TIN) model from this water level and spread area. From this model, 

the storage volume can be estimated corresponding to any water level. The storage 

capacity of the reservoir was calculated using the following Eq. 5.3 as: 
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               5.3 

Where V is the storage capacity (m3), iS  is the projected water surface area 

(m2), ih , 1ih  , and 2ih  are the distance (m) of the underwater triangle vertices to the water 

surface, and n is the number of triangular grids (Lai et al., 2009). The variable hi, can be 

estimated based on the observed water levels of the reservoir from a fixed datum. 

The change in reservoir storage capacity between two water levels was calculated 

using the Prismoidal equation (Eq. 5.4) of water spread area at those levels: 

 
3

a b a b

a b

h A A A A
V 

  
                5.4 

Where, a bV   is the change in capacity between water level bE and aE ( bE > aE ), 

and bA are the water spread at water level bE and aE , b ah E E   . 

The sediment deposition volume for the Wadi Shueib dam was calculated from 

the capacity difference between the base year curve (2003) and the satellite data. The 

overall capacity of the Wadi Shueib dam was observed to be 1.43 Mm3, at a water level 

of 17.0 m. The sediment deposition rate was estimated from the loss in storage capacity 

of the reservoir. Hence, a storage capacity survey was carried out using remote sensing 

data from 2003-2018 in water levels between 9.3 and 17.0 m. The difference in the 

cumulative storage of water capacity between the initial (base year = 2003) and final 

(2016) remote sensing survey gives the loss in live reservoir storage. For example, the 

elevation-capacity curve was obtained from the dam site in the year 2003. However, the 

estimated elevation-capacity curve from satellite data in 2016 curve was estimated using 

remote sensing data. The cumulative (integrated) difference will be calculated to 
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determine the sediment deposited between 2003 and 2016. Sediment deposited volume 

(Vs) was estimated using the Eq. 5.5: 

2 2

1 1Initial Final

L L

s

L L

V V V
   

    
      
                 5.5 

Where 1L  and 2L represent the water level in the reservoir.  

In the second part, another two reservoirs were considered to validate the capacity 

and sediment deposition estimation method. The method mentioned above was thus 

applied to the Anderson Ranch and Elephant Butte reservoirs to validate the results. 

5.3 Results and Discussion 

5.3.1 Validation of sediment estimation 

The Wadi Shueib reservoir does not have a continuous sedimentation record. For this 

reason, it was not possible to directly assess the sediment estimation using this technique. 

Two separate reservoirs were chosen to overcome this deficiency with continuous 

capacity and sedimentation records (e.g., water level, water surface, water capacity, and 

sediment deposition). Fig.  5.2 and Fig.  5.3 shows the elevation-area-capacity curve of 

Elephant Butte and Anderson Ranch reservoir, respectively. Satellite images were used to 

extract the spread surface area when the capacity data were available. From the water 

spread area, the capacity of the reservoirs was calculated. Also shown are the estimated 

surface area and capacity based on satellite images with original data for Anderson Ranch 

and Elephant Butte reservoirs. Table 5.2 and Table 5.3 shows the significance of the 

results using t-test while comparing area and reservoir capacity. The test compares each 

sample based on a 95% confidence level. Based on these results, it was found that the 
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satellite images can be used to estimate the surface area and storage capacity with a 

reasonable error (RMSE < 0.04) for water bodies (e.g. lake, reservoir, wetland).   

 
Fig.  5.2 Curve relation of calculated area and capacity with original data of Elephant 

Butte reservoir 

 
Fig.  5.3 Curve relation of calculated area and capacity with original data of Anderson 

Ranch reservoir 
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Table 5.2 t-test of comparison between calculated and original data of Elephant Butte 

reservoir (n= 17) 

Parameter    
Value Area 

1999 
Value Area 

2007 
Value Capacity 

1999 
Value Capacity 

2007 
t Stat 6.33 7.01 -1.76 -2.00 
p(T<=t) one-tail 5.02E-06 1.48E-06 0.048 0.03 
t Critical one-tail 1.75 1.75 1.75 1.75 
p(T<=t) two-tail 1.01E-05 2.96E-06 0.097 0.063 
t Critical two-tail 2.12 2.12 2.12 2.12 
 

Table 5.3 t-test of comparison between calculated and original data of Anderson Ranch 

Reservoir (n= 16) 

Parameter    Value Area 1998 Value Capacity 1998 
t Stat 1.85 -3.89 
p(T<=t) one-tail 0.0424 0.0007 
t Critical one-tail 1.75 1.75 
p(T<=t) two-tail 0.085 0.001 
t Critical two-tail 2.13 2.13 
 

Sediment deposition was estimated for Anderson Ranch and Elephant Butte 

reservoirs using Eq. (5.5), and significance tests were performed using t-test. Table 5.4 

and Table 5.5 shows the t-test results of calculated and observed sediment deposition. 

The difference between computed sediment from satellite images and reported sediment 

deposited in the reservoir was within the acceptable error (p < 0.05).  

Table 5.4 t-test of comparison between calculated and original sediment volume in 

Elephant Butte Reservoir (n=17) 

Parameter    Value 1999 Value 2007 
t Stat 2.31 2.60 
p(T<=t) one-tail 0.017 0.0096 
t Critical one-tail 1.76 1.76 
p(T<=t) two-tail 0.035 0.019 
t Critical two-tail 2.12 2.12 
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Table 5.5 t-test of comparison between calculated and original sediment volume in  

Anderson Ranch Reservoir (n=15) 

Parameter   Value  
t Stat -1.81 
p(T<=t) one-tail 0.046 
t Critical one-tail 1.76 
p(T<=t) two-tail 0.092 
t Critical two-tail 2.15 

The validation part shows that the models applied by Lu et al. (2013) and Pandey 

et al. (2016) are applicable, regardless of the environmental conditions of the basin. Both 

these studies used satellite images to estimate the reservoir sedimentation and storage 

capacity with the help of water level and storage capacity, where they applied different 

mathematical models for that. The results were acceptable, as they found the approximate 

sediment deposition in the reservoir to the environment. They also recommended the use 

of satellite images accompanied by field surveys to get more accurate results.  

5.3.2 Estimation of Sediment volume in Wadi Shueib reservoir 

The analyses were made based on remote sensing data, with a common data period 

between 2003 and 2018. The statistical analysis (t-test) of reservoir capacity was carried 

out using a standard spreadsheet program. The water level-capacity curve was obtained 

from the Ministry Water and Irrigation of Jordan. The water level varies from 8.98 to 

17.0 m (maximum water level) in the reservoir. The satellite images were collected to 

cover the Wadi Shueib dam at different times as available within the study period.  
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5.3.2.1 Water level contour and underwater topographic map 

Based on water surface area with various water levels, the contour map was generated. 

Fig.  5.4 shows the water level variation, water surface area, and reservoir capacity at a 

temporal scale.  
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Fig.  5.4 The changing of water level-area-capacity of Wadi Shueib dam to time 

5.3.2.2 Water level-area-capacity relations 

The calculated storage capacity from satellite images of the Wadi Shueib dam using the 

TIN model varies from 0.01 to 1.24 Mm3; however, the Ministry of Water and Irrigation 

of Jordan reported that the capacity ranged from 0.02 to 1.43 Mm3. Fig.  5.5 and Fig.  5.6 
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shows the relation between calculated capacity and original capacity with water level and 

surface area. Table 5.6 shows the t-test results for comparing observed and computed 

capacity from satellite images for the Wadi Shueib dam. The results are within a 5% 

significance level. The second-order polynomial equation was fitted with R2 ~0.90 and R2 

~0.93 for calculated and reported capacity, respectively. Similar results were also 

reported by Lu et al. (2013) and Ferrari (1999, 2008). They found that the relation 

between water level and reservoir capacity lies with R2 greater than 0.90.  
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Fig.  5.5 Relationship between area-capacity and stage-capacity of Wadi Shueib dam 

Table 5.6 t-test of calculated and observed capacity data (n=40) of Shueib dam 

Parameter  Value 
t Stat 7.81 
p(T<=t) one-tail 8.42E-10 
t Critical one-tail 1.68 
p(T<=t) two-tail 1.68E-09 

t Critical two-tail 2.02 
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Fig.  5.6 Relationship between water level-calculated area and water level-capacity of 
Wadi Shueib dam 

The linear regression analysis between calculated and reported capacity shows 

satisfactory fitting with R2 ~0.90, with slope = 0.67 (Fig.  5.7). The RMSE between 

estimated and observed reservoir capacity was found as 0.09. The difference between 

calculated and reported capacity may be attributed to satellite imagery's quality and 

spatial resolution. The proposed method is widely used for calculating and monitoring the 

water capacity in lakes and reservoirs with variations in water level at Karaj Dam 

Reservoir, the Areal Sea, Urmia Lake, Lake Baiyangdian, Patratu Reservoir (India) 

(Destouni et al. (2010); Ding and Li (2011); Lu et al. (2013); Pandey et al. (2016); 

Mushtaq and Lala (2017)). 
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Fig.  5.7 Comparison between calculated and original reservoir capacity of Wadi Shueib 

dam 

5.3.2.3 Estimation of reservoir sedimentation 

The main objective of this chapter was to estimate the sediment deposited volume in the 

reservoir based on the remote sensing data in the data-scarce region. Through the satellite 

images, the spread surface area for the reservoir was calculated at a particular water level. 

Fig.  5.8 shows the difference between the original and calculated capacity using satellite 

images, where the sediment deposited was calculated within 9.3 and 17.0 m water level 

using Eq. 5.5. The sediment deposition volume was 0.66 Mm3 during the study period. 

The increase of sediment deposition leads to a decrease in the storage capacity in the dam 

during the period, thus decreasing the water availability. Fig.  5.9 shows the relationship 

between water level and capacity at two different periods, 2003 and 2016. The figure also 
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shows a difference between these periods at the same water level, indicating sediment 

deposited in the dam during this period. The Jordan Valley Authority (JVA) reported 

~0.56 Mm3 sedimentation deposited based on the Wadi Shueib dam at the end of 2016. 

 

Fig.  5.8 Comparison of elevation–capacity curves of Wadi Shueib dam 

Based on the present work, it is found that the future trend of precipitation in the 

Wadi Shueib area is increasing. It will directly affect the water availability in the Wadi 

Shueib dam. This problem can be managed by adopting different strategies to control soil 

erosion in the area, where the high variations in the slope lead to erosion. For this reason, 

the Ministry of Water and Irrigation of Jordan took initiatives to increase the storage 

capacity up to 2.3 Mm3 for this dam and the work was finished in 2017. Fig.  5.9 

represents water level vs capacity for periods 2003, 2016, and 2018. Interestingly, the 

water level-capacity curve in 2018 merged with the original curve of 2003. The increase 

of dam elevation does not solve the sediment problem, and hence, it is expected that this 

strategy may serve only for a short period.  
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Fig.  5.9 Comparison of elevation–capacity curves of Wadi Shueib dam during 2003, 

2016, and 2018 

 

5.3.3 Field campaign 

Based on field data, the topographic condition of the Wadi Shueib catchment area was a 

steep slope, where the slope ranges between 0 to ~45 degrees and analysed from digital 

elevation model (DEM) data. Fig.  5.10 shows the location map of the Wadi Shueib 

catchment along with soil samples locations. The soil sample was collected to find out 

the soil properties (hydraulic properties). Table 5.7 shows the hydraulic properties of soil 

samples in the field, similar to that of the experimental work. Fig.  5.10 represents the 

geographic location of soil samples. According to the Ministry of Water and Irrigation in 

Jordan, the rainfall intensity in Jordan varies between 30 to 250 mm/hr, while the average 

rainfall varies between 50 to 600 mm.  
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Table 5.7 Soil characterization and hydraulic properties for different sites in Jordan 

Soil Mark S-1 S-2 S-3 S-4 S-5 

Sand (%) 70 67 55 50 30 

Silt (%) 19 30 30 32 50 

Clay (%) 11 3 15 18 20 

θs (m
3/m3) 0. 44 0. 29 0. 52 0. 58 0. 65 

θf(m
3/m3) 0.384 0.399 0.398 0.395 0.42 

Ks (mm/s) 0.03 0.0504 0.015 0010 0.011 

 Notes: θs, θf, θw, and Ks refer to saturated water content, field moisture capacity, and saturated hydraulic 
conductivity, respectively. 

 

Fig.  5.10 S-1, S-2, S-3, S-4, and S-5 are soil samples from Wadi Shueib Catchment, and 

the grey lines represented the boundary of each sample (Source: Ministry of Agriculture) 

5.3.4 Verification of field data 

Due to the limitation in sediment deposition records in the Wadi Shueib catchment, the 

MUSLE model was chosen to estimate the sediment volume rate in the catchment area. 
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Jordan Valley Authority (JVA) reported sediment deposition of ~0.015 Mm3 in the Wadi 

Shueib dam at the end of 2016. Fig.  5.11 shows the JVA machines removing the 

sediment from the Wadi Shueib dam. Karadsheh et al. (2013) reported that the annual soil 

loss due to water erosion amounts to 200 t/ha in the mountainous region of Jordan. The 

Ministry of Water and Irrigation of Jordan and JVA are putting an effort to utilize the 

dam for irrigation purposes by increasing the dam height. 

 
Fig.  5.11 Jordan valley Authority removing sedimentation from Wadi Shueib dam using 

machines (in dry condition of the dam) 

 

5.4 Conclusions 

In this chapter, a 3-dimensional model is developed using satellite imagery synchronized 

with the water level and the reservoir capacity. The relationship was established among 

these three parameters. The model was validated in Anderson Ranch and Elephant Butte 

reservoirs located far away from the study site. However, the model worked well for both 

the reservoirs. Then based on the area-water level relationship of the Wadi Shueib dam, 

respective reservoir capacities were determined. It was found indirectly that the model 
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performed well in this dam which was also evident from the field verification.  The 

calculated annual sediment volume deposition in the Wadi Shueib dam was close to the 

reported value by the Jordan Valley Authority. This sediment deposition quantity was 

used for the annual average sediment erosion from this catchment in further studies in 

chapter 9. Also, the reservoir status will be studied from a different view through 

estimation of the streamflow into the reservoir in chapter 8. 
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Chapter 6: Trend Analysis and Forecasting of Precipitation 

 

6.1 Introduction 

The study area has an arid to semi-arid climate with a high evaporation rate compared to 

precipitation events. This condition has implications for the availability of water for 

present and future use. Therefore, any management intervention to safeguard water 

availability is of utmost importance. Water resources management requires predicting 

and forecasting the future precipitation in the study area to realize the need to augment 

the water supply. This chapter describes a model to predict and forecast the monthly, 

average, and seasonal precipitation patterns in the study area. The specific work 

described in this chapter includes trend analysis using the MK test and ITA. Predicting 

the future precipitation pattern using the ARIMA model in the Box-Jenkins method is 

discussed here. 

The chapter includes a brief introduction to time series, trend analysis and 

forecasting as techniques before applying these concepts to the precipitation data of the 

study area. 

6.2 Time series 

A time series is a set of observations (e.g., precipitation), where each observation is 

recorded at a specific time. The understanding of meteorological data (precipitation) 

leads to understanding the current and future situations. Data exploration is an essential 

part of analyzing the precipitation data. The data visualisation against the time shows the 

rainfall patterns during the time; in seasonal, monthly trend patterns, it is also possible to 

interpret the wet and the dry years (Brockwell et al., 1987; Peña et al., 2001).  
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6.2.1 Types of Time Series 

There are two types of time series, (i) discrete: when the observations are 

recorded at a fixed time interval and (ii) continuous when the observations are recorded 

continuously at a specific time interval (Fig.  6.1a). The time series can be further 

classified into (i) stationary, where the mean value of the observations remain constant, 

and (ii) non-stationary, where the mean of observations changes with time. Non-

stationary time series may be spurious in that they may indicate a relationship between 

two variables where one does not exist (Fig.  6.1b) (Chatfield, 2003; Cryer and Chan 

2008). Also, the time series can be classified into seasonal and non-seasonal time series, 

where the time series is called a season when there is a repeating pattern at each specific 

time (e.g. year). In contrast, the non-seasonal time series happens when the series has an 

irregular pattern (not dependent on the time) (Fig.  6.1c) (Peña D. et al., 2001). 

6.3 Trend Analysis 

Trend analysis is a technique for understanding how and why patterns have changed or 

will change over time. The trend of time series has three possible results, decreasing, 

increasing, and no trend (Fig.  6.2), and these can be investigated using different 

techniques and methods. Usually, the decreasing trend shows falling in the time series 

data as it used to be, while the increasing trend shows a rising trend. The trendless or no 

trend term indicates no change in data (Cryer and Chan 2008).  

 



 

 101   
 

 

 

 

 

Fig.  6.1 Types of time series data 

(a) 

(b) 

(c) 



 

 102   
 

Several methods are used for detecting the trend in time series data, such as 

parametric, non-parametric, and machine learning techniques. These include Mann-

Kendall (MK) test, Innovative trend analysis (ITA), Artificial Neural Network (ANN), 

Regression and more. 

 

 

Fig.  6.2 Types of trend in time series data 
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6.4 Forecasting 

Forecasting is a prediction of the future events of the time series. Forecasting can be (i) 

short term, (ii) medium term, or (iii) long term forecasting. Short-term forecasting 

involves predicting future events based on a short interval of time, e.g. days, weeks, and 

months; medium-term forecasts extend future events predicting up to 1-2 years. On the 

other hand, the long term may extend up to many years of future predicting. Short and 

medium-term forecasting is usually carried out for management and development 

purposes, while long term forecasts affect the issue like strategically planned 

(Montgomery et al., 2008; Peña D. et al., 2001; Kassambara, 2017; Hyndman and 

Athanasopoulos, 2018). 

Auto-Regressive Integrated Moving Average (ARIMA) is one forecasting method 

used to predict data trends over time. The ARIMA model is based on a combination of 

three processes, Autoregressive (AR), Moving average (MA), and Integrating (I) between 

AR and MA. The AR (p) model uses the current value in time series, where p or d 

determines the number of the steps of past needed to forecast the present value 

(Brockwell and Davis, 2001; Peña D. et al., 2001; Kassambara, 2017; Hyndman and 

Athanasopoulos, 2018). 

The principal difference between an AR and MA model is the correlation between 

time series objects at different time points. The covariance between x(t) and x(t-n) is zero 

for MA models. However, the correlation of x(t) and x(t-n) gradually declines, with n 

becoming more significant in the AR model. This result implies that the moving average 

(MA) model does not use the past forecasts to predict the future values, whereas it uses 

the errors from the past estimates. The autoregressive model uses past forecasts to predict 

future values. 



 

 104   
 

6.4.1 Autoregressive Process 

Most time series consists of serially dependent elements in the sense that one can 

estimate a coefficient or a set of coefficients that describe consecutive elements of the 

series from specific, time-lagged (previous) elements. This process can be summarized in 

equation 6.1: 

1 1 .....t t p t px x x                       6.1 

 

Where  is a constant,  is the autoregressive model parameter, and  is random 

error.  

An autoregressive process is stable if the parameters lie within a specific range. 

For example, if there is only one autoregressive parameter, it must fall within the interval 

of -1 < < 1. This condition is often referred to as stationarity. Otherwise, past effects 

would accumulate, and the values of successive tx 's would move towards infinity; i.e., 

the series would not be stationary. If more than one autoregressive parameter, similar 

(general) restrictions on the parameter values can be defined (Box and Jenkins, 1976; 

Kassambara, 2017; Hyndman and Athanasopoulos, 2018). 

6.4.2 Moving Average Process 

Each element in the series can be affected by the previous error (or random error) that 

cannot be accounted for by the autoregressive component, which can be given as (Eq. 

6.2): 

1 1 .......t t t q t qx w w w               6.2 

Where  is a constant,  is the moving average model parameter, and w is random error.  
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There is always a duality between the moving average and autoregressive 

processes (Box and Jenkins 1976; Montgomery et al., 1990). The moving average 

equation above can be rewritten (inverted) into an autoregressive form of infinite order. 

This process is known as the Invertibility requirement. However, analogous to the 

stationarity conditions mentioned above, it can only be done if the moving average 

parameters are under certain constraints. For example, the invertibility of the model is 

required; otherwise, the series will not be stationary. 

The summary is Pure AR Models depends on the lagged values of the data you 

are modelling to make forecasts. It depends on the errors (residuals) of the previous 

forecasts you made to make current forecasts. 

6.4.3 Auto-Correlation and Partial Auto-Correlation Functions 

The Auto-Correlation Function (ACF) gives auto-correlation values of any series (time 

series) with its lagged values. These values are plotted with a confidence band, showing 

the relation of present values with its previous values. The ACF combines the time series 

trend, seasonality, cyclic, and residuals to determine the ACF plot. On the other hand, the 

partial auto-Correlation Function (PACF) finds the correlation of the residuals with the 

next lag value (Brockwell and Davis, 1991; Cromwell et al., 1994) . 

In simple terms, the ACF describes how well the present value of the series is 

related to its past values; for that, the ACF is used in the moving average process because 

it shows a good correlation even with lags that are far in the past. A time series can have 

components like a trend, seasonality, cyclic and residual. So, the PACF is used to find 

any hidden information in the residual, which the subsequent lag can model, and later 

used in the autoregressive process (Montgomery et al., 2008; Kassambara, 2017). A 
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typical ACF and PACF are shown (Fig.   6.3). This indicates that either a trend should be 

removed or the series should be differenced (Fig.  6.3). In Figure  6, the autocorrelations 

seem to die down reasonably regularly after lag 1. The partial autocorrelations seem to be 

small after the first one, so it will be decided to fit an ARIMA (1,0,1) to these data. 
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Fig.  6.3 ACF and PACF for time series 
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Fig.  6.4 ACF and PACF for time series for ARIMA (1,0,1) 

6.5 Trend Analysis and Forecasting Model 

In this section, trend analysis is performed, and a forecasting model is determined for the 

precipitation data in the area. Different methods used for evaluating the trend are 

mentioned, and conclusions are drawn on future precipitation trends. The section begins 

with a brief description of the procedures and their application to the given data set.  
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6.5.1 Techniques Used 

6.5.1.1 Mann-Kendall Trend Analysis 

This trend analysis method is one of the most common methods to detect hydrological, 

climatological, and metrological time series data trends. (Hu, et al., 2016; Meshram, et 

al., 2017). This study used the MK test to analyze the trend instead of Modified MK 

(MMK) because MMK is suitable for a large sample size (Hamed and Rao, 1998). The 

MK test uses two hypotheses: the null hypothesis (Ho) to describe no trend, and the 

alternative hypothesis (H1) in which the null hypothesis is rejected, indicating an 

increasing or decreasing trend (Gajbhiye et al., 2016; Meshram et al., 2017; Hu et al., 

2016). Each data in the series is compared with all subsequent data. There are three 

different values for S statistic, incremented (+1) which refers to the previous (Xi) value 

higher than the later value (Xi+1), decremented (-1) when the later value (Xi+1) is higher 

than the previous value (Xi), and constant (zero) when the earlier and later values are 

equal (Gajbhiye et al., 2016; Meshram et al., 2017; Hu et al., 2016). The S statistic in the 

Mann-Kendall trend can be calculated using Eq 6.3-6.4 given below: 

n-1 n

i=1 j=i+1

S= sgn (  -  )j ix x         6.3 

 

where, 

j i

j i j i

j i

+1   , (x  > x )

sgn (x  - x ) = 0     , (x  = x )

-1   , (x  < x )







       6.4 

The mean and variance of S is given by Eq. 6.5 and 6.6: 

( ) 0E S            6.5 
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1

( 1)(2 5) ( 1)(2 5)

( )
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V ar S 
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


     6.6 

 

The standardized statistic (Z) of S, for one-tailed test is given by Eq. (6.7): 

-1
    ,  > 0

Var( )

 = 0              ,  = 0

+1
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




        6.7 

6.5.1.2 Sen’s Slope Estimator Test 

Sen’s slope is a statistical test that estimates the magnitude of the trend as identified by 

the MK test (Sen 1968). In this test, a linear model is used to determine the slope of the 

trend, where the residual variances of data constant during a time can be calculated using 

Eq. 6.8 below: 

 -  j k
i

x x
T

j k



          6.8 

For i = 1, 2 … N, 

Where xj and xk are the time series values at time j and k, where j is present, k is 

earlier, and N is total observations. The slope of trend (Q-value) of the time series is 

found using Eq. 6.9 below:  

+1
                           ,  is odd

2
Q = 

1 ( 2)
   ,  is even

2 2 2

N
T N

N N
T T N



      

      6.9 

The Q-value is positive if the trend increases and vice versa (Gajbhiye et al., 

2016; Meshram et al., 2017).  
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6.5.1.3 Innovative Trend Analysis (ITA) 

Sen (2012) suggested a new method for detecting trends based on historical time-series 

data. In this method, the time series data is divided into two halves with descending or 

ascending way for each half separately and scatter of the second half (y-axis) depend on 

the first half (x-axis) (Sen, 2012 and 2013). A line with slope 1:1 is used to show the 

trend among the variables of the scatter points along the line. In general, there are three 

possibilities for a trend in any dataset: trendless, increasing or decreasing. However, in 

this method, seven possible trends indicate whether a trend is rising, trendless, or falling, 

and the level of trend intensity as low, medium or high depending on the location of the 

points about the 1:1 line. This method has the advantage of being independent of any 

assumptions, serial correlation or number of the sample size used. 

6.5.1.4 Box-Jenkins Forecasting (ARIMA) 

The Box-Jenkins methodology is a sophisticated statistical way of examining and 

constructing a forecasting model that presents a time series better. The Box-Jenkins 

(1976) method has been used to forecast the precipitation in the present work. ARIMA 

modelling in Box and Jenkins refers to identifying, fitting, and checking univariate 

models for forecasting. This method applies to stationary time-series data, used for highly 

accurate forecasting or future prediction (Gaynor and Kirkpatrick 1994; Lu and 

AbouRizk, 2009; Hyndman and Athanasopoulos, 2018). Usually, the time series needs to 

be differenced to make it stationary to apply log transformation as d represents the 

number of times the series requires to reach stationary. The principle of the Box-Jenkins 

method is that it uses observed time series data and find the forecasting noise (error) for 

reasonable adjustment for prediction (Lu and AbouRizk, 2009). It is mainly used for 

dependent time series data that cannot be used with other methods. The Box-Jenkins 
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process contains three main steps: (i) Identification to find the stationary in time series 

and also Autoregressive (AR) and Moving Average (MR) parameters, (ii) estimation 

involving the error, and (iii) diagnostic checker. In general, for non-seasonal time series 

data, the ARIMA model can be modelled in the form of ARIMA (p,d,q), and the 

following expression is used: 

1 1 1 1..... .......t t p t p t t q t qx x x w w w                  6.10 

Where, tx  and  tw  are the actual time series with noise (error),       are the model 

parameters, and p , q are model order autoregressive and moving average, distributed 

with mean zero and constant variance.  

In the beginning, the type of ARIMA parameters has to be estimated. The ARMA 

(p,q) or ARIMA order can be identified throughout ACF and PACF. The ACF coefficient 

refers to the autoregressive parameter (p), and PACF refers to the moving average 

parameter (q). For example, the ARIMA model (1,1,2) has one autoregressive parameter, 

two moving average parameters, and one difference. Also, ACF and PACF coefficient 

can be described as ACF exponential decay starting at lag 1; PACF - exponential decay 

starting at lag 2. 

The diagnostic checker is the last method where it used to select the best fit model 

among numbers of ARIMA order based on some of the criteria as (i) Residual 

portmanteau test, (ii) T-test for coefficient significance and (iii) AIC and BIC for model 

selection.  

AIC is a metric developed by Hirotugu Akaike (1970). The concept of AIC is to 

penalize the inclusion of additional variables to a model. BIC is a variant of AIC with a 

more substantial penalty for including additional variables in the model (Kassambara, 
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2017). The AIC and BIC for model selection are the most common methods used for 

diagnostic checker where the Akaike’s Information Criterion (AIC) and Schwarz’s 

Bayesian Information Criterion (BIC) can be calculated using Eq. 6.11 - 6.13: 

2 ln(maximum likelihood) 2
( , )

g
AIC p q

N

 
           6.11 

2 2
( , ) ln( ) constanteAIC p q g

N
         6.12 

where, 2
e  is the likelihood function value, g  the number of estimated coefficients g = p 

+ q + 1, and N number of observations.  

 2 ln( )
( , ) ln( )e

N
BIC p q g

N
              6.13 

Where 
2

e  is the maximum likelihood of 2
e . 

The BIC imposes a more significant penalty for the number of estimated model 

parameters than does AIC. For model selection, any model with minimum BIC/AIC is 

chosen. The t-test distribution is used to find out the best prediction model. The 

hypothesis that has been built is as follows:  

Ho: the difference between the mean of original time series and projected time series = 

10. 

H1: the difference between the mean of original time series and projected time series ≠ 

10. 

1 2

2 2
1 2

1 2

x x
t

S S
N N






         6.14 
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where, t  is the t -test value,  1x  and  2x  are the mean of original and projected time 

series, 1S  and  2S  the variance of original and projected time series and 1N  2N  the 

sample size. 

The last stage of the Box-Jenkins method is to forecast the chosen model; for 

example, the preferred model to fit a time series is as in Eq. 6.15: 

 1 1 1 2 tet t t tY Y Y Y                   6.15 

And suppose that, N=99,  =0.2, Y99=132.5, and Y98=135.2, then, Y100=131.96. 

6.5.2 Application of techniques 

6.5.2.1 Data and Data Processing 

The precipitation data for trend analysis was obtained from the Ministry of Water and 

Irrigation, Jordan. The length of daily precipitation data available was 81, 50, 45, and 44 

years at Salt, Adasy, South Shuna, IRA and EIB-AGR stations, respectively(As detailed 

in section 4.1.2). The raw data was processed for missing values and consistency check 

according to standard procedures and further analyzed for a pattern of event occurrence 

in other months. As was evident from Fig. 4.1, three different groups can be distinguished 

based on average rainfall, i.e., rainy season or winter season (Dec, Jan, and Feb), non-

rainy season (Mar, Apr, May, Oct, and Nov), and zero rainfall season or summer season 

(Jun, July, Aug, and Sep). Therefore, based on exploratory data analysis (Fig.   4.4), the 

precipitation data was divided into the rainy season with an average of more than 280 

mm, the non-rainy season with an average of ~50 mm, and the summer season having 

less than rainfall 10 mm.   

Also, major precipitation events are obtained during the rainy season and are also 

a principal source of water supply in the area through storage in the dam; hence, the trend 
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analysis study is only confined to rainfall. This rainy season was further categorized as 

monthly (total rainfall for each month at each station), seasonal (total rain during the 

rainy season at each station), and catchment average value (for monthly and seasonal). 

The data shows non-stationary and non-seasonality as there was variation in mean, and 

the time series pattern did not repeat itself over time. 

The analyses were made on monthly, seasonal, and average values, with a 

common data period between five stations from 1973 to 2016. The trend detection and 

precipitation forecast were carried out using R software and Xlstat software in Microsoft 

Excel.  

6.5.2.2 Performing Trend analysis 

6.5.2.2.1 Basin Average trend 

Lowess smooth curve (Helsel and Hirsch 2002) was used to fit the time series data. Fig.  

6.5 shows the historical data based on average values during January from 1973 to 2016.  

The rainfall varied around the mean, and in the period 1973 to 1995 there is an 

increasing trend, after that decreasing till 2004, and again the trend is positive from 2004 

to 2016. The average monthly precipitation data from each rain gauge station did not 

show any trend using the MK test described in section 6.5.1 (Table 6.1). However, the 

ITA showed increasing trends at a low level during January, February, and December, 

increasing in medium and high levels during January. However, data was trendless at a 

medium level in February and December, decreasing to a high level in February and 

December. While in the rainy season, the data showed decreasing in low and high trend 

levels and increasing in medium levels (Fig. 6.5). 
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Fig.  6.5 Time series data and LOWESS curve trend (dashed) in average values during 

January 1974 to 2014 

 

Fig.  6.6 Monthly precipitation trend using average values in the catchment
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Table 6.1 Comparison of MK and ITA 

Station 
ITA 

 
MK and Sen’s slope 

low Medium High   
Z-

value 
Q-value p-value  Trend 

Salt 
Jan Y+ Y+ Y+ 

 
1.52a 1.52 0.04 Y 

Feb Y+ N Y- 
 

0.11 0.11 0.95 N 
Dec Y+ Y+ Y- 

 
-0.12 -0.12 0.92 N 

Adasy 
Jan Y+ Y+ Y+ 

 
0.71b 0.71 0.07 Y 

Feb Y+ Y- Y- 
 

0.40 0.40 0.37 N 
Dec Y+ N Y- 

 
0.10 0.10 0.82 N 

Shuna 
Jan N N N 

 
0.18 0.18 0.52 N 

Feb Y+ Y- Y- 
 

0.02 0.02 0.97 N 
Dec Y+ N Y- 

 
0.10 0.10 0.63 N 

EIB-AGR 
Jan Y+ N Y+ 

 
0.69 0.69 0.12 N 

Feb Y+ Y- Y- 
 

0.03 0.03 0.97 N 
Dec Y+ Y- Y- 

 
-0.07 -0.07 0.77 N 

IRA 
Jan No No No 

 
0.43 0.43 0.23 N 

Feb No No Y+ 
 

0.23 0.23 0.60 N 
Dec No No No 

 
0.01 0.01 1.00 N 

Average 
Value 

Jan Y+ Y+ Y+ 
 

0.01 0.46 0.22 N 
Feb Y+ No No 

 
0.01 0.32 0.41 N 

Dec Y+ No Y- 
 

0.00 0.21 0.68 N 
Salt Seasonal Y- Y+ Y- 

 
0.23a 1.38 < 0.0001 Y 

Adasy Seasonal Y- Y+ N 
 

0.02b 0.87 0.06 Y 
Shuna Seasonal N N Y- 

 
0.00 0.20 0.66 N 

EIB-AGR Seasonal Y- Y+ Y- 
 

0.01 0.55 0.35 N 
IRA Seasonal Y- Y+ Y- 

 
0.02 0.53 0.20 N 

Average 
Value 

Seasonal Y- Y+ Y- 
 

0.01 0.62 0.26 N 

Numbers in bold indicate to p-value less than (a) 5% and (b) 10% confidence level. Y refers to existing 
trends, N refers to no trend or trendless. “+” and “–“ refer to a positive and negative trend, respectively 

6.5.2.2.2 Monthly trend 

Fig.  6.7 shows the observed trend at each station based on 5 and 10 % 

significance levels. Table  6.1 indicates a trend at only two stations, Salt and Adasy, 

during January based on monthly precipitation data. A significant positive trend was 

observed based on Sen’s slope estimator, at confidence level 95% and 90% at Salt and 

Adasy station, respectively, and precipitation was increased by 1.52 mm and 0.71 mm 
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during January month at Salt and Adasy station, respectively. ITA detected a trend in 

precipitation based on monthly data, while Fig.  6.7 shows the change in trend during the 

monthly data at all stations. The low, medium, high trend, and trendless has been detected 

for all stations during the monthly data.  

 

 

 

 

(a) 

(b) 

(c) 
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Fig.  6.7 Monthly precipitation trend at (a) Salt station, (b) Adasy station, (c) Shuna 

station, (d) EIB-AGR station, and (e) IRA station. 

The high-level trend increased during January at all stations except in South 

Shuna, and IRA stations were trendless in the same month while decreasing trends during 

February and December. Most stations had an increasing trend in low-level trends, 

whereas trendless were detected in South Shuna during January and in the IRA station 

during monthly data. The medium trend level was seen as an increasing, decreasing and 

trendless trend at all stations. 

6.5.2.2.3 Seasonal trend 

The MK confirmed the trend at Salt and Adasy station (Table  6.1 (in the seasonal 

precipitation data, while Sen’s slope estimator detected a positive trend at these stations. 

An increase of 1.38 mm and 0.87 mm precipitation was found at Salt and Adasy station 

(e) 

(d) 
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during the rainy season, respectively. Moreover, ITA based on seasonal data showed a 

decreasing trend at a medium level at all stations except South Shuna, where it was 

trendless. It showed a decreasing trend in low and high-level, except in low level in South 

Shuna and high level in Adasy station it was trendless (Fig.  6.8). 

 

 

Fig.  6.8 Trend analysis of Seasonal precipitation at each station 

The trend analysis is similar to a recent study conducted by Tarawneh and 

Chowdhury (2018) in Saudi Arabia. They concluded that the rainfall decreased in most 

areas and forecasted the precipitation might be variable in the future. However, the ITA 

and MK trend comparison was similar to a study by Ay and Kisi (2014), who used 

monthly precipitation data in Turkey. In comparison between the two methods of trend 

analysis, it is found that the ITA method was able to detect the trend at different levels 
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while MK could not see any trend at the same station. In using other meteorological and 

hydrological data, this result supports the previous studies conducted by Kisi and Ay 

(2014) and Kisi (2015). They compared the MK test and ITA method using water quality 

parameters and pan evaporations data and found that the ITA method gave higher 

accuracy in trend results.  

6.5.3 Developing a Forecasting model 

6.5.3.1 Monthly forecast 

ARIMA model was carried out for future prediction based on the total monthly 

precipitation in the area. Differencing was used to remove the linearity in a trend of the 

data and stabilize the variance. Different ARIMA orders were applied to find out the 

most suitable model and the one that was the best fit with the observed trend. The moving 

average (q) and autoregressive (p) two different values were selected based on ACF and 

PACF observations, where differencing (d) was of 1st and 2nd level. The t-test was carried 

out to find the best ARIMA model among different models for future prediction. 

Table 6.2 shows p-values for different ARIMA orders for projected time series 

from 1973 to 2016. Based on the p-value, all ARIMA models were significant within a 

5% significance level, and AIC/BIC values later supported these results. The ARIMA 

models having minimum AIC/BIC were selected to predict the future precipitation in the 

area.  

The ARIMA order (3,1,3) was well fitted at all stations during most of the rainy 

season whereas, in Adasy, Shuna, and EIB-AGR have different ARIMA orders where 

(4,1,3) was found fit during February based on a minimum of AIC/BIC (Fig. 6.9). The 
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absolute difference between observed and predicted data called absolute error was 0.05 

mm in the IRA station during January and 22.61 mm in the Salt station during December.  

Table 6.2 ARIMA Models based on AIC/BIC and p-value 

Station 
AIC/BIC p-value 

(4,1,4) (4,1,3) (3,1,3) (4,2,4) (4,1,4) (4,1,3) (3,1,3) (4,2,4) 

Salt 

Jan 394.93 391.61 388.04 391.99 0.02 0.03 0.05 0.00 
Feb 417.15 414.23 412.37 413.55 0.04 0.02 0.04 0.36 
Dec 80.82 78.63 75.81 90.60 0.00 0.00 0.00 0.00 
Seasonal -8.76 -12.24 -8.81 0.79 0.14 0.05 0.18 0.47 

Adasy 

Jan 346.06 343.20 340.30 345.39 0.00 0.01 0.00 0.00 
Feb 372.64 369.91 370.50 370.97 0.02 0.02 0.04 0.47 
Dec 81.43 78.67 77.60 89.10 0.00 0.00 0.00 0.00 
Seasonal -5.44 -7.21 -8.73 4.69 0.21 0.10 0.10 0.37 

Shuna 

Jan 318.41 315.26 312.80 318.28 0.01 0.02 0.02 0.00 
Feb 31.85 30.47 31.00 40.32 0.03 0.02 0.03 0.10 
Dec 82.76 79.06 76.30 89.48 0.00 0.00 0.00 0.00 
Seasonal 362.33 358.93 360.79 359.87 0.09 0.09 0.09 0.26 

EIB-
AGR 

Jan 360.10 357.76 353.03 359.72 0.00 0.00 0.01 0.00 
Feb 381.98 379.09 382.76 379.63 0.00 0.00 0.01 0.22 
Dec 81.32 78.63 76.14 89.10 0.00 0.00 0.00 0.00 
Seasonal -5.35 -5.71 -9.29 4.91 0.02 0.00 0.00 0.20 

IRA 

Jan 345.66 343.88 339.83 344.94 0.00 0.00 0.00 0.00 
Feb 371.87 369.85 368.72 369.49 0.00 0.02 0.01 0.41 
Dec 80.91 78.28 75.83 91.98 0.00 0.00 0.00 0.00 
Seasonal -6.14 -8.61 -6.22 3.95 0.00 0.00 0.01 0.08 

Average 
Value 

Jan 337.24 336.93 334.44 337.98 0.00 0.00 0.00 0.02 

Feb 360.27 360.57 361.05 358.1 0.01 0.02 0.00 0.02 

Dec 364.88 363.11 363.75 362.63 0.00 0.00 0.00 0.00 

Seasonal 392.56 390.65 393.47 389.04 0.00 0.00 0.00 0.00 
Numbers in bold indicate to most fitted ARIMA model 

6.5.3.2 Average forecast 

The average precipitation value was also examined to evaluate the future forecast of 

precipitation in the entire area.  Two ARIMA models that were found suitable were 

(3,1,3) during January and (4,2,4) during February, December, and seasonal data (Fig. 

6.10). The absolute error ranged between 5.37 mm during January month and 28.03 mm 

during December month. 
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Fig. 6.9 Precipitation prediction through different ARIMA models for (a) Salt station, (b) 

Adasy station, (c) Shuna station, (d) EIB-AGR station, and (e) IRA station, till 2026 with 

80 and 95 bands level 

 

  
Fig. 6.10 Precipitation prediction using the average value in the catchment 
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6.5.3.3 Seasonal forecast 

Seasonal results show two different ARIMA models. The (4,1,3) order was found well 

fitted in Salt, Shuna, and IRA stations, whereas the (3,1,3) order fitted well for Adasy and 

EIB-AGR stations (Fig.  6.11). The absolute error was found between 5.19 mm in Salt 

station and 51.95 mm in Shuna station. 

 

 

 
Fig.  6.11 Precipitation prediction during Rainy season using ARIMA models till 2026 
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The results of the ARIMA model at different levels gave acceptable absolute error 

while using total monthly based on daily precipitation data. Wang et al. (2014) used 

monthly precipitation data, and the mean absolute had ranged between 9.41 and 17.82. 

Narasimha Murthy et al. (2018) conducted a study based on seasonal monthly 

precipitation data in North-Eastern parts of India. Similarly, the ARIMA model was used 

in different studies, such as Chattopadhay et al. (2012), and it was concluded that the 

ARIMA model is practical and functional. 

Some cases of the ARIMA model show horizontal or low variation in forecasting 

and predicted values, where these models are chosen based on AIC/BIC and t-test 

criteria. Feng et al. (2016) used the ARIMA model to predict the future pattern of annual 

precipitation based on monthly data. In contrast, the best-fit ARIMA model shows a 

horizontal line based on minimum statistical measures such as normalized to the mean of 

observed values. 

6.5.4 Future Projection of Trend Analysis 

Based on the best-fit models found in the preceding section, the same was used to predict 

the future precipitation and its trend. The work used two different periods, the first period 

was the observed data from 2007 to 2016, and the second period used predicted data from 

the ARIMA model from 2017 to 2026. Fig.  6.12  and 6.13 show three different trend 

levels viz., low, medium, and high detected for each station at the monthly scale.  
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Fig.  6.12 Future monthly precipitation trend at (a) Salt station, (b) Adasy station, (c) 

Shuna station, (d) EIB-AGR station, and (e) IRA station 

 

Fig.  6.13 Future monthly precipitation trend in Seasonal data at each station 

The results show that the high trend level will decrease for all months at every 

station, while a low trend level will increase in the same period. The average values 

during the monthly and rainy scales gave similar results, while different rainfall trends 

(e) 
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were detected in seasonal data. Fig.  6.14 shows the trend of the entire catchment on a 

monthly and seasonal scale.  

 

Fig.  6.14 Future monthly precipitation trend in the whole catchment using an average 

value  

The results show a decrease in trend in the next ten years, although a few stations, 

historical data (1973-2016) show an increasing trend at a high level. The generally high-

level trend in the entire area was increased during January month in (1973-2016) and 

decreasing in the rest of the months. In contrast, future precipitation was increasing in 

December and decreasing in the rest of the months. The decreasing trend in precipitation 

corroborates a similar study conducted by Kool (2016) in Jordan valley that showed a 

decreasing trend during the last decades and in coming decades from more than 600 mm 

to less than 100 mm. 



 

 129   
 

6.6 Conclusion 

In this chapter, the precipitation trend analysis and forecasting in the Wadi Shueib 

catchment area were studied. This work was divided into two main parts: investigate the 

trend of precipitation data using MK test and ITA and predict the future precipitation 

scenario by applying the Box-Jenkins method ARIMA model in the area. The study 

reveals a decreasing trend in precipitation. This observation can have severe implications 

for reservoir operation in the catchment, which serves as a significant source of water 

supply for various uses. The reservoir starts filling during the early rainy season (Dec, 

Jan, and Feb). Therefore, any decrease in precipitation can affect reservoir water level 

and storage capacity. In a study by Kool (2016), it was concluded that the Shuna South 

area, under the Wadi Shueib region, has a water demand of (65.5 Mm3) while the 

essential water supply is only 35.0 Mm3, resulting in a water deficit of 30.5 Mm. Thus, it 

is concluded that the water deficit will be a serious problem in the area from this study. 

Hence this framework can give the decision-makers and water managers an early warning 

to adapt their management practices accordingly. 
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Chapter 7: SWAT Modeling for Streamflow Prediction 

7.1 Introduction 

Streamflow data is a must for studying the vulnerability of water availability in an area. 

However, the availability of streamflow data is always limited, which  Predicting the 

streamflow data using a comprehensive hydrologic model thus becomes a need. This 

chapter aims The model, once calibrated, and validated will be used to (i) predict 

continuous streamflow data on a monthly scale and also (ii) perform streamflow 

prediction for the future period using ARIMA modelling. 

7.2 Model Description 

The SWAT model is a physically distributed model designed to estimate streamflow, 

sediment yield, and water quality in agricultural areas based on the interaction of land 

management practices with climate and soil cover (Arnold et al., 1998). The following 

water balance equation is the base to compute the hydrologic components: 

 0
1

t

t day surf a seep gw
i

SW SW R Q E W Q


                   7.1 

Where tSW  is the soil water content at a time t ; 0SW  is the initial soil water content; 

t is time (in days); dayR is the amount of daily precipitation; surfQ  is the amount of 

surface runoff per day; aE  is the amount of daily evapotranspiration; seepW is the water 

percolation to the bottom of the soil profile per day; gwQ is the amount of water returning 

to the groundwater per day. 

Further, different variables of land management are recognized based on 

integrating soil type and land use and land cover data. The soil water content and 
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infiltration rate can be measured using the curve number method. The curve number 

method is calculated throughout using equation 7.2 (Neitsch 2011): 

 
 

2
 0.2

0.2

day R

surf

day R

R S
Q

R S





               7.2 

Where surfQ is the equivalent depth of surface runoff (mm); dayR is the rainfall 

depth of the considered day (mm); RS is the retention parameter (mm). 

Where S can be calculated by eq. (7.3): 

 1000
10S

CN
                  7.3 

where CN is the curve number of the day considered. 

7.3 Model Application 

7.3.1 Data Requirement 

The SWAT model application to an area follows definite steps shown in a flow chart 

(Fig.  7.1 ). Watershed delineation, consideration of land use, soil type, and slope of the 

area and HRU definition are prerequisites to setting the area's SWAT model. Thus 

intensive data collection and configuring the same for the model form the first step, 

followed by calibration and validation for the flow data. In the present study, the 

projected precipitation and temperature data will be taken as inputs to the SWAT model 

for its calibration. The calibration model will then be used to project streamflow data for 

the future time period. 
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Fig.  7.1 Flowchart depicting SWAT application for the study area 

 

7.3.2 SWAT Model setup 

The SWAT model setup is divided into four processes: (i) watershed delineation, (ii) 

HRU definition, (iii) weather data definition, and (iv) writing input tables.  
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7.3.2.1 Watershed delineation 

The ASTER GDEM (As discussed in chapter 4) was used. A detailed stream network 

map from Royal Jordanian Geographic Center (RJGC) was used to correct the extracted 

stream network distortion. With a stream threshold value of 0.5 km2 and Shueib dam as 

the watershed outlets, the watershed was delineated with 17 sub-basins, as shown in Fig.  

7.2 .  

 

Fig.  7.2 Sub watersheds of  Wadi Shueib watershed 

7.3.2.2 HRU definition 

The HRUs in the catchment were calculated based on the combination of land used land 

cover, soil, and slope data with various thresholds values. The national land use and land 

cover of 2011 consisting of urban, vegetation, and water surface (Dam) at the scale of 

1:250,000 were used. Land use and land cover details comprise one of the most 

determinant datasets required in hydrologic models, like SWAT, when creating the 

HRUs. Table 7.1 shows SWAT land use classification for the area. The land use classes 
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in the study area are Forest, Irrigated fruit trees, Irrigated non-deciduous trees, Irrigated 

vegetables, cereal, Natural Vegetation, steppe, Rainfed fruits trees, Rainfed non-

deciduous trees, rainfed vegetables, grain, Urban and bare rock, and Waterbodies. 

Table 7.1 Land use classification for the SWAT model 

Land Use  SWAT Code 
 % of the total 
area 

Forest  FRSD  2.04 
Irrigated fruit trees, Irrigated non-deciduous 
trees, Irrigated vegetables, cereal, Rainfed Fruit 
trees, Rainfed non-deciduous trees, and rainfed 
vegetables  AGRL  31.35 
Natural Vegetation, steppe  PAST  30.56 
Urban and bare rock  URBN  36.03 
Water  WATR  0.013 

Source: RJGC, 2010 

Soil is another data that have a significant influence on catchment hydrology. The 

national soil map was surveyed during 1989-1995 and published as 1st edition in 1994. 

Soil texture, organic matter, available water content, saturated hydraulic conductivity, 

bulk density, and a hydrologic group of each soil type are the main components of the 

soil SWAT database. The study area's soil map with exclusive properties and 

characteristics details were obtained to support the model needs (Refer section 3.2.2 and 

3.3.2). These parameters were directly used as input datasets for the model.  

The slope in the watershed ranges between 0 and 40 degrees as computed from 

DEM using ArcGIS software. Given the data layers of land use and soil map and the 

known information on the slope, the threshold percentage for each layer was decided to 

be taken as input for the definition of HRUs. In the modeling, multiple HRUs were 

created as: land cover percentage (%) over sub-basin area = 5%; soil class percentage (%) 

over land-cover area = 5%; slope class percentage (%) over soil area = 5%. As a result, a 

total of 526 HRUs were created, divided into 17 sub-basins. 
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7.3.2.3 Weather data 

The daily precipitation data from 1967 to 2016  and obtained from the Ministry of Water 

and Irrigation, Jordan, was made available for five rain gauge stations (as shown in Fig. 

3.1) falling in and around the catchment area. As obtained, the length of daily 

precipitation data varied from 81, 50, 45, and 44 years at Salt, Adasy, South Shuna, IRA 

and EIB-AGR stations, respectively. The weather data other than precipitation data such 

as wind speed, relative humidity, max and min temperature, and solar radiation data was 

made available for the Shuna weather station located in the study area from 1979-2014. 

This data was obtained from the Ministry of Water and Irrigation, Jordan (Refer section 

3.3.3). 

A text file for these data sets was prepared as an input weather data file for the 

model. 

7.3.3 Preliminary Model Run 

Four indices, including Nash-Sutcliffe coefficient of efficiency (NSE), correlation 

coefficient (R2), Percent Bias (PBIAS), and Relative Error (RE) (Duru et al. 2017; Wang 

et al. 2019), were evaluated. The NSE compares the relative magnitude of noise variance 

to data variance, indicating how well the simulated data matches the observed data. The 

R2 describes the degree of collinearity between simulated and observed data as it ranges 

between 1 and 0 based on the degree of linearity relation. In contrast, the PBIAS 

calculates the slope of simulated data (Gupta et al., 1999). All these statistical metrics are 

calculated using the Equations (7.4-7.7).  

 
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Where o bs
iQ is observed flow; 

obs
Q is average observed flow; sim

iQ  is simulated 

flow; 
sim

Q is average of simulated flow. Where all units in m³/s. 

The auto-calibration model results showed a difference in peak values between 

simulated and observed on a monthly scale. The poor statistical results warranted a 

calibration procedure to fine-tune the parameters. The predicted streamflow data was 

close to the observed streamflow data obtained from the Ministry of Water and Irrigation 

of Jordan for 2003-2016.  

7.4 Model Calibration 

The model calibration modifies the parameters to predict the streamflow (as in this 

study). The modifications of these parameters are done to the extent that the observed 

streamflow data and predicted streamflow data are closely matched. This modification is 

fulfilled either by manually changing the input parameters or using dedicated software for 

this purpose. In this study, the SUFI-2 algorithm in SWAT-CUP software was used to 
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perform the calibration process. This software is freely available from Water Weather 

Energy Ecosystem. SWAT-CUP is widely used for calibrating and validating SWAT 

models due to its capabilities of handling many sensitivity analyses like SUFI-2, Particle 

Swarm Optimization (PSO), GLUE, Parameter Solution (ParaSol), and Markov Chain 

Monte Carlo (MCMC) algorithms with reasonably straightforward steps. (Abbaspour et 

al. 2007; Zhang et al. 2019). 

The SUFI-2 is a stochastic process that looks at the degree of uncertainties 

accounted for and generates a range of values for each parameter with fitted value 

(Abbaspour et al., 2008). The propagation of the uncertainties in the input parameters and 

the model output variables are expressed as the 95% probability distributions. It is 

referred to like 95% prediction uncertainty, and it is expected that 95PPU envelops most 

of the observations (Abbaspour et al., 2018). 

Hence, two statistics are defined to quantify the fit between simulation results: P- 

and R- factor. P-factor represents the enveloped observed data percentage by estimating 

the result (95PPU), and R-factor represents the thickness of the 95 PPU envelope. Good 

results are achievable if the P factor is more significant than 70% (for streamflow) and 

the R factor is around 1. 

The SUFI-2 algorithm has four significant steps as follows: 

1. The objective function ( ig ) is the first part of the algorithm have to be 

characterized; later, the minimum and maximum ranges ( jq ) of the parameters will 

be identified.  



 

 138   
 

2. After sensitivity analysis, the initial uncertainty ranges for each parameter at the 

first round of Latin hypercube testing. 

3. After the Latin hypercube and the objective function are assessed, the sensitivity 

matrix ( ijA ) and the parameters covariance grid ( P ) can be calculated by: 

, 1,2,......, ; 1,2,......,i
ij m

j

g
A i P j p

q
  


 

2 1( )T
gP S A A   

Where Pm, p, and 2
gS represent the number of rows in the sensitivity matrix, number 

of parameters, and the variance of the objective function, respectively.  

4. In the last step, the 95PPU is calculated by P and R- factors.  

7.4.1 Sensitivity analysis 

The Sensitivity analysis is a method to re-identify the parameters responsiveness and 

determine the influence on a parameter prediction (Streamflow, in this case). Table-2 

shows the parameters which were used in the calibration process.  All these parameters 

determine the occurrence of flow at the watershed outlet. 

The SUFI algorithm in SWAT CUP was run six times for all the parameters for 

500 simulations in each of the four iterations. Table 7.2 shows the ranges, fitted values, 

and global sensitivity for each streamflow parameter. In terms of sensitivity, curve 

number was the most sensitive parameter, followed by Alpha_BF (base flow alpha-

factor). Later, these parameters were used to find the best-simulated streamflow. The 

streamflow comparison between observed and simulated data was made for 12 years 

between 2003 and 2014 monthly. The period between 2003 and 2010 was used to 
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calibrate the model. Fig. 7.4a shows the obtained calibration plot, which was later 

assessed for statistical metrics given in section 7.6.  

Table 7.2 Sensitive analysis and calibration results using SUIF-2, SWATCUP 

Parameter Min_value Max_value Fitted_Value 
Global Sensitivity 

t-Stat P-Value 
r__CN2.mgt -0.25 0.15 -0.24 4.47 0.00 

v__ALPHA_BF.gw 0 1 0.2 -4.14 0.00 
v__GW_DELAY.gw 0 500 21.14 -2.92 0.00 

v__GWQMN.gw 0 500 315.83 -2.40 0.02 
v__SURLAG.bsn 0.05 30 10.76 -1.88 0.06 

v__ESCO.hru 0 1 0.53 -1.82 0.07 
v__EPCO.hru 0 1 0.97 1.74 0.08 
v__OV_N.hru 0.1 0.3 0.18 -1.62 0.11 

v__SLSUBBSN.hru -0.5 0.5 0.1 -1.37 0.17 
v__DEP_IMP.hru 0 6000 5074.6 -1.31 0.19 

v__GW_REVAP.gw 0.2 0.2 0.05 -1.22 0.22 
v__REVAPMN.gw 1 100 30.35 -1.14 0.26 
v__CH_COV1.rte 0 0.6 0.04 1.13 0.26 

v__CH_K2.rte 1 50 13.7 1.00 0.32 
v__CH_N2.rte 0.01 0.3 0.08 0.99 0.32 

r__SOL_AWC().sol 0.3 1 0.5 0.77 0.44 
v__SOL_K().sol 0.25 25 2.22 -0.63 0.53 
v__CH_K1.sub 0.05 5 2.24 0.61 0.54 
v__CH_N1.sub 1 65 12.99 -0.50 0.61 
v__CH_S1.sub -0.5 1 -0.18 -0.49 0.62 
r__SOL_Z().sol 0 0.05 0.03 0.46 0.64 

r__GDRAIN.mgt -0.25 0.25 -0.18 -0.44 0.66 
v__SFTMP.bsn -5 5 -4.46 -0.44 0.66 

r__HRU_SLP.hru 0 0.6 0.14 0.43 0.66 
r__RCHRG_DP.gw 0 1 0.11 0.37 0.71 
r__SOL_CBN().sol 0.5 1 0.57 0.37 0.71 
r__SOL_ALB().sol 0 0.25 0.1 -0.36 0.72 

v__SMTMP.bsn -5 5 3.55 0.32 0.75 
v__SMFMX.bsn 1.7 6.5 3.79 -0.32 0.75 
v__SMFMN.bsn 1.7 6.5 3.2 -0.32 0.75 

r__SOL_ZMX.sol 0 0.05 0.05 -0.30 0.76 
r__DDRAIN.mgt -0.1 1 0.16 0.27 0.78 
r__TDRAIN.mgt -0.25 0.25 -0.07 -0.27 0.78 
v__SHALLST.gw 0 1000 902.56 0.25 0.80 
v__DEEPST.gw 0 6000 923.84 -0.15 0.88 
v__CANMX.hru 0 100 83.48 -0.10 0.92 
v__EVRCH.bsn 0.5 1 0.68 -0.09 0.92 

v__LAT_TTIME.hru 0 180 154.85 -0.06 0.95 
v__USLE_K().sol 0 0.65 0.38 0.03 0.98 

v_ represents the current parameter value replaced by the given value, and r_ represents the existing parameter 
multiplied by (1 + given value). CN= Curve number, Alpha_BF= Baseflow alpha-factor, GW_Delay.gw= Groundwater 
delay, CH_COV1.rte= Channel erodibility factor, CH_K2.rte= Effective hydraulic conductivity in the main channel, 
CH_N2.rte= Manning’s N for the main channel, SOL_AWC.sol= Available water capacity of the soil layer, 
SURLAG.bsn,  SFTMP.bsn ESCO.hru= Soil evaporation compensation factor, OV_N.hru= Manning’s N for overland 
flow, SLSUBBSN.hru= Average slope length, DEP_IMP.hru= Depth to impervious layer, EPCO.hru= Plant uptake 
compensation factor, REVAPMN.gw= Threshold depth of water in shallow aquifer required for return flow to occur, 
DDRAIN.hru= Depth to subsurface drain, SOL_K.sol= Saturated hydraulic conductivity, SOL_Z.sol= Depth from the 
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soil surface to the bottom of the layer, CH_K1.sub= Effective hydraulic conductivity in tributary channel alluvium, 
CH_N1.sub= Manning’s N for tributary channel alluvium, CH_S1.sub= Average Slope of tributary, GW_REVAP.gw= 
Groundwater revap coefficient 

7.5 SWAT Model Validation 

The validation is when the observed data (streamflow) is compared with simulated or 

predicted data without changing the calibration parameters values for a period other than 

used during the calibration process. This study used the observed streamflow data during 

the 2011-2013 period for the validation process. The SWAT CUP model and the same set 

parameter values were configured for the said period and run for one time with 500 

iterations. The predicted streamflow values are shown in comparison to the observed 

values in (Fig.  7.3 b). 

7.6 Statistical Evaluation of SWAT Model 

The goodness of fit is applied to evaluate the simulation model based on observed 

data using statistical and graphical interpretations. Total four indices, including Nash-

Sutcliffe coefficient of efficiency (NSE), correlation coefficient (R2), per cent bias 

(PBIAS), and relative error (RE) (Duru et al. 2017; Wang et al. 2019), were evaluated. 

The description of these indices has been provided in section (Section 7.3.3). The model 

is generally considered satisfactory or not if R2 and NSE are more significant than 0.5, 

PBIAS is less ±25%, and RE is lower than 20% (Zhang et al. 2019).  
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Fig.  7.3 Monthly streamflow (a) during calibration process (2003-2010) (b) during the 

validation process (2011-2014). 

(b) 

Time step in month 

(a) 

St
re

am
 f

lo
w

 (
m

3 /s
) 

Time step in month 

St
re

am
 f

lo
w

 (
m

3 /s
) 



 

 142   
 

Fig. 7.3 shows the graphical plot of the observed vs predicted streamflow at the 

catchment outlet. Visually, a good match is observed for the fitted parameters governing 

the streamflow. However, the best fit was further strengthened by the statistical 

coefficients obtained, as shown in Table  7.3 ,during both the calibration and validation 

periods. Based on the statistical coefficients, it can be said that the model performance is 

rated good as the NSE, PBIAS, RE, and R2 are within the acceptable values. Also, the P- 

and R-factors as obtained during calibration and validation periods are shown in Table 

7.3.: 

Table 7.3 Evaluation of the model performance 

Stage Item Streamflow 

Calibration  

NSE 0.65 
RE 0.15 
PBIAS 0.20 

R2 0.71 

P-factor  0.64 
R-factor 0.43 

Validation  

NSE 0.58 
RE 0.18 
PBIAS 0.23 
R2 0.67 
P-factor 0. 57 
R-factor 0.55 

7.7 Forecasting the Streamflow data 

7.7.1 ARIMA Modeling 

In this section, the precipitation and temperature data for the period 2006-2016 and 2004-

2014, respectively, were subjected to ARIMA modelling to extend the precipitation and 

temperature data in the future, and utilize this extended data as forcing variable for 

SWAT re-run (See chapter 7 section 7.4 regarding Box-Jenkins method ARIMA model). 
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ARIMA model was carried out for future prediction based on monthly 

precipitation and temperature data. The ARIMA models having minimum AIC/BIC were 

selected to predict the future precipitation and temperature in the area during 2014-2030. 

The ARIMA order (1,0,3) was well fitted for precipitation, whereas for temperature, a 

different ARIMA order (2,0,4) was found fit (Fig.  7.4). The models were validated with 

ten years dataset 2006-2016 and 2004-2014, respectively, for both the variables. The 

difference between observed and predicted data, called absolute error, was found as 0.09 

mm in precipitation and 1.3º C in temperature during the work period (2006-2016) and 

(2004-2014).  
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Fig.  7.4 ARIMA model for (a) Precipitation, (b) Temperature during the study period 
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7.7.2 Future prediction of Streamflow 

Later, the monthly forecasted streamflow was estimated based on ARIMA models by 

running the SWAT model with the projected precipitation and temperature obtained in 

section 7.7.1. The calibrated parameters for 2003-2013 were utilized in the estimation 

process, assuming that no significant soil and land use pattern changes will occur in the 

proposed future period. Fig.  7.5 shows the estimated streamflow from 1979 to 2030, 

including the calibration and validation period. The absolute error during the calibration 

period was 0.03 m3/s with R2 being equal to 0.71, while during the validation period, it 

was found to be 0.08 m3/s with R2 equal to 0.63. 

It was further interesting to note that the projected streamflow, when subjected to 

Innovative Trend Analysis, showed a declining trend on a high level, as observed from 

the observed and predicted streamflow (Fig.  7.5b). As observed, a decreasing trend, 

especially at a high level, was detected. This falling trend corroborates the falling trend in 

the precipitation data for the same study area reported in the literature by Al Balasmeh et 

al. (2019). Since precipitation and streamflow are highly positively correlated, the falling 

trend in streamflow seems justified for the period up to 2030. 

The SWAT calibrated streamflow for the period 2003-2014 and ARIMA- SWAT 

predicted stream flow up to 2030, where this period is sufficient to show the inflow status 

for the next decade. The streamflow represents the inflow to the dam reservoir. The dam, 

the catchment outlet, is also the principal source of water supply for irrigation and other 

uses such as groundwater recharge. Therefore, with an impeded falling trend in the 

inflow to the dam as envisaged from this present work, a water deficit in the study area is 

well anticipated. 
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Fig.  7.5 (a) Streamflow prediction using SWAT model and ARIMA model, and (b) 

Innovative trend analysis of streamflow 
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7.8 Water Deficit in the study area 

Water deficit is defined as the difference between inflow and outflow from the reservoir 

is thus calculated for the present period (2003-2018) and extended up to 2030, assuming 

a constant average withdrawal of 0.2 m3/s. A simple time series plot of the water deficit 

up to 2030, shown in Fig.  7.6, captures an increasing trend in water deficit, warranting 

an immediate need for water augmentation in the study area. Under no augmentation 

scenario and at the present withdrawal rate, it is anticipated that by 2020 sufficient water 

may not be available to meet the reservoir water use. 

 
Fig.  7.6 Water deficit based on streamflow and water requirement 

 

7.9 Conclusion 

In this chapter, the streamflow data were simulated and predicted. This work was 

divided into two main parts: simulation and validation of the SWAT model based on 

historical data up to 2016 and to predict the future availability of streamflow by applying 

the Box-Jenkins method ARIMA model. The salient observation from this study is that 

the water deficit in the area is showing an increasing trend in the future. This observation 
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can have severe implications for reservoir operation in the catchment, which serves as a 

significant source of water supply for various uses. Thus, it is concluded that the 

streamflow (inflow into the reservoir) is decreasing, which implies that the water deficit 

will be a severe problem in the area. This conclusion would suggest different adapts to 

the natural variability (drought) and reduce unsustainable water resources utilisation 

(water scarcity) as the central core of chapter 8. 



 

 

Chapter 8: Estimation of Hybrid Drought Index 

8.1 Introduction 

A drought is known as a duration of drier-than-normal conditions that results in water-

related problems. Considering that drought lessens water availability for intended use, 

this chapter aims to estimate the hybrid drought index by integrating meteorological, 

hydrological, and agricultural data. This chapter details the estimation of hybrid drought 

index using fuzzy set theory and assigning the weight methods using fuzzy-AHP and 

entropy weight methods. The index has further been validated using the cross wavelet 

approach. 

8.2 Drought and drought index 

There are four types of drought: meteorological, hydrological, agricultural and socio-

economic drought. The meteorological drought refers to a deficiency in precipitation 

amount under the normal condition at a specific location and particular time. In contrast, 

hydrological drought refers to anomalies in surface and sub-surface flow. On the other 

hand, agricultural drought refers to soil moisture deficit (within the root zone) and crop 

growth failure. Socio-economic drought refers to a deficit in water resources systems 

comparing of water demand (Wilhite and Glantz, 1985; Tallaksen and Van Lanen, 2004; 

Corti et al., 2009; Mishra and Singh, 2010; Sheffield and Wood, 2011; Van der Molen et 

al., 2011; Seneviratne et al., 2012; Altman, 2013; Svoboda and Fuchs, 2016). 

Drought index is a numerical representation of drought conditions assessed using 

hydrological, meteorological, agricultural, and socioeconomic parameters inputs 

(Svoboda and Fuchs, 2016). The drought index is one of the most important indicators to 
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measure and monitor otherwise normal water availability conditions. It can be used for an 

early warning system. Several drought indices have been developed and reported, e.g. 

Standardized Precipitation Index (SPI), Standardized Stream Flow Index (SSFI), and 

Standardized Soil Moisture Index (SSMI). Earlier studies about these indices and their 

importance have been discussed in Chapter 2. 

8.3 Hybrid Drought Index 

The estimation of the hybrid drought index for the study area is a systematic procedure. 

The data related to streamflow, precipitation and soil moisture was required and 

processed separately to determine SPI, SSFI and SSMI, finally integrated. The following 

sections describe the procedure for its estimation and also its validation. 

8.3.1 Data Analysis 

For as long as 44 years, the precipitation data were collected from the Ministry of Water 

and Irrigation, Jordan, and soil moisture was obtained from the European Space Agency 

(ESA) Climate Change Initiative soil moisture version 3.3 (See section 4.1.2). The data 

was further divided into two major seasons, the rainy (October to May) and summer 

months (June to September). However, streamflow data for the same period was not 

available. Hence, the SWAT watershed model was calibrated and verified to predict the 

monthly streamflow data for the same period as the other two variables (Please refer 

Chapter 7:). 

8.3.2 Drought estimation 

Taking monthly data of precipitation depth, streamflow, and soil moisture data between 

1979 and 2014 as inputs, the drought indices SPI, SSI, and SSMI were calculated. 

Standardized Precipitation Index (SPI) for each month was computed by estimating the 
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critical coefficient of gamma distribution (Lin et al. 2014; Winkler et al. 2017) given in 

Eq. (8.1):  

/1
k

1
( )       for  x  > 0

( )
kx

k kg x x e 
 




              8.1 

Thereafter, the precipitation data was transformed to normally distributed SPI and 

described as in Eq. 8.2: 

P

P P
SPI




           8.2 

where P is the aggregated precipitation, P  is the respective mean, and P  represents the 

standard deviation of available data (Keyantash, 2020). Similarly, SSFI and SSMI were 

also computed in the same method but using streamflow and soil moisture as respective 

data inputs in estimation. 

The magnitude of SPI, SSFI and SSMI, drought index value was found to be 

varying within -4 to +5. Fig.  8.1 shows the times series plot of the three indices from 

January 1979 to December 2013. The figure shows that drought has occurred almost 

every year during non-rainy months and in the wet months (October-May). SPI and SSFI 

are observed to follow the same pattern. When SPI and SSFI are found to reduce, there is 

a considerable reduction in SSMI. This severity coincides with the decreasing SPI and 

SSFI during 1993-2001 (not visible in the figure) and 2003-2013.  
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Fig.  8.1 Time series plot of SPI, SSI, and SSMI for Jan 1979 - Dec 2013. 
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8.3.3 Integrating the drought indices 

In real-life cases, the data are shown to be imprecise or vague; for that, the fuzzy set 

theory is a suitable tool for describing these situations. Where fuzzy handle these 

situations by referring to a degree to which the specific object belongs to a set. In these 

situations, though, we might suppose that a certain object x belongs to a certain set Y 

with a certain degree, but it can be that we are not sure about that. In other words, there 

might be uncertainty about the membership degree of x in Y, where there is no way to 

combine that uncertainty into the membership degrees. However, the fuzzy membership 

function is a suitable mathematical attributive for a Y to make a subjective evaluation of 

x. Nonetheless, different subjects Y can have different attributions of object x; thus, it is 

required to use multi membership functions to describe them (Deschrijver and Kerre, 

2005; Fan et al., 2019). 

Also, assigning weights to the three variables is necessary for aggregating the 

effects of these variables in the proposed hybrid index. For these, two methods of weight 

assignment were used and compared. These methods are described in appendix B: 

The weights so obtained by the two methods given above are shown in Table 8.1 

Based on the values obtained, it can be concluded that the entropy weight method and F-

AHP method will assign almost similar weights to three variables used in estimating the 

drought index. In order of preference, precipitation gets more weightage regarding its 

importance in describing the drought-like condition while soil moisture has 

comparatively lesser weightage. Based on the comparison between these methods, it can 

be seen that the monthly SPI series has the largest weight, whereas the monthly SSMI 
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series has the smallest weight, which also corroborates with the studies made by Chang et 

al. 2016 and Zhu et al. 2018. 

 Table 8.1 Weight assignment based on F-AHP and entropy method 

Method Precipitation Streamflow Soil moisture 

F-AHP 0.3750 0.3333 0.2917 

Entropy weight (monthly) 0.3619 0.3381 0.3000 

Entropy weight (3-month) 0.3687 0.3248 0.3065 

Entropy weight (6-month) 0.3559 0.3327 0.3114 

Entropy weight (12-month) 0.3560 0.3295 0.3145 

8.3.4 Estimation of Hybrid Drought Index (HDI) 

Based on the analysis in the previous section, the three selected indices were divided into 

ten classes that ranged from extreme wet to extreme drought (Table 8.2). The EW, SW, 

MW, LW, AW, AD, LD, MD, SD, and ED represents extreme wet, severe wet, moderate 

wet, light wet, abnormal wet, abnormal drought, light drought, moderate drought, severe 

drought, and extreme drought, respectively. 

The assumption of hybrid drought index is to build an indicator matrix with c 

classes and m indices and expressed in Eq. 8.3 as follows (Zhu et al. 2018):  
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To conveniently calculate Eq. (8.4) was used to transform matrix Y: 
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Table 8.1 HDI system of drought estimation 

Drought types Drought Indices 
Drought Classes 

EW SW MW LW AW AD LD MD SD ED 

Metrological drought SPI >1.6 [1.3,1.6] [0.8,1.3] [0.5,0.8] [0,0.5] [-0.5,0] [-0.8,-0.5] [-1.3,-0.8] [-1.3,-1.6] <-1.6 

Hydrological drought SSFI >1.6 [1.3,1.6] [0.8,1.3] [0.5,0.8] [0,0.5] [-0.5,0] [-0.8,-0.5] [-1.3,-0.8] [-1.3,-1.6] <-1.6 

Agriculture drought SSMI >1.6 [1.3,1.6] [0.8,1.3] [0.5,0.8] [0,0.5] [-0.5,0] [-0.8,-0.5] [-1.3,-0.8] [-1.3,-1.6] <-1.6 
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where iha  and ihb  are the left and right boundary values of the thh  index in the thi  class, 

respectively. 
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where xi of the thi index lies in [ ihy , 1ihy  ], the relative membership of xi to the thh class is 

calculated in Eq. 8.6 : 
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In addition, the relative membership degree to the rest of the classes is zero. Then, the 

indices matrix of the relative membership degree can be obtained. The relative 

membership degree of evaluating object to h class is computed as in Eq. 8. 7 and Eq. 8.8: 

1
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m
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          8.7 
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where xi denotes the weight of the thi index, iB is the weight of drought class, 

and
1

1
m

i
i




 . The characteristic value of the evaluating object is finally calculated as 

given in Eq. 8.9 below: 
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where H represents the Hurst index. 
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8.3.5 Wavelet Analysis for index validation 

The wavelet analysis can be useful in studying the periodicity of the component, e.g. 

rainfall, streamflow, soil moisture, and drought indices. In drought analysis, it can be 

useful in analyzing drought patterns, drought trends, and drought periodicity from a given 

index, and Li et al. (2020) have used continuous/cross wavelet transform, wavelet 

coherence and wavelet cross-correlation to find out the relationship and the links between 

meteorological drought and hydrological drought. 

The XWT of two sequences, x(t) and y(t), can be formed as WXY = WXWY∗ where 

WX and WY are the transform wavelet of x and y wavelet and * signifies composite 

conjugation. The cross wavelet power represents as |WXY |. The composite debate (Wxy) 

is taken as the indigenous comparative stage among xn and yn in the time occurrence 

period. Along with this, the hypothetical distribution of the cross wavelet power of both 

time sequences with contextual power spectra X
kP and Y

kP  is taken in Torrence and 

Compo (1998) as, 

*( ) ( ) ( )
x Y

n n X Y
k k

W S W S U p
D p P P

X Y


  

 
  
 
 

8.10 

where, ( )U p is the assurance level connected with the likelihood p for a likelihood 

density purpose, explained by the square root of the product of two χ2 distributions. 

A bivariate structure termed wavelet coherence must be described to analyse the 

association among two-time series. In support of the appropriate description of wavelet 

coherence, it first requires the cross wavelet transform and cross-wavelet power (Afshan 

et al. 2018; Zhu et al. 2018). The details of these techniques can be found in Afshan et al. 
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(2018). The following Eq. 8.11 can calculate the XWT for two-time sequence x(t) and 

y(t): 

*( , ) ( , ) ( , )xy x yW m n W m n W m n        8.11 

where ( , )xW m n , ( , )yW m n are two continuous wavelet transform of x(t) and y(t), 

separately, m is location index, n represents the measure, whereas * signifies a composite 

conjugate. The cross wavelet power can be calculated using cross wavelet transform 

as ( , )xW m n . Furthermore, the cross wavelet power spectra disclose regions in the time 

sequence frequency space. The time sequence displays a massive mutual power that 

symbolises the confined covariance among the time sequence at every measure (Afshan 

et al., 2018). The wavelet coherence can identify areas in the time-frequency gap where 

the observed time series change simultaneously but do not essentially have massive 

mutual power. According to Torrence and Webster (1999), the equation of adjusted 

wavelet coherence coefficient is as follows: 
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

 
           8.12 

Fig.  8.2 displays the continuous wavelet transform between meteorological, 

hydrological, agriculture, related drought indices and the hybrid drought index. In the 

figure, the thick curved line represents the cone of influence (CoI); the dashed line is the 

significance level (5%) for the global wavelet spectrum. Based on the figure, it is found 

that the periodicity of drought predominately occurs within the band one year, meaning 

the drought had a frequency of occurrence every year. Studying the relations between 

drought variations and climatic patterns such as Niño3.4 is helpful to understand the 

drought mechanism and evaluate the effect of atmospheric circulation on regional 



 

 158   
 

drought characteristics (Guo et al. 2018). Hence, large-scale sunspot activity (Niño3.4 

index) was used to validate further the proposed index (Zhu et al. 2018). Fig.  8.2 and 8.3 

represent the relations between the proposed index with Niño index also. 

 
Fig.  8.2 Continuous wavelet power spectra for the time series of the transform 

relationships of (a) rainfall, streamflow, and soil moisture, (b) HDI using F-AHP with 

SPI, SSFI, and SSMI, (c) HDI using ET weight with SPI, SSFI, and SSMI, (d) HDI using 

F-AHP with sunspot number Nino 3.4 index. 

The wavelet coherence locates the sections in time-frequency in which the time 

series co-vary (Fig. 8.4). Fig.  8.3 and Fig.  8.4 provide interesting findings, whereas the 

(b) 

(a) 

(c) 

(d) 
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results clearly show a strong relationship between the datasets. In comparison between 

XWT and WTC results, high power coherence is observed in all regions of the time 

series. 

 
 

Fig.  8.3 Cross wavelet transform between (a) rainfall, streamflow, and soil moisture, (b) 

HDI using F-AHP with SPI, SSFI, and SSMI, (c) HDI using ET weight with SPI, SSFI, 

and SSMI, (d) HDI using F-AHP with sunspot number Nino 3.4 index 

(a) 

(b) 

(c) 

(d) 
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Fig.  8.4 Wavelet Coherence(WCO) between (a) rainfall, streamflow, and soil moisture, 

(b) HDI using F-AHP with SPI, SSFI, and SSMI, (c) HDI using ET weight with SPI, 

SSFI, and SSMI, (d) HDI using F-AHP with sunspot number Nino 3.4 index 

8.3.6 Understanding Correlations and trend analysis 

After working out the drought indices, Pearson Correlation Coefficient (PCC) with 0-, 1-, 

3-, and 6-lag was used to analyze the drought delay in the response parameter. The results 

obtained are given in Table 8.2. A high correlation coefficient between SPI and 

SSFI/SSMI indicates that precipitation is a significant parameter. In a 1-month 

accumulation period, it can be observed from the table that the drought condition quickly 

(a) 

(b) 

(c) 

(d) 
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changes between months as the PCC coefficient between SPI and SSMI are high (r = 

0.53) and SPI and SSFI (r = 0.38). At the same time, soil moisture response to 

streamflow is weak (r = 0.49) at a different lag time. Also, the 3-months accumulation 

period shows better performance compared to a shorter timescale for detecting the 

drought. The 6- and 12-month periods showed similar results for other periods in the soil 

moisture response to precipitation. 

On the other hand, the response of soil moisture to streamflow was clearly shown by PCC 

values as it increased from r = 0.55 to r = 0.63. The long-term timescale analysis, i.e. 12-

month accumulation period, shows that the drought is controlled by streamflow. Based on 

PCC analysis, it is found that monthly and 3-month cumulative periods were useful in 

analyzing and detect the short-term behaviour. At the same time, 6- and 12-month were 

able to capture a long-term behaviour, and hence these periods are more suitable to study 

the drought conditions in the area.  

To further detect the sudden changes in the time series data of precipitation, 

streamflow, and soil moisture data along with the drought indices computed above, a 

trend analysis was performed using the Innovative trend analysis method proposed by 

Şen (2012). Although various methods are available to detect the trend in time series 

data, the present method was chosen over others for two reasons; first, this method 

generates seven possible trend conditions compared to trendless, increasing and 

decreasing trends. Secondly, this method gave better validation when predicting the trend 

in precipitation data for the same area in a previous study (Al Balasmeh et al., 2019). The 

analysis of this method on the data set the revealed trend in monthly and seasonal 

precipitation, streamflow, soil moisture, and their related indices 
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Table 8.2 PCC analysis for drought indices 

Monthly data 

Lag 0 SPI SSFI SSMI  Lag 3 SPI SSFI SSMI 

SPI 1.00 SPI 1.00 

SSFI 0.38 1.00 SSFI 0.36 1.00 

SSMI 0.53 0.49 1.00 SSMI 0.51 0.49 1.00 

Lag 1 SPI SSFI SSMI Lag 6 SPI SSFI SSMI 

SPI 1.00 SPI 1.00 

SSFI 0.38 1.00 SSFI 0.37 1.00 

SSMI 0.53 0.49 1.00 SSMI 0.51 0.49 1.00 

3-Months period 

Lag 0 SPI-3 SSFI-3 SSMI-3 Lag 3 SPI-3 SSFI-3 SSMI-3 

SPI-3 1.00 SPI-3 1.00 

SSFI-3 0.42 1.00 SSFI-3 0.40 1.00 

SSMI-3 0.57 0.54 1.00 SSMI-3 0.56 0.54 1.00 

Lag 1 SPI-3 SSFI-3 SSMI-3 Lag 6 SPI-3 SSFI-3 SSMI-3 

SPI-3 1.00 SPI-3 1.00 

SSFI-3 0.41 1.00 SSFI-3 0.40 1.00 

SSMI-3 0.56 0.54 1.00 SSMI-3 0.56 0.54 1.00 

6-Months period 

Lag 0 SPI-6 SSFI-6 SSMI-6 Lag 3 SPI-6 SSFI-6 SSMI-6 

SPI-6 1.00 SPI-6 1.00 

SSFI-6 0.40 1.00 SSFI-6 0.39 1.00 

SSMI-6 0.55 0.55 1.00 SSMI-6 0.54 0.55 1.00 

Lag 1 SPI-6 SSFI-6 SSMI-6 Lag 6 SPI-6 SSFI-6 SSMI-6 

SPI-6 1.00 SPI-6 1.00 

SSFI-6 0.39 1.00 SSFI-6 0.39 1.00 

SSMI-6 0.54 0.55 1.00 SSMI-6 0.54 0.55 1.00 
12-Months period 

Lag 0 SPI-12 SSFI-12 SSMI-12 Lag 3 SPI-12 SSFI-12 SSMI-12 

SPI-12 1.00 SPI-12 1.00 

SSFI-12 0.40 1.00 SSFI-12 0.40 1.00 

SSMI-12 0.48 0.63 1.00 SSMI-12 0.48 0.63 1.00 

Lag 1 SPI-12 SSFI-12 SSMI-12 Lag 6 SPI-12 SSFI-12 SSMI-12 

SPI-12 1.00 SPI-12 1.00 

SSFI-12 0.40 1.00 SSFI-12 0.40 1.00 

SSMI-12 0.48 0.63 1.00 SSMI-12 0.48 0.63 1.00 

.  



 

 163   
 

Table 8.3 Trend identification for various parameters 

Monthly data 
Lag 0 SPI SSFI SSMI  Lag 3 SPI SSFI SSMI 

SPI 1.00 SPI 1.00 
SSFI 0.38 1.00 SSFI 0.36 1.00 
SSMI 0.53 0.49 1.00 SSMI 0.51 0.49 1.00 

Lag 1 SPI SSFI SSMI Lag 6 SPI SSFI SSMI 
SPI 1.00 SPI 1.00 
SSFI 0.38 1.00 SSFI 0.37 1.00 
SSMI 0.53 0.49 1.00 SSMI 0.51 0.49 1.00 

3-Months period 
Lag 0 SPI-3 SSFI-3 SSMI-3 Lag 3 SPI-3 SSFI-3 SSMI-3 

SPI-3 1.00 SPI-3 1.00 
SSFI-3 0.42 1.00 SSFI-3 0.40 1.00 
SSMI-3 0.57 0.54 1.00 SSMI-3 0.56 0.54 1.00 

Lag 1 SPI-3 SSFI-3 SSMI-3 Lag 6 SPI-3 SSFI-3 SSMI-3 
SPI-3 1.00 SPI-3 1.00 
SSFI-3 0.41 1.00 SSFI-3 0.40 1.00 
SSMI-3 0.56 0.54 1.00 SSMI-3 0.56 0.54 1.00 

6-Months period 
Lag 0 SPI-6 SSFI-6 SSMI-6 Lag 3 SPI-6 SSFI-6 SSMI-6 

SPI-6 1.00 SPI-6 1.00 
SSFI-6 0.40 1.00 SSFI-6 0.39 1.00 
SSMI-6 0.55 0.55 1.00 SSMI-6 0.54 0.55 1.00 

Lag 1 SPI-6 SSFI-6 SSMI-6 Lag 6 SPI-6 SSFI-6 SSMI-6 
SPI-6 1.00 SPI-6 1.00 
SSFI-6 0.39 1.00 SSFI-6 0.39 1.00 
SSMI-6 0.54 0.55 1.00 SSMI-6 0.54 0.55 1.00 

12-Months period 
Lag 0 SPI-12 SSFI-12 SSMI-12 Lag 3 SPI-12 SSFI-12 SSMI-12 

SPI-12 1.00 SPI-12 1.00 
SSFI-12 0.40 1.00 SSFI-12 0.40 1.00 
SSMI-12 0.48 0.63 1.00 SSMI-12 0.48 0.63 1.00 

Lag 1 SPI-12 SSFI-12 SSMI-12 Lag 6 SPI-12 SSFI-12 SSMI-12 
SPI-12 1.00 SPI-12 1.00 
SSFI-12 0.40 1.00 SSFI-12 0.40 1.00 
SSMI-12 0.48 0.63 1.00 SSMI-12 0.48 0.63 1.00 
Y- refers to decrease trend, and N refers to trendless.  

The Hurst index was found to be more than 0.5. Other Hurst indices values refer 

to types of time series, where there are three possible values for Hurst index: i) H < 0.5, it 

refers to the trend of time series in the future will be opposite to the current and past 

trend. ii) H = 0.5, it refers that the time series is independent. iii) H > 0.5, it refers that the 

trend in the future will be similar to the current and past trends (Gammel 1998). Thus, the 

Hurst index can also be applied to analyse drought persistence in the Wadi Shueib 
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catchment. It can be easily observed from Fig.  8.5 that the droughts indices are following 

a trend, which is consistent with the finding of Törnros and Menzel (2014) and Rajsekhar 

and Gorelick (2017). For verifying the performance of HDI as a multi variables index 

against single drought indices, the times series plot of SPI, SSFI, and SSMI were 

compared with HDI shown in Fig.  8.5a.  

 

 
Fig.  8.5 Drought propagation for the basin during a) 1979-2014, b) 2006-2007. 

(b) 

(a) 
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From the figure, it can be observed that HDI follows a similar trend as other 

indices. For the sake of more clarity, the period between 2006 and 2008 has been 

highlighted in Fig.  8.5b. From Fig.  8.5b, the trend can be seen between HDI and other 

drought indices, and the trend is seen to almost relate to other drought indices. The 

increase and decrease of SPI, SSFI, and SSMI also reflect a similar HDI trend. This trend 

indicates that HDI can reflect even small changes in the single variable indices, thus 

allowing for comprehensive characterizations of meteorological, hydrological and 

agricultural droughts. Based on the PCC test, as given in Table 8.4, a strong correlation 

between HDI and SPI, SSFI, and SSMI. 

Table 8.4 PCC analysis between HDI and other drought indices 

Method SPI SSFI SSMI 
F-AHP-HDI 0.91 0.84 0.73 
Monthly Entropy-HDI 0.91 0.84 0.74 
3-month Entropy-HDI 0.95 0.88 0.89 
6-month Entropy-HDI 0.94 0.89 0.85 
12-month Entropy-HDI 0.67 0.85 0.75 

8.4 Conclusions 

Thus based on the preliminary analysis, the proposed HDI model's reliability is 

established, which was further established by performing trend analysis using the wavelet 

analysis approach given in the Wavelet Analysis for validation section. The wavelet 

analysis between Hybrid drought indices (HDI) using F-AHP and Entropy weight (EW) 

and standardized drought indices (SPI, SSFI, and SSMI) was performed. No significant 

variation was observed in the analysis. A significant positive correlation was found 

between HDI and other indices in 1-year signal for all dataset series. The wavelet 

coherence supports this relationship since a strong positive correlation appears in the time 

series. It is found that HDI shows a statistically significant positive relationship with 1 to 



 

 166   
 

3 years signal in 2008-2012, 4 to 5 years signal in 1985-1990, and 10 to 12 years signal in 

1993-2005. Besides that, it has been that the SPI is more sensitive to capture the drought 

onset. Or in other words, the meteorological drought or deficiency in precipitation is 

responsible for the onset of various drought types. In contrast, the streamflow drought is 

more capable of determining the realistic drought persistence. 

 



 

 167   
 

Chapter 9: Soil Erosion Management Practices 

9.1 Introduction 

Soil erosion from the watershed and its transportation and deposition in the reservoir is 

one of the major issues which affect the reservoirs operations. As discussed in previous 

chapters, Jordan and especially the Wadi Shueib catchment face water deficiency as the 

water is required mainly for irrigation among other sectors from the Wadi Shueib 

reservoir. However, it was reported that the reservoir is losing its storage capacity due to 

the deposited sediment at a higher rate (Ministry of Water and Irrigation of Jordan, 2016). 

Due to the soil erosion in the catchment, the sediment is carried into the reservoir. So, 

there is a need for management practices in this catchment for reservoir sustainability and 

efficient operations for a longer period. However, before implementing any preventive 

measures at the catchment scale, it must be tested as to which soil erosion management 

can benefit while keeping the surrounding environment safe. In this chapter, the 

management practices under laboratory-scale experiments were carried out, and the best 

organic land cover implemented in the field scale was found. The work deals with the 

overland flow, infiltration, and soil erosion under different vegetative cover, slopes, and 

extreme rainfall conditions. The results were verified using mathematical models. This 

knowledge will help to determine the differences in soil loss and groundwater recharge 

using different land covers at a larger field scale. The ground slope and rainfall intensity 

were chosen following the field conditions in extreme cases. 
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9.2 Experimental Analysis 

9.2.1 Experimental Set up 

Laboratory-scale experiments were conducted to study the impact of land covers on soil 

erosion, infiltration, and surface runoff. Using steel plates, an experimental flume was 

fabricated with dimensions 140 x 100 x 30 cm3 (Fig.  9.1). Six adjustable flow nozzles 

with 1.6 mm diameter (Spray angle = 40o - 120o) were fixed with a pipe network so that 

water at desired rates could be sprayed uniformly over the surface area of the flume. The 

experiment was designed for a 175 mm/hr peak rainfall intensity, as measured by a rain 

gauge. Near the flume outlet, two tapered plates were attached to the body of the flume, 

one at the top and the other at the bottom, to collect the overland flow and sub-surface 

flow, respectively (Fig.  9.1). Six holes of 4 cm diameter each were made near the 

downstream plate to drain the subsurface flow to the tapered plate. The basic requirement 

of any simulator design must produce near-natural rainfall characteristics (Chouksey et 

al., 2017; Mhaske et al., 2019). So, similar rainfall characteristics were ensured before 

experiments were conducted in the laboratory. 

 
Fig.  9.1 Sprinkler installation diagram 

(1) Water supply 
(2) Water tank for inflow 
recharge 
(3) Nozzles for rainfall 
(4) Soil area 
(5) Conduit 
(6) Discharge trough inflow 
(7) Barrier of inflow 
(8) Barrier of surface flow 
(9) Discharge trough surface 
flow 
(10) watered holes. 
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In-situ soil density was measured in the field and the flume using an SDG200 

Non-Nuclear Soil Density Gauge (make: Transtech systems). Soil water contents were 

also measured before each experiment to ensure that soil moisture was similar to the in-

situ conditions. 

9.2.2 Experimental procedure 

A total of 56 experiments (Fig.  9.1) were performed by varying surface slopes, soil 

types, and organic covers. Almost all the experiments were duplicated to verify 

consistency in the results. A few initial experiments were conducted to determine the 

time required for consistent seepage and plan intervals to collect samples (overland and 

sub-surface flow). Experimental conditions are listed in Table 9.1. 

Fig.  9.2 shows the three types of covers used: (i) khus (variety of grass), (ii) dry 

tree leaves, (iii) and dry wheat straw. Khus resembles dry grass; it is also known as wood 

wool or excelsior in North America. 

Table 9.1 Experiment conditions 

Cover Bare Dry Leaves Khus Wheat Straw No. of 
experiments 
conducted Soil mark Slope (%) 

Soil-1 
5 5 5 5 16 
10 10 10 10 16 

Soil-2 

5 5 5 5 8 
7.5 - - 7.5 4 
10 10 10 10 8 
40 - - 40 4 

Before starting each experiment, the flume was filled with 600 ± 10 kg of natural 

air-dried soil. This soil was manually spread over the bottom of the flume and compacted 

such that the layer was not more than 100 mm.  Soil density gauge was used to ensure 

that its density was similar to in-situ soil bulk density (~1900 kg/m3) up to the top level. 
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Fig.  9.2 Various covers used in the experiments 

Particle size distribution of soil 1 and 2 are given in (Fig. 9.3). Table 9.3 shows 

soil characteristics and physical properties for each soil type used. The compaction 

process was carried out in four layers with a top layer of ~30 mm. Soil moisture content 

was measured 24 hours before starting each experiment using the oven-dry method (at a 

temperature of about 100 ºC) to ensure a moisture content of ~17.5%. Additional 

Bare Soil Straw cover 

Dry leaves Khus cover 
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moisture, if required, was added to the soil in the flume to get similar in-situ soil moisture 

content. A similar set of experiments was also conducted with bare soil, considered the 

base case in the present work. The experiments were carried out until the sub-surface 

flow became steady, with constant precipitation. 

 

Fig. 9.3 Sieve analysis for Soil-1 (solid line) and Soil-2 (dash line) 

9.2.3 Estimation of rainfall parameters 

The following section describes the estimation of rainfall parameters such as 

rainfall intensity, raindrop size, rainfall uniformity, kinetic energy, and rainfall velocity. 

These parameters directly control soil erosion. Therefore, to obtain consistent results, 

these parameters need to be set following previous studies conducted by other 

researchers. 
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Table 9.2 Detailed results of the experiment 

ID Soil Cover Slope (%) 
Runoff (ml/s) Average (ml/s) 

Std. Dev.  
Min Max Min Max 

1 1 Bare 5 0 39 

0 40.5 3.8 
2 1 Bare 5 0 36 
3 1 Bare 5 0 42 
4 1 Bare 5 0 45 
5 1 Dry leaves 5 0 25 

0 27.7 4.8 
6 1 Dry leaves 5 0 34 
7 1 Dry leaves 5 0 29 
8 1 Dry leaves 5 0 23 
9 1 Khus 5 0 20 

0 18.0 2.9 
10 1 Khus 5 0 16 
11 1 Khus 5 0 21 
12 1 Khus 5 0 15 
13 1 Wheat Straw 5 0 10 

0 12.7 2.5 
14 1 Wheat Straw 5 0 13 
15 1 Wheat Straw 5 0 16 
16 1 Wheat Straw 5 0 12 
17 1 Bare 10 0 62 

0 58.7 4.6 
18 1 Bare 10 0 57 
19 1 Bare 10 0 53 
20 1 Bare 10 0 63 
21 1 Dry leaves 10 0 47 

0 45 2.2 
22 1 Dry leaves 10 0 46 
23 1 Dry leaves 10 0 42 
24 1 Dry leaves 10 0 45 
25 1 Khus 10 0 44 

0 42.2 3.3 
26 1 Khus 10 0 39 
27 1 Khus 10 0 40 
28 1 Khus 10 0 46 
29 1 Wheat Straw 10 0 21 

0 19.5 2.6 
30 1 Wheat Straw 10 0 19 
31 1 Wheat Straw 10 0 22 
32 1 Wheat Straw 10 0 16 
33 2 Bare 5 0 25 

0 23.5 2.1 
34 2 Bare 5 0 22 
35 2 Dry leaves 5 0 19 

0 18.5 0.7 
36 2 Dry leaves 5 0 18 
37 2 Khus 5 0 21 

0 20.5 0.7 
38 2 Khus 5 0 20 
39 2 Wheat Straw 5 0 15 

0 13.0 2.8 
40 2 Wheat Straw 5 0 11 
41 2 Bare 7.5 0 35 

0 33.0 2.8 
42 2 Bare 7.5 0 31 
43 2 Wheat Straw 7.5 0 12 

0 13.0 1.4 
44 2 Wheat Straw 7.5 0 14 
45 2 Bare 10 0 39 

0 36.5 3.5 
46 2 Bare 10 0 34 
47 2 Dry leaves 10 0 21 

0 23.5 3.5 
48 2 Dry leaves 10 0 26 
49 2 Khus 10 0 23 

0 24.5 2.1 
50 2 Khus 10 0 26 
51 2 Wheat Straw 10 0 11 

0 13 2.8 
52 2 Wheat Straw 10 0 15 
53 2 Bare 40 0 37 

0 37.5 0.7 
54 2 Bare 40 0 38 
55 2 Wheat Straw 40 0 18 

0 16.5 2.1 
56 2 Wheat Straw 40 0 15 
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Table 9.3 Soil characterization and hydraulic properties 

Soil Mark Soil-1 Soil-2 
Sand (%) 85 92 
Silt (%) 10 4 
Clay (%) 5 4 
θs (m

3/m3) 0.36 0.34 
θf(m

3/m3) 0.14 0.121 
θw (m

3/m3) 0.06 0.051 
Ks (mm/s) 0.0188 0.0525 

θs, θf, θw, and Ks refer to saturated water content, field moisture capacity, wilting coefficient, and saturated 
hydraulic conductivity, respectively 

9.2.3.1 Rainfall intensity 

Rainfall intensity is the main parameter in any experimental study with a rainfall 

simulator, mostly based on nozzles spray (Parsons and Stone, 2006). Here, full cone 

spray nozzles were used with a circular spray pattern by Spraying Systems Co., India 

(www.sprayindia.com).  The flow rate and rainfall intensity are affected by water 

pressure, although the nozzle spray angle remains. The rainfall intensity was measured 

using Symon’s rain gauge (Mhaske et al., 2019). 

9.2.3.2 Raindrop size 

The drop size of natural rainfall varies from 0.5 to 6 mm, and during heavy rain, it 

can be still higher. Several methods estimate the raindrop size (e.g. stain, flour pellet, 

photographic and laser-optical method (Mhaske et al., 2019). The flour pellet method and 

digital image enhancement techniques were used to measure raindrop size in this work.  

Fig. 9.4 shows the impressions of raindrops on the floured surface, where the 

floured surface was placed on a plate having dimensions (21 x 17 x 5 cm deep) to fill 

with fine flour to a height of approximately 2.5 cm. The rainfall drops from the nozzle 

were allowed to fall onto the floured surface for less than 2 seconds (Laws and Parsons, 

1943). The flour was kept in an oven for 24 h at 100oC to make the floured surface harder 
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for further measurements (Kohl, 1974). The image processing enhancement technique 

was then used to measure the raindrop diameter. 

 

Fig. 9.4 Drop distribution using flour pellet method (a) flour exposed and (b) digital 

impressions of raindrops 

9.2.3.3 Rainfall uniformity 

The spatial distribution of rainfall in the flume provides a measure of rainfall 

homogeneity. Six adjustable flow nozzles covered a soil surface area of 1.4 m2. To 

determine the uniformity coefficient, we used one nozzle at a time. A rectangle of size 

0.5 m x 0.5 m was marked on the soil inside the flume. The uniformity of the rainfall 

distribution was estimated using four dishes kept at equal distances, at corners of the 

rectangle having a nozzle at the centre. Later, the amount of rainfall collected in these 

dishes was used to estimate the uniformity using the Christiansen coefficient (Cu) Eq. 9.1 

(Mhaske et al., 2019): 

11

n
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u

R M
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nM



          9.1 

where iR represent the amount of rainfall in each petri dish; M is the average rainfall in 

Petri dishes. The Christiansen coefficient (Cu) varies from 0 to 100% depending on the 
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uniformity of rainfall, where 100% represents the uniform distribution of rainfall and 0% 

is the completely non-uniform distribution. 

9.2.3.4 Kinetic energy and rainfall velocity 

The rainfall KE represents the potential ability of rain to disrupt soil aggregates. 

The KE, as proposed by Wischmeier and Smith (1958), is given as Eq. 9.2 and Eq. 9.3: 

1011.897 8.73log e I         9.2 

n

i=0

eKE P           9.3 

 where e is the kinetic energy (J/mm.m2), I is the rainfall intensity (mm/h), P is the 

rainfall amount (mm), KE is the kinetic energy (J/m2), and n is the number of rainfall 

periods. 

The fall velocity of raindrops was estimated based on the comparison between the 

measured and terminal velocity of raindrops to its diameter (Lows and Parson, 1943) 

given as: 

20.43 3.43 0.59   RV d d                9.4 

0.673.78TV d                 9.5 

where RV represents the raindrop velocity, TV  is the terminal velocity, and d is the 

diameter of the raindrop (mm). The terminal velocity equation was used by (Fox 2004) 

and is reasonably accurate across the range of diameter and makes the computation 

straightforward, comparing with other formulas (Beard, 1976; Rogers and Yau, 1992).  

9.2.4 Soil Infiltration Rate 

The infiltration rate is considered a vital parameter, affecting the groundwater 

recharge, and any change of infiltration rate directly influences surface runoff. The soil 
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infiltration rate was calculated to analyze the dynamic variation of infiltration rate in each 

case with different land covers by using Eq. (9.6) (Pan and Shangguan, 2006): 

10
cos

R
It

S
t





                 9.6 

 where   refers to the infiltration rate (mm/min), I refers to the rainfall intensity 

(mm/min), t refers to the time for infiltration (min),  represents the surface slope in 

degree, R is the total runoff (ml), and S is the rain-affected area of slope (cm2). 

9.2.5 Mathematical models 

From the experimental results, mathematical model coefficients were estimated 

for overland flow, subsurface flow and infiltration rate. Mu et al. (2015) gave the fitted 

curves for surface flow and infiltration rate for different land covers based on rainfall 

intensity and slope. Mu et al. (2015) proposed two equations (Eq. 9.7 and Eq. 9.8) to fit 

the overland flow and subsurface flow, as i) logarithmic model and ii) polynomial model: 

( ) ln( )f t b t a               9.7 

2( )f t at bt c            9.8 

where f(t) represents model fitting, a, b, and c are the fitting parameters, and t is the time. 

Mu et al. (2015) also used Horton’s and Kostiakov’s model to fit the observed 

infiltration rate.  

9.2.5.1 Horton’s model 

Horton's model is an empirical method of the infiltration equations. Horton gives 

infiltration capacity as a function of time as in Eq. 9.9 (Horton, 1940): 

( ) kt
c o cf f f f e             9.9 
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where of is the initial infiltration capacity (mm/h); cf is the final or equilibrium 

infiltration capacity (mm/h); f is the infiltration capacity (mm/h) at time t (h); k is an 

exponent governing the rate of decline of infiltration capacity (h-1). 

Two different cases can happen during the infiltration process: ponding and non-

ponding condition cases. These conditions accommodate time-varying rainfall intensities 

in the ponding condition case, where the rainfall intensity is less than the saturated 

hydraulic conductivity of the soil during the storm. While in the case of non-ponding, the 

infiltration capacity of soil is greater than the rainfall intensity.  

It shows that if the precipitation exceeds the infiltration capacity, infiltration tends 

to decrease exponentially. Total infiltrated water depth within a specific period can be 

represented as an area under the curve at that period.  

9.2.5.2 Kostiakov model 

Kostiakov (1932) developed a physically-based infiltration model extensively 

used due to its simplicity and accuracy. Kostiakov models the infiltration capacity to time 

as in Eq. 9.10 below: 

f t             9.10 

 Where, f is the cumulative infiltration rate after time t,  and are the constants. The 

parameter   represents the initial water infiltration rate into the soil; α is an index of soil 

structural stability. 

Similarly, observed data were fitted using Eqs. 8.7-8.10 for surface flow, sub-

surface flow and infiltration rate. These equations will help understand the dynamics of 

the infiltration rate (Eqs. 8.9-8.10). 



 

 178   
 

9.2.5.3 USLE model 

The Universal Soil Loss Equation (USLE) has provided a model for predicting 

soil erosion loss that has been used rightly and wrongly throughout the world 

(Wischmeier and Smith, 1978). USLE was used to calculate the soil loss rate in the 

runoff plots under different scenarios, as given in Eq. 9.11 below:  

A R K L S CP               9.11 

where A is the soil loss rate (t·ha−1·year−1), R is the average annual rainfall-runoff 

erosivity factor (MJ⋅mm·ha−1·h−1·year−1), K is the soil erodibility factor (t⋅h⋅MJ−1·mm−1), 

L is the slope length factor (dimensionless), S is the slope steepness factor 

(dimensionless), C is the cover-management factor (dimensionless), and P is the support 

practice factor (dimensionless). 

9.2.5.4 MUSLE model 

The Modified Universal Soil Loss Equation (MUSLE) model applies to points 

where the overland flow enters streams. Then the sediment delivered to these points 

concentrates on giving the total sediment load delivered to the stream network within a 

watershed for a given storm event. By including the runoff as an independent factor in 

predicting erosion, MUSLE improves the accuracy of soil erosion prediction compared to 

the USLE and Revised USLE models (Sadeghi et al., 2007; Benavidez et al., 2018). 

MUSLE can be expressed by the following Eq. (9.12): 

0.5611.8( )Y Qq KLSCP         9.12 

where Y is the sediment yield in metric tons for a storm event, Q is the runoff volume 

(m3), q is the peak flow rate in m3s-1, K is the soil erodibility factor (t⋅h⋅MJ−1·mm−1), L is 

the slope length factor (dimensionless), S is the slope steepness factor (dimensionless), C 
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is the cover-management factor (dimensionless), and P is the support practice factor 

(dimensionless).  

MUSLE equations were used to verify soil loss results from laboratory-scale 

experiments. It can be worth mentioning that the Universal Soil Loss Equation (USLE) 

was not used to verify the results due to improved accuracy in the MUSLE model 

(Williams, 1975a, b; Williams and Berndt, 1977; Neitsch et al., 2005; Sadeghi et al., 

2007).  

9.2.5.5 Model evaluation 

The USLE and MUSLE model predictions were evaluated using the NSE (Nash 

and Sutcliffe, 1970). NSE was calculated using Eq.7.4. 

9.3 Results and Discussion 

Before the soil erosion experiments, the rainfall simulator system was calibrated 

with an average rainfall intensity of 144 mm/h against the natural rainfall occurrence in 

arid to semi-arid regions. The uniformity of rainfall distribution was ~98% Christiansen 

coefficient. The raindrop diameters from the nozzles varied between 0.57 and 3.77 mm 

(Fig. 9.5a). Rainfall velocity, terminal velocity, and kinetic energy of raindrops were 

estimated to be 2.39 to 7.39 m/s, 2.58 to 9.19 m/s, ~1072.11 J/m2/h, respectively (Fig. 

9.5b). These values are within the range as reported by Laws (1941) under different 

platforms height and intensities in laboratory conditions, while the rainfall intensity in-

situ varied between 30 and 250 mm/h. Fig. 9.6 shows the overland flow directions during 

the experiment.  
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Fig. 9.5 (a) Raindrop diameter calibration using flour pellet method, and (b) Comparison 

of terminal velocity and measured velocity to raindrop diameters 

9.3.1 The Response of Surface Flow 

Soil-1 with the bare surface having 5% and 10% slopes exhibited the maximum 

overland flow rate as ~40 ml/s and ~60 ml/s, respectively (Fig. 9.7a-d). Khus, dry leaves 

and wheat straw cover, with 10 % slope, reduced the overland flow rate to 40 ml/s, 40 

Length= 2.2 mm 
Length= 1 mm 

(a) 

(b) 
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ml/s (33 % reduction) and 25 ml/s (60% reduction), respectively. However, with a 5% 

slope and wheat straw cover, the overland flow rate was reduced to 15 ml/s. Soil-2 with 

the bare surface having 5%, 10%, and 40% slope exhibited a maximum overland flow 

rate of 32, 35, and 55 ml/s, respectively. The flow rate was reduced to 15, 15 and 25 ml/s 

with wheat straw cover for the respective slopes. Thus a maximum reduction in overland 

flow rate of ~55% was found using wheat straw in Soil-2. Based on Mu et al. (2015), the 

surface flow rate was fitted with: (i) 2nd order polynomial and (ii) logarithmic model. The 

polynomial model fits better than the latter, with R2 ranging between 0.83- 0.97, as shown 

in Table  9.4. Fig. 9.8 shows a typical fit of experimental data with the exponential 

function.  

 

Fig. 9.6 Visualization of flow direction in experiments flume (runoff velocity variation) 
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Fig. 9.7 Surface runoff with a) Soil-1and 5% slope, b) Soil-1 and 10% slope, c) Soil-2 

and 5% slope, and d) Soil-2 and 10% slope, respectively. 
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Fig. 9.8 Surface runoff with curve fitting 

9.3.2 The Response of Sub-surface Flow 

Soil-1 in bare condition with 5% slope only exhibited subsurface flow with a peak flow 

rate of 8 ml/s. The subsurface flow was increased to ~14 ml/s with wheat straw cover 

(Fig. 9.9a). Soil-2 with 5% and 10% slopes and the wheat straw cover showed a peak 

flow rate of 35 ml/s, although there were variations in time response of flow rate (Fig. 

(d) 
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9.9b and Fig. 9.9c). The present findings are in agreement with the study conducted by 

Paul (2006). He reported that vegetation cover increased the groundwater recharge 

compared to bare soil. In contrast, groundwater recharge with wheat straw was the most 

efficient cover type among all vegetation covers. Similar to the surface flow rate, the 

subsurface flow rate also showed a better fit with the polynomial model (Table 9.5).  

 

Table 9.4 Curve fitting of surface flow at different slopes 

Surface Flow 

Cover Slope (%) Soil mark 
f(t)=b*ln(t)+a f(t)= at2+bt+c 

a b R2 a b c R2 

Bare 

5 1 80.82 -10.03 0.91 -0.32 23.48 -24.06 0.95 

10 1 133.98 -100.29 0.91 -0.26 14.29 -21.16 0.88 

5 2 80.82 -10.03 0.91 -0.13 11.77 44.36 0.84 

7.5 2 92.3 -8.37 0.95 -0.34 20.47 16.69 0.93 

10 2 72.003 63.72 0.82 -0.22 16.12 79.84 0.83 

40 2 159.92 36.97 0.91 -1.02 48 40.18 0.92 

Straw 

5 1 152.99 -421.02 0.92 0.095 0.11 -4.704 0.89 

10 1 75.92 -74.78 0.81 -0.26 14.29 -21.16 0.88 

5 2 82.91 -173.17 0.9 -0.06 6.18 -26.15 0.91 

7.5 2 41.57 -36.92 0.86 -0.09 7.11 -17 0.96 

10 2 39.63 -32.05 0.78 -0.1 7.71 -13.68 0.88 

40 2 80.61 -18.33 0.88 -0.45 22.07 -4.9 0.89 

Leaves 

5 1 93.76 -123.9 0.7 0.021 7.91 -39.62 0.95 

10 1 81.023 114.55 0.78 -2.17 60.34 8.6 0.97 

5 2 66.82 -85.19 0.8 -0.09 9.39 -42.26 0.93 

10 2 66.82 -19.46 0.88 -0.17 12.92 12.36 0.9 

 

5 1 -400.51 153.78 0.82 0.15 -0.85 -2.62 0.9 

10 1 -53.6 59.26 0.74 -0.82 33.48 63.53 0.84 

5 2 59.26 -53.6 0.74 -0.16 12.11 -32.53 0.85 

10 2 76.75 -83.02 0.85 -0.15 12.77 -43.06 0.96 
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Fig. 9.9 Sub-surface discharge with a) Soil-1 and 5% slope; b) Soil-2 and 10% slope; c) 

Soil-2 and 5% slope. 

(a) 

(b) 

(c) 
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Table 9.5 Curve fitting of sub-surface flow at different slopes 

Sub-surface Flow 

Cover Slope (%) Soil mark 
f(t)=b*ln(t)+a f(t)= at2+bt+c 

a b R2 a b c R2 

Bare 

5 1 133.98 -100.29 0.91 -0.34 24.39 -31.53 0.95 

10 1 129.57 126.66 0.91 -0.65 33.73 148.61 0.85 

5 2 80.82 -10.03 0.91 -0.143 13.34 22.92 0.94 

7.5 2 92.3 -8.37 0.95 -0.33 19.81 22.56 0.92 

10 2 72.003 63.72 0.82 -0.203 14.73 96.71 0.82 

40 2 159.92 36.97 0.91 -0.97 45.91 55.92 0.9 

Straw 

5 1 158.92 -438.56 0.94 0.102 -0.018 -4.91 0.91 

10 1 75.92 -74.78 0.81 -0.28 15.02 -27.48 0.87 

5 2 46.58 -60.09 0.75 -0.081 7.46 -35.97 0.9 

7.5 2 41.57 -36.92 0.86 -0.11 7.79 -22.97 0.96 

10 2 39.63 -32.05 0.78 -0.11 7.95 -16.57 0.87 

40 2 80.61 -18.33 0.88 -0.46 22.32 -6.81 0.87 

Leavs 

5 1 186.92 -404.17 0.94 0.045 7.21 -33.69 0.94 

10 1 80.32 119.12 0.75 -0.57 26.34 87.2 0.93 

5 2 102.29 -200.36 0.92 -0.09 9.39 -42.26 0.93 

10 2 71.12 -26.57 0.91 -0.19 13.53 9.15 0.9 

Khus 

5 1 105.09 -241.37 0.75 0.15 -0.85 -2.62 0.9 

10 1 81.39 110.46 0.6 -0.59 26.4 88.155 0.86 

5 2 59.26 -53.6 0.74 -0.16 12.12 -32.53 0.85 

10 2 87.48 -115.89 0.89 -0.16 13.33 -50.26 0.97 

9.3.3 Time of Initiation of Overland and Sub-surface Flow 

The time of initiation is required to understand the effectiveness of a cover to hold 

the rainwater fallen on the ground for a longer duration and gradually release it to the soil 

to get sufficient time for infiltration. Fig. 9.7 shows the surface runoff to time under 

different soil, slope, and cover conditions. The surface runoff initiation time for bare soil 

with Soil-1 and 5% slope was ~2 minutes, but with khus and leaves surface cover, it 

increased to ~4 minutes. However, the initiation time was ~7 minutes (~3 times of bare 

soil) using wheat straw cover. For experiments at10% slope, initiation time increased 

from 3 minutes for bare soil to 10 minutes for wheat straw (~3 times bare soil). Similar 
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findings were also observed inflow initiation time with Soil-2, where an increase of 

approximately five times was observed when using wheat straw compared to bare soil. 

Whereas, with a 40% slope, no sub-surface flow was recorded up to 30 minutes. 

The analysis also showed that soil loss increased with the increase in surface flow 

(Fig. 9.7), similar to the findings of Kateb et al. (2013). Fox and Bryan (1999) developed 

a relation among soil erosion rate, runoff rate and slope with their observed data from the 

laboratory flume. Similarly, following empirical Eqs. (9.13 and 9.14) were obtained from 

the observed data: 

1.06 1.96
BareSoil Loss  = 1545.4 (tan )Q                         9.13 

0.02 2.69
StrawSoil Loss  = 65 (tan )Q                                       9.14 

where soil loss in g, Q  peak surface runoff in ml/s, and  is the slope.  

In the above two equations, the soil loss can be computed based on surface runoff 

and slope. In the case of straw cover, the influence of the surface runoff component is 

very low compared to the bare soil case. It is because the major precipitation component 

is stored in the straw mattress and surface runoff becomes very less. Thus, the soil 

erosion with straw cover depends mainly on the ground slope.  

Fig. 9.10 shows a comparison of soil erosion with a slope between bare soil and 

wheat straw. It can be found that for bare soil, the model fits well (chi square=0.81 

against 7.81 with 95% confidence level and degree of freedom 3). However, the model 

overestimates the erosion rate with straw cover at the higher slope (chi-square = 0.45). A 

similar study was conducted by Zhang et al. (2004) and Wei et al. (2007). They also 

reported that vegetation cover is the major parameter affecting surface runoff and soil 

loss in steep slope areas.  
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Fig. 9.10 Surface and sub-surface runoff relation with Soil loss among different scenarios 

using a) Soil-1 and 10% slope, b) Soil-1 and 5% slope, c) Soil-2 and 10% slope, and d) 

Soil-2 and 5% slope, respectively. (‘Peak-S’, ‘Peak-G’, and ‘Eroded’ represent the peak 

of surface flow, the peak of sub-surface flow, and mass of soil eroded, respectively) 

 

 

Fig. 9.11 Observed and predicted soil erosion vs slope 
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(b) 



 

 189   
 

9.3.4 Infiltration Rate 

In-situ infiltration rate was measured as ~0.3 mm/min with a double-ring 

infiltrometer test for Soil-1. The infiltration rate in the laboratory was estimated using Eq. 

9.6. Fig. 9.12 to Fig.  9.15 shows the infiltration rate for various types of land covers 

plotted against a slope. Infiltration rate is found maximum for 5% slope and decreases 

with increase in surface slope. However, the initial infiltration rate was similar to bare 

soil in all cases (Fig. 9.12). Similar findings were also reported by Mu et al. (2015). 

Results with straw, khus and dry leaves covers are also shown in Fig. 9.12 - Fig.  9.15. 

Khus and dry leaves cover showed almost the same infiltration rate in similar conditions. 

Interestingly, the infiltration rate was almost constant in wheat straw. This result can be 

due to the tendency of straw to initially retain water from the precipitation and then 

gradually release it, which leads to a constant infiltration rate. 

 

Fig. 9.12 Soil infiltration rate: gradient under bare soil using (A) Soil-1 and (B) Soil-2. 
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Fig. 9.13 Soil infiltration rate using wheat straw with (A) Soil-1 and (B) Soil-2. 

 

Fig. 9.14 Soil infiltration rate using Khus cover in (A) Soil-1 and (B) Soil-2. 
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Fig.  9.15 Soil infiltration rate using dry leaves cover in (A) Soil-1 and (B) Soil-2. 

        

 

Fig. 9.16 Micro cross-section SEM image of (a) Khus, (b) Wheat Straw, and (c) Rice 

straw 

(a) 

(c) 

(b) 
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From the above discussions, it can be concluded that straw cover is the most 

effective in decreasing overland flow, increasing infiltration, and minimizing soil erosion 

amongst three alternatives. SEM imaging from the inter-node region of the stem of the 

wheat straw, rice straw and khus were taken to understand the phenomenon of infiltration 

in these cases (Fig. 9.16). It was noticed that hollow pith and the scattered placement of 

the vascular bundles close to the epidermis in wheat and rice straw, while no similar 

structure was present in khus. These hollow piths act as microtubes and initially store 

water and then gradually release it, which gets enough time to infiltrate the soil. It may be 

noted here that there is a chance of sheet flow between the junction of coverings and soil 

top. However, such flow is negligible compared to the base flow because the effective 

surface roughness will be high due to the random arrangement of straw on the soil 

surface. The imaging techniques helped support the findings that wheat straw or rice 

straw can be effectively used to minimize overland flow and soil erosion. Similar results 

can be found in the study by Cerdà et al. (2016); they concluded that the wheat straw 

waste could be effectively used to reduce overland flow and soil loss from agricultural 

land under simulated rainfall on the field. 

Kostiakov’s (1932) and Horton’s (1940) models were used to fit the infiltration 

rate through regression analysis for each case (Table 9.6). It was found that Horton’s 

model fits better than the other one in almost all the cases (R2= 0.80-0.97), similar to Mu 

et al. (2015), (Fig. 9.12 - Fig.  9.15 with Horton model fit). On the contrary, it is also 

found that the Kostiakov model performed slightly better at the same slope of 5% slope 

and different soil type but with Khus as soil cover. 
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It was found that during continuous precipitation (intensity =144 mm/h, which is 

nearly the extreme hourly rainfall intensity), only for a short period <~1 min., the 

infiltration rate was higher than the rainfall intensity, but after that, ponding occurred, the 

infiltration followed the Horton’s equation. Calculations were carried out with revised 

Horton’s equation with ponding conditions (Akan, 1992). The ranges of k value were 

found within the reported range of the previous studies (e.g., MCcuen, 2005; Terstriep 

and Stall, 1974). 

These observations can be related to underlying theories on which the two models 

are based. In the Kostiakov model, the parameter β represents the slope found as a 

function of soil texture (Ma et al., 2016). At milder slopes, irrespective of soil type and 

soil cover, the performance of the Kostiakov model is poor because studies have found 

that the model is ideal for expressing horizontal flows but is deficient for vertical flows 

(Mbagwu, 1994). Compared to the Horton model, the decrease in infiltration rate is 

primarily related to factors operating at the soil surface rather than the soil's flow process 

(Xu, 2003). The value of k is found to be a function of surface texture and slope. In the 

case of straw cover, the value of k is the smallest, and for smoother surfaces such as bare 

soil, the value of k is large (Nasssif & Wilson, 2009). 

Similarly, at low surface slopes, the k value was smaller than the steeper slopes. 

However, it is worth mentioning that in many cases with straw cover, k almost remains 

constant even there is a change in experimental conditions. This result could be due to the 

internal structure of the straw, as discussed earlier.   
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9.3.5 Erosion prediction through model simulation 

Fig.  9.17 compares soil erosion between experimental observations and MUSLE 

model output. The results were significant (p-value < 0.05) and with acceptable accuracy 

(NSE~0.93). The effectiveness of straw cover on bare soil is given in Eq. 9.15: 

 Straw Bare soilY Y               9.15 

where  represents the effectiveness of straw cover on soil losses, and average  found 

to be 0.17 (0.19 – 0.15), while experimental results gave a value of 0.13 (0.14 – 0.12). 

The result yielded the relation can be given as in Eq. 9.16: 

0.76Straw StrawObserved Modeled                         9.16 

Table 9.6 Curve fitting of infiltration rate at different slopes 

Infiltration 

Cover Slope (%) Soil Mark 

Kostiakov’s Model Horton’s Model 

f(t)=atb f(t)= a+b*exp(-t/k) 

a b R2 a b k R2 

Bare 

5 1 2.18 -0.047 0.89 1.799 0.35 -14.21 0.95 

10 1 1.91 -0.041 0.64 1.694 0.68 -1.89 0.97 

5 2 2.12 -0.029 0.91 1.89 0.22 -10.66 0.89 

7.5 2 2.11 -0.033 0.95 1.89 0.25 -6.97 0.95 

10 2 2.06 -0.026 0.83 1.88 0.25 -5.47 0.9 

40 2 2.09 -0.061 0.91 1.72 0.49 -4.415 0.97 

Straw 

5 1 2.14 -0.012 0.51 1.898 0.22 9.69 0.86 

10 1 2.14 -0.022 0.82 1.98 0.16 -9.997 0.86 

5 2 2.15 -0.016 0.74 1.99 0.14 24.44 0.87 

7.5 2 2.13 -0.014 0.85 1.99 0.13 -21.2 0.95 

10 2 2.13 -0.014 0.78 8.63 0.12 9.49 0.85 

40 2 2.12 -0.029 0.88 1.94 0.24 -4.79 0.94 

Leavs 

5 1 2.2 -0.034 0.63 2.02 0.12 9.48 0.85 

10 1 2 -0.029 0.58 1.83 0.35 -3.12 0.83 

5 2 2.17 -0.023 0.79 2.06 -6.77 0.52 0.8 

10 2 2.12 -0.024 0.88 1.94 0.21 -7.18 0.95 

Khus 

5 1 2.15 -0.015 0.48 1.88 0.54 20.42 0.84 

10 1 2.03 -0.032 0.64 1.84 0.35 -3.47 0.85 

5 2 2.15 -0.0207 0.74 1.98 1.92 2.64 0.92 

10 2 2.17 -0.027 0.84 1.93 0.21 -17.94 0.93 
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 The applicability of the MUSLE model for a spatial scale different from the one it 

was originally developed is always debatable (Alewell et al., 2019). However, the model 

overcomes this limitation in its conceptualization. USLE is an empirical model, and like 

any other empirical method, the model concept is not based on process description and 

simulation but rather on understanding a process and build a mathematical algorithm out 

of the relationship (Alewell et al., 2019). Likewise, in the present study, the experiment 

aims to validate the model with the obtained parameters from experiments, such that 

sediment erosion risk can be estimated when applied to a coarser scale. While variability 

is a matter of concern, studies have confirmed that variability did not necessarily increase 

with increased scale when modelling was performed on a resolution varying from 2m to 

250 m (Alewell et al., 2019). So, these results can also be applied from a laboratory scale 

to a field/watershed scale by adjusting the calibrating parameters. 

It is difficult to calibrate individual parameters of the MUSLE model, so a 

multiplying factor can be used to calibrate the model to match the observed value as 

given in Eqs. 9.15 and 9.16. 

9.4 Model Applied on Jordan 

The results were verified with field data from the Wadi Shueib catchment of Jordan. As it 

was challenging to bring the soil from Jordan and perform the experiments in a remote 

country, soil with similar hydraulic properties was chosen for the experimental work. 

These organic covers can be an effective solution for the disposal of agricultural waste 

and air pollution by burning these materials. 
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Fig.  9.17 Comparison of observed erosion with (a) USLE model and (b) MUSLE model 

under different scenario 

 

(a) 

(b) 
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9.5 Conclusion 

The experimental observations showed significant implications of straw cover on 

soil erosion and increased infiltration, which helps watershed management and reservoirs 

sustainability. The experiments were conducted with two soil types and three vegetation 

covers with different land slopes. In overland flow, the analysis was carried out using two 

equations proposed by Mu et al. (2015) to calibrate the experimental observations. The 

Horton’s and USLE/MUSLE models were used to validate the infiltration rate and soil 

erosion.  

The wheat straw cover showed maximum effectiveness in controlling soil erosion 

and increased infiltration rate, which will help improve the groundwater level. At the 

same time, most countries face problems in handling agricultural waste after harvesting. 

So this agricultural waste can be effectively used in land cover management. Because the 

internal structure of these straws acts as micro pipes that can hold water for a longer 

duration and release gradually later, enhancing the infiltration. The main objective of this 

work was to minimize soil erosion, which further reduces the sediment deposition at the 

outlet (reservoir) of the watershed; therefore, the factors of the MUSLE model (such as C 

and P factors) can be used further in soil erosion estimation in watershed scale. 

These results can be further used and applied in the real field, where the watershed is 

classified depending on the erodibility. On those watershed spots without any natural 

covers (i.e., bare soil) with high erosions, a straw mattress cover can be applied to protect 

that land, and in this way, we can reduce the soil loss. 
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Chapter 10:  Conclusions and Recommendations 

10.1 Conclusion 

This research aimed to perform hydrological modelling to understand the 

watershed characteristics and meteorological parameters trend and propose a 

management intervention to augment reservoir capacity in the Wadi Shueib catchment 

area. Jordan is water-stressed, leading to other problems such as multi-national water 

issues, water pollution, and sediment deposition. So, to address some of these issues, 

there is a need to understand better the hydrological phenomenon over one of the 

watersheds of Jordan. This knowledge can further be considered for other watersheds 

also. 

Initially, it was felt that a reliable topographical database is a bare minimum 

requirement for any hydrological study. While doing so, the need of selecting a source, 

which can be cost-effective and at the same time can give maximum accuracy in 

topography was also envisaged. So, several free and paid DEM/aerial data sources were 

analysed, and the improved data were analysed to estimate the reservoir sedimentation. 

The impact of DEM quality on hydrological parameters is important to study as it, in, 

turn affects the hydrological modelling. Therefore, the DEMs were compared and 

analyzed based on high-quality DTM from aerial photos. Besides, the reservoir water 

capacity was monitored through satellite images and synchronized with the reservoir's 

water level. These methods were validated with reservoirs in different geological settings 

to ensure that the method applies to all the reservoirs regardless of the environmental 

conditions in which the reservoir is operating.  

The overall key findings of the first objective were: 
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 The vertical accuracy of TOPO DEM was better (RMSE= 5.40 m), compared of 

ASTER GDEM (RMSE= 7.10 m) and SRTM DEM (RMSE= 15.07 m).  

 The TOPO DEM and ASTER GDEM showed close agreement with DTM for 

hydrological parameters (Slope, Stream network, and watershed) than SRTM 

DEM.   

 ASTER GDEM showed a close agreement with DTM in Aspect and Flow 

Direction and found better than TOPO DEM and SRTM DEM.  

 The ENN technique efficiently rectified the original DEMs by comparing them 

with DTM for minimum error. 

 Finally, the outcome of this objective proved that the ASTER GeoDEM could be 

used as a free data source instead of using aerial photography or topographic 

maps to generate DEM data as a paid source. However, aerial photography or a 

topographic map of a small area can rectify the open-source DEM data through 

the ENN technique. 

Secondly, trend analysis of precipitation and hydrological modelling was coupled 

to determine the water stress in the catchment. Then meteorological, hydrological, and 

agricultural information was coupled to analyze the drought and water availability in the 

catchment through a hybrid drought index. To lay the basis for this aim, a systematic 

analysis of watershed management was necessary. The trend analysis and future 

prediction of precipitation were carried out using Mann-Kendall and innovative trend 

analysis methods. The prediction was divided into calibration period and validation based 

on at least ten years of data. It was possible to determine the changing points, variations, 

and future precipitation predictions in the area through trend analysis and forecasting 
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models. The semi-distributed, physical- and process-based hydrologic model SWAT in 

combination with the SUFI-2 were used to build a hydrologic model of the Wadi Shueib 

catchment. The calibration, validation, sensitivity, and uncertainty analysis were 

performed to improve the reliability of the model results. The calibration and validation 

processes were based on known dam inflow data. Both calibration and validation process 

results were found satisfactory, and the results were presented within a 95% prediction 

uncertainty band. The drought analysis in the area was analyzed using the calibrated 

model results. The drought was analyzed by developing a hybrid index using fuzzy set 

theory based on meteorological, hydrological, and agricultural information.  

The overall key findings of the second objective were: 

 The MK method and Sen’s slope detected a positive trend (0.71-1.52) of 

precipitation at two stations, Adasy and Salt, within a 10% significance level in 

monthly and seasonal data.  

 On the other hand, the trend of precipitation was detected using ITA in different 

levels (low, medium, and high) at all stations for monthly, average, and seasonal 

scales.  

 Most of the monthly, average and seasonal precipitation data were fitted well with 

ARIMA (3,1,3), (4,1,3) and (4,2,4) models, with absolute error ranging between 

0.05 and 44.60 mm. The future trend analysis based on ITA results indicated that 

the catchment's water deficit is expected to increase. 

 The ARIMA model used the rainfall and temperature observed data from 1979 to 

2004 to build a forecasting model. Given the projected weather data, streamflow 

was further modelled in SWAT with an absolute error of 0.03 m3/s and 0.08 m3/s 
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during calibration and validation periods, respectively. It was observed that a 

maximum streamflow deficit is expected to occur with (~ -0.7 m3/s) starting from 

2020 onwards. 

 The drought indices based on meteorological, hydrological, and agricultural data 

was computed, and their trend analysis was performed. 

 The hybrid drought index was developed based on fuzzy set theory. HDI 

confirmed an increasing trend in the drought in the area based on the trend 

analysis, and the drought variation was dominated by the periodicity of 1 year. 

Finally, the outcome of this objective shows that the ITA is the best 

method to detect the time series trend. In contrast, the SWAT model gave a good 

simulation for observed streamflow data, which provided a good prediction for 

the next decades.  

In the final step, an experimental investigation was carried out to analyse 

the soil erosion management system and its effectiveness using different organic 

covers of the agricultural waste under three different land covers and commonly 

occurring slopes in the study area. The results were compared with the bare soil 

case. The experimental results with wheat (or rice) straw cover show an 85% 

reduction in soil erosion, which is useful information and directs that the proposed 

cover can be used for field application on a catchment scale (Wadi Shueib 

Catchment) for a reduction in sedimentation of the reservoir. 

The overall key findings of this objective were: 

 The use of wheat straw mattresses as soil cover increased infiltration by about 

15%. This straw mattress was found as the most efficient amongst other 
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alternatives. Compared to the bare soil, a decrease by more than 50% in the 

overland flow and an increase of sub-surface flow by ~50%.  

 USLE and MUSLE models were calibrated with the results. It was found that 

MUSLE was predicting better than the USLE model and hence can be used to 

predict the actual erosion in the field within an acceptable error (p <0.05).  

 In summary, the results obtained from the experiments suggest that 

wheat/rice straw is very effective irrespective of the land slope and soil type. 

The following equations of soil erosion were developed based on 

experimental results:  

0.466 2.19
BareSoil Loss  = 1350 (tan )Q 

           10.1 

    0.02 0.26
StrawSoil Loss  = 13.39 (tan )Q                          10.2 

 The wheat/rice straw as agricultural waste can be effectively utilized for 

erosion management. After the harvesting, cultivators normally burn this 

wheat/rice straw waste in many places. This practice causes severe air 

pollution. So the use of these straw mattress soil cover can effectively solve 

air pollution and waste disposal problems. 

In Chapter 5, a 3-dimensional model is developed using satellite imagery 

synchronized with the water level and the reservoir storage. The relationship was 

established among water surface area, depth and water storage parameters. Due to lack of 

data from the study reservoir, the model was first validated in Anderson Ranch and 

Elephant Butte reservoirs of the USA due to the free reservoir data availability. The 

model worked well for both reservoirs. Then based on the area-water level relationship of 

the Wadi Shueib dam, respective reservoir capacities were determined. It was found that 
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the model performed well in this dam through field verification. The calculated annual 

sediment volume deposition (~0.055Mm3) in the Wadi Shueib dam was close to the 

reported value (~0.047 Mm3) by the Jordan Valley Authority. This sediment deposition 

quantity was used for the annual average sediment erosion from this catchment in further 

studies in chapter 9. Moreover, the reservoir status was studied through estimation of the 

streamflow into the reservoir in chapter 8. 

A comprehensive database of the Wadi Shueib catchment was created within the 

framework of this research, including a complete Meta database. 

10.2 Future scope 

Due to the importance of modelling and watershed management, it is 

recommended to increase the number of stations for runoff, precipitation, and soil 

moisture measurement. Moreover, to improve the model results, the springs discharge 

can be incorporated to improve the results.  

Besides trend and forecasting analyses, many hydrological applications can be 

developed by incorporating the land use and land cover changes upstream of the 

catchment. Furthermore, sediment transport modelling, which was ignored in this work 

due to the non-data availability, is significant in any catchment.   

The outputs from this research can support the concerned developers and 

decision-makers to update the current water resources database of the Wadi Shueib 

catchment area. 

Soil erosion experiments can be extended to a field-scale before actual 

implementation at the watershed scale. It will help verify the actual soil erosion reduction 

possible at a watershed scale, and economic study can be carried out. 
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As arid to semi-arid regions usually have data-scarce in hydrological data 

(spatially and temporally), it is planned to use the outputs from this research to be 

generalized to other catchments that have similar characteristics same region or globally.  

10.3 Study limitation 

Like many other data-scarce regions, this work is also subjected to certain 

limitations in the context of data quality and quantity. Generally, the available data gives 

satisfactory results; nevertheless, inclusion of more long-term inflow and sediment 

deposition along with water quality data, high-resolution satellite images and DEM, and 

long-term soil moisture data for model calibration, watershed management, and reservoir 

monitoring could have provided more confidence in the model results. 
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Appendix A. Precipitation and temperature in Wadi Shueib 

Catchment 

Precipitation as rainfall generally occurs from October to March in this catchment. The 

maximum annual rainfall exceeds 500 mm (44 % of the recorded years) at the northern 

high altitude lands. At the same time, it decreases towards the Jordan valley, where 

annual precipitation is below 450 mm (67 % of the recorded years). This analysis is 

carried out based on spatial interpolation of long term annual average precipitation (Fig. 

A.1). 

 

Fig.  A.1 Long-term Average annual precipitation in the Wadi Shueib catchment area 

(mm) 
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The average temperature in the catchment shows an increasing trend of approximately 2-

3 °C month, as the average temperature is ~12 °C in January and ~30 °C in July and 

August (Fig. 3.3). The variations were observed in average monthly precipitation and 

temperature using long-term datasets from two high altitude gauging stations situated at 

Jordan valley of Wadi Shueib (Fig. A.2). Besides that, Black (2010) reported that the 

catchment faces inter-annual precipitation variability with a standard deviation of ~35%, 

which lies 30% above the average of the stations near the upper Jordan valley at the 

Lower Jordan Valley. 

 

Fig.  A.2 Variation of average temperature in Wadi Shueib catchment 

According to the Ministry of Water and Irrigation of Jordan, potential evaporation rates 

were measured using Class-A Pan evaporimeter at two stations in the catchment (Shunet 

Nimrin Evap. St and Ain Al-Basha). Figure  3.4 shows the monthly variation of the 

evaporation rates and the maximum evaporation rate observed at the catchment. The 
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figure shows that the evaporation rate downstream is higher compared to the upper 

stream station. 
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Fig.  A.3 Monthly average Class A-Pan evaporation rates
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Appendix B. Fuzzy AHP and weight estimation method 

 

Entropy weight method 

The Entropy approach has been widely applied to measure the disorder degree of 

information in information theory (Chng et al. 2016; Zhu et al. 2018). The method is 

adopted to reflect the difference of the index in different schemes. The high weight 

represents high differences with small entropies in the time series (Chng et al. 2016; Zhu 

et al. 2018). It takes objective information measurement for weight estimation (Chng et 

al. 2016; Zhu et al. 2018). The Entropy Weight method (EW) is expressed as in Eq.B.1 

and Eq. B.2: 

1
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 where ijf is the frequency of jth evaluating object in an ith index. 

To better comprehend the data into seasonal and annual considerations, entropy 

weights were found for each variable's monthly, 3-month, 6-month and 12-month data.  

Fuzzy-AHP method 

Lotfi Zadeh (1965) has proposed Fuzzy logic approach to compute the degree of 

truth instead of using true or false Boolean logic (0 or 1). The principle of fuzzy is to 

recognize its membership as fuzzy membership, which can be defined as any real number 



 

 B-2  
 

between [0,1]. Each member indicates the degree of membership. A fuzzy number can be 

defined as in Eq. 8.5.: 

  , ( ) ,FF x x x                 B.3 

Where x is a real number and has a value between  < x < ,  is a universal set of the 

real number, and ( )F x  is a membership function. The ( )F x represents a degree of 

membership between 0 and 1. The value zero means that it is not a set member, and the 

value 1 means that it is fully a member of a set. 

The Fuzzy-AHP (F-AHP) was also carried out to determine the weight for each drought 

index (SPI, SSFI, and SSMI). These indices were evaluated based on previous studies 

and expert opinions using Pairwise Comparison (PWC). Laarhoven and Pedrycz (1983) 

carried out the F-AHP method for the first time based on the logarithmic least squares 

method. The F-AHP has been involved in different fields due to its reasonable logic 

(Laarhoven and Pedrycz, 1983). In this chapter, Analytical Hierarchy Processes (AHP) 

assign appropriate weights to individual indices (Saaty 1990). The general form of the 

PWC matrix model (Saaty 2013) is as in Eq. 8.6. The fuzzy number levels used to build 

the PWC matrix are given in Table B.1. 

Table B.1 Fuzzy number levels 

Fuzzy number Linguistic variable 
1 Equally importance 
3 Moderately importance 
5 Strongly importance 
7 Very strongly importance 
9 Extremely importance 

2, 4, 6, 8 Intermediate values between adjacent scale values 
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The element ija  is a measure of the preference of the element of the row ‘i’ 

relative to the element of column ‘j’. AHP assigns 1 to all elements of the diagonal of the 

pairwise comparison matrix. The weights matrix, W = (w1, w2, …wn) were calculated 

based on eigenvector method in Eq. B.5 (Saaty, 1990) as: 
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The degree of coherence was applied to determine the consistency of weight between the 

judgments in pairs provided by the decision-maker (where CR<0.1 indicates consistent 

judgments). 
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Following this, the Consistency Index (CI) and the Consistency Ratio (CR) as given in 

Eqs. B.9-B.10 were calculated. In general, CI< 0.1 is taken as a tolerable error range 

(Saaty 1990).  
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The possible values of the random Index corresponding to a number of variables 

are given in Table B.2.  

Table B.2 Random Index (RI) for number of variables 

N 1 2 3 4 5 6 7 8 9 10 

RI 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 

Where N refers to the number of variables 

 


