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Abstract 

Large scale land clearing for livestock grazing has accelerated the soil loss and 

sediment delivery from Great Barrier Reef (GBR) catchments in Australia. Areas 

with low ground cover are known to generate large runoff volumes at a small scale 

(<100m2). However, the spatial effect of ground cover variation on runoff 

generation and soil loss is not well studied in the large catchment (�a���•�����N�P2). Thus, 

it is essential to characterise the spatial distribution of ground cover to evaluate 

the effect of variation in cover on runoff in the GBR catchments. Despite 

recognising the potential effect of ground cover variation in runoff generation and 

soil loss, the current GBR eWater Source Catchment Modelling Framework uses 

lumped rainfall-runoff models that consider only rainfall and potential 

evapotranspiration as input variables. In addition, the Revised Universal Soil Loss 

Equation (RUSLE), which considers only effect of rainfall as rainfall-runoff 

erosivity has been used to estimate hillslope soil loss. However, the effect of runoff 

on rainfall-runoff erosivity and on hillslope soil loss is not studied well in Australia, 

particularly in Queensland.  

To evaluate the effects of ground cover variation on runoff and soil loss, this 

research was conducted in Central Queensland in 32 sub-catchments of Burnett-

Mary Basin (35.84 - 231.17 km2), three experimental Brigalow catchments (11.7 

�± 16.8 ha) and Springvale catchment (9.6 ha) and Nogoa catchment (13,880 km2) 

in the Fitzroy basin and Weany Creek (Virginia Park) catchment (11.9 ha) in the 

Burdekin basin. Except the Burnett-Mary sub catchments, the measured runoff 

and sediment data were available for all the other catchments for the selected 

period. This study has three objectives: (1) to model the spatial distribution of 

vegetation cover in a parameter-efficient manner in grazing land, (2) to compare 

and evaluate the performance of Revised USLE and Modified USLE models for 

soil loss prediction, and (3) to integrate the ground cover variation with rainfall-

runoff models for catchment scale runoff prediction. 

To address the first objective, the beta distribution was used to characterise cover 

variation in space at the sub-catchment scale. Three methods were used to test the 

appropriateness of the beta distribution: (i) visual goodness-of-fit assessment and 

Kolmogorov�±Smirnov (K-S) test; (ii �����W�K�H���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�����������D�Q�G����iii ) 

estimated runoff amount for a given rainfall amount for the fractional area with 
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�F�R�Y�H�U�� �”���������� �,�W�� �Z�D�V�� �F�R�Q�F�O�X�G�H�G�� �W�K�D�W�� �W�K�H�� �W�Z�R-parameter beta distribution is a 

parameter efficient method to characterise the spatial variation of cover and to 

evaluate the effect of cover variation on runoff in grazing catchments. 

In the second objective, the sediment yield changes due to the conversion of 

brigalow forest to cropping and grazing was assessed and the potential 

contributing factors to sediment yield were identified. It also evaluated the 

comparative performance of the Revised Universal Soil Loss Equation (RUSLE) 

and the Modified Universal Soil Loss Equation (MUSLE) in predicting the 

sediment yield from the three BCS catchments. The study supports applying the 

MUSLE model, which considers runoff (Q) and peak runoff rate (Qp) in BCS for 

improved sediment yield prediction. This work has been extended to three grazed 

catchments of Fitzroy and Burdekin basins to compare and evaluate the 

performance of RUSLE and MUSLE models for predicting soil loss/sediment 

yield for grazing catchments. The MUSLE models performed better as compared 

to the RUSLE model for all three catchments. Compared to the RUSLE model, 

the MUSLE1 model with factors Q and Qp, was able to predict sediment yield for 

Weany creek and Brigalow catchment and the MUSLE2 with factors EI30, Q and 

Qp performed well for Springvale and Brigalow catchment. The calibrated soil 

erodibility factor (K) was found to be 14%, 24%, and 60% higher for Springvale, 

Brigalow, and Weany Creek catchments, respectively, compared to the K-factor 

from the Australian Soil Resource Information System (ASRIS). This study 

recommends using the MUSLE model to improve sediment yield prediction from 

hillslope grazing lands in Australia. 

In the third objective, the influence of the spatial and temporal variation of cover 

on runoff using a conceptual framework to integrate the cover variation with 

lumped rainfall-runoff models for the Nogoa catchment (13,880 km2) was 

investigated. Preliminary findings of this study show that modified SimHyd 

cannot provide improved runoff estimation when the spatial and temporal 

variation of ground cover is taken into consideration. Use of an alternative 

approach, i.e., SCS Curve Number (CN) method for individual storm events shows 

that when the combined effect of rainfall and ground cover on CN is considered, 

the groundcover affect CN negatively, i.e., the lower the cover, the larger the value 

of CN, hence the higher the storm runoff amount for the same amount of rainfall. 
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The exponent for ground cover is different from zero comparing to rainfall. 

�7�K�H�U�H�I�R�U�H�����L�W���F�D�Q���E�H���F�R�Q�F�O�X�G�H�G���W�K�D�W���W�K�R�X�J�K���W�K�H���P�R�G�L�I�L�H�G���6�L�P�+�\�G���P�R�G�H�O���Z�R�X�O�G�Q�¶�W��

provide the improved estimation of runoff, however, the alternative approach i.e., 

CN method shows that ground cover significantly affects runoff and cannot be 

ignored for the Nogoa catchment.  

Overall, this study highlights the need for an improved understanding of the effect 

of the spatial distribution of ground cover on runoff and sediment delivery from 

large grazing catchments, with the main findings as follows: (1) the spatial 

distribution of ground cover can be efficiently described using beta distribution, 

(2) runoff and peak runoff rate are the major variables responsible for variations 

in sediment yield from grazing catchments, (3) the MUSLE model should be used 

for grazing catchments irrespective of the catchment size for improved prediction 

of sediment yield with some modifications to soil erodibility values, (4) the effect 

of change in ground cover on runoff was identified using the SCS-CN method, 

hence, an improvement in the current lumped hydrological modelling framework 

would be achieved with inclusion of spatial variability of ground cover in addition 

to rainfall and potential evapotranspiration as input to hydrological models and 

should be further tested and developed for dry catchments with low ground cover 

for improved simulation of runoff from grazing catchments. 
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Chapter 1. Introduction  

 

1.1 Background 

�³�(�V�V�H�Q�W�L�D�O�O�\�����D�O�O���O�L�I�H depends upon the soil. There can be no life without soil and no 

�V�R�L�O�� �Z�L�W�K�R�X�W�� �O�L�I�H���� �W�K�H�\�� �K�D�Y�H�� �H�Y�R�O�Y�H�G�� �W�R�J�H�W�K�H�U���´��- Charles E. Kellogg (USDA 

Yearbook of Agriculture, 1938). Soil provides critical ecosystem services, support 

habitats, contributes to biodiversity not only on earth but also in the ocean as it 

protects the coastal habitats by trapping sediments and regulating ocean 

acidification. Globally, anthropogenic activities such as deforestation, overgrazing, 

and construction activities for socio-economic development have accelerated soil 

loss that has led to reduced food production, poor landscape stability, water quality, 

and ecosystem sustainability (Trimble and Mendel, 1995, Pimentel and Burgess, 

2013, Kroon et al., 2016). In Australia, extensive land clearing, livestock grazing 

(75 percent of usable land), and poor land management practices contributed to 

increased hillslope sediment delivery from the Great Barrier Reef (GBR) 

catchments (Haynes and Wagner 2000, Caitcheon et al., 2012, Bartley et al., 2014, 

Donavon and Monaghan, 2021). Intensive livestock grazing has increased ground 

cover variations in large catchments, affecting runoff, sediment transport, and 

sediment yield (Bartley et al., 2006), which became one of the significant threats to 

the catchment ecosystems. For example, sediment load in the Great Barrier Reef 

(GBR) catchments has increased five-to-ten folds compared to pre-European 

settlement, nearly 52% of which is contributed from grazing lands due to changes 

in the spatial distribution of ground cover (Donavon and Monaghan, 2021; 

McCloskey et al., 2021). Higher sediment from grazing land has resulted in land 

degradation, poor water quality and affected the productivity and health of the GBR 

ecosystem.   

Due to the significant effect of ground cover variation on runoff and soil loss, it is 

necessary to characterize the spatial variation of ground cover in grazing land. 

Researchers have investigated the effects of low ground cover on runoff generation 

in small and large catchments (Williams and Chartres, 1991, McIvor et al., 1995, 

Scanlan et al., 1996 and Owens et al., 2003, Thornton et al., 2007; Thornton and 

Yu, 2016; Jarihani et al., 2017), but the effect of variable ground cover on runoff 

generation is not studied well in Australian conditions and other grazing lands 
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around the world. For example, In Australia, the eWater Source Catchment 

Modelling Framework of the GBR Paddock to Reef Integrated Monitoring and 

Modelling and Reporting Program of Central Queensland adopt the lumped 

rainfall-runoff model, which only considers rainfall and the potential 

evapotranspiration as independent variables for runoff prediction. Including spatial 

variation of ground cover as a predictor in runoff simulation models would improve 

runoff prediction from grazed catchments.  

Ignoring the effect of ground cover variability on runoff prediction would limit  the 

applicability of widely used sediment yield prediction models in grazed catchments. 

For example, the Revised Universal Soil Loss Equation (RUSLE) is widely used in 

the Source Catchment/Dynamic SedNet modelling framework to predict hillslope 

soil loss in the GBR catchments (Ellis, 2018), but it only considers the effect of 

rainfall as rainfall-runoff erosivity factor on soil loss ignoring the direct effects of 

runoff (Brooks et al., 2014; Kinnell, 2015). Although, the cover management factor 

(C) is available in the RUSLE model which explicitly represents the effect of runoff 

on soil loss under different ground cover conditions, however, the C-factor is 

common to all the USLE family models, hence, any difference in the soil loss 

estimated from these models is directly link to the difference in their primary factors 

(Freebairn et al., 1989). The well-known and widely used sediment yield prediction 

model Modified Universal Soil Loss Equation (MUSLE) includes either runoff and 

peak runoff rate or the combination of rainfall and runoff in rainfall-runoff erosivity 

factor (Williams, 1975; Onstad and Foster, 1975; Sadeghi et al., 2014). The 

MUSLE model can represent the sediment detachment and transport process but its 

application in Australian conditions is limited. The performance of soil loss and 

sediment yield prediction models considering the direct effect of runoff on soil loss 

is not evaluated and tested at all for Australian grazing catchments. This results in 

a lack of comparative criteria for selecting soil loss prediction models. Overall, 

there is a lack of systematic understanding of the effect of ground cover variation 

on runoff generation in grazed catchments and how it affects soil loss. More 

research is needed to develop an improved understanding of how variation in 

ground cover in grazing catchments affects runoff and soil loss/sediment yield, and 

how the inclusion of runoff influences the performance of widely used soil loss 

prediction models.  Additionally, a comparative performance evaluation of the 
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RUSLE and MUSLE model is essential to understand the effect of rainfall and 

runoff, on hillslope soil loss.  

1.2 Motivation and significance of the study 

Current research shows that runoff linearly or exponentially decreases with increase 

in ground cover in small catchments (Forsling 1931; Meeuwig, 1970; Elwell and 

Stocking 1974; Hofman et al. 1983; Gregory 1984; Bochet et al., 2006; Zuazo and 

Pleguezuelo, 2009; Liu et al., 2018; Greene et al., 1994, Scanlan et al., 1996, Owens 

et al., 2003). These findings inspired this PhD study to characterize the effects of 

spatial variation of ground cover on runoff and soil loss in small and large grazing 

catchments. Additionally, the widely used RUSLE model for hillslope soil loss 

prediction in the GBR catchments only considers the direct effects of rainfall in 

rainfall-runoff erosivity-factor without considering the known effect of ground 

cover on runoff generation. It motivated this PhD study to evaluate comparative 

performance of the soil loss and sediment yield prediction models in Australian 

conditions.   

This PhD study would help improve surface runoff estimation by integrating ground 

cover variation in runoff prediction models, to improve soil loss prediction in 

grazing catchments, and will provide evidence for the selection of suitable soil loss 

and sediment yield models for hillslope sediment prediction. The findings from this 

study are expected to inform policy and decision-makers for sustainable 

management of grazing land. 

1.3 Aim and Objectives 

This study aims to evaluate the effect of ground cover variation on runoff and soil 

loss/sediment yield from hillslope grazing land in the GBR catchments. Specifically, 

it has three objectives as follows: 

Objective 1: to characterise the spatial distribution of ground cover in a 

parameter-efficient manner in grazing land. 

Objective 2: to compare and evaluate the performance of the Revised USLE 

and Modified USLE for sediment yield prediction. 

Objective 3: to integrate the ground cover variation in a lumped rainfall-runoff 

model for predicting runoff at catchment scale. 
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1.4 Outline of Thesis 

This thesis is structured in to seven chapters, as shown in Figure 1.1.  

  

 

Figure 1.1 Outline of the thesis structure 

Chapter 1 is a general introduction to the thesis, covering the research background, 

motivation and significance, and aim and objectives of the thesis. Chapter 2 

presents a literature review of ground cover variation in grazing lands, its effect on 

runoff, soil loss, sediment delivery, and the importance of the ground cover factor 

in the soil loss prediction models. It also summarizes and discusses the knowledge 

gaps this research aims to address. Chapter 3 and 4 are incorporated as research 

papers published in peer-reviewed journals and Chapter 5 is included as research 

paper which being reviewed internally, and it will be submitted to Geoderma for 

consideration. This thesis has some unavoidable repetition in the introduction, 

materials and methods sections, and implications part of these chapters. 

Chapter 3 describes a parameter efficient statistical method (probability distribution) 

to characterize spatial distribution of ground cover and its effect on runoff 

generation in the rangelands of the Burnett�±Mary Region, Queensland. Chapter 4 

presents the comparative evaluation of the RUSLE/MUSLE models to assess the 

impact of land clearing on sediment yield at small sub-catchment scale in Brigalow 

bio-region of Central Queensland. The comparative performance evaluation of the 
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RUSLE/MUSLE models for three gazed catchments of different sizes in Central 

Queensland is presented in Chapter 5.  

Chapter 6 describes a conceptual framework and preliminary results on linking the 

spatial distribution of ground cover with runoff in the lumped rainfall-runoff model 

for improved runoff estimation from large, grazed catchment. This chapter is linked 

to the Chapter 1 with respect to the representation of spatial variability of cover. 

The ultimate purpose of this chapter is to provide an improved method to include 

hydrological input for the sediment yield prediction in the MUSLE model which is 

evaluated in the Chapter 5. Chapter 6 is a work-in-progress. 

Finally, Chapter 7 presents the summary and conclusions drawn from the key 

findings in Chapters 3 to 6 of this thesis, major contributions and limitations of this 

study, and scope and recommendations for future research. 
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Chapter 2. Literature Review 

 

Ground cover plays a vital role in sustaining landscapes. The ground cover is 

defined as the non-woody vegetation (forbs, grasses and herbs), litter, cryptogamic 

crusts and rock in contact with the soil surface (Muir et al., 2011).  Change in 

ground cover due to extensive livestock grazing has accelerated the soil 

loss/sediment yield in the grazing land. This chapter presents an overview of 

relevant literature on ground cover and its characterization, the effect of ground 

cover on runoff, erosion and sediment delivery, and the ground cover factor in the 

Revised and Modified Universal Soil Loss Equation. This chapter aims to identify 

the gaps in the literature regarding the methods of characterisation of ground cover 

and the role of ground cover on runoff and soil loss/sediment delivery and current 

methods applied in Australia for runoff and sediment prediction from grazing land. 

2.1 Ground cover in grazing country 

2.1.1 Grazing land distribution in Australia 

To meet the demand for food, shelter, freshwater, and socio-economic development, 

several anthropogenic activities such as deforestation, Intensive grazing, 

construction activities, and agriculture expansion have transformed a large 

�S�U�R�S�R�U�W�L�R�Q���R�I���W�K�H���H�D�U�W�K�¶�V���O�D�Q�G���V�X�U�I�D�F�H�����)�R�O�H�\���� �������������� �2�X�W���R�I���D�O�O���W�K�H���G�L�I�I�H�U�H�Q�W���O�D�Q�G��

cover and land use types, about 60% of the world's grassland (just less than half of 

the world's usable surface) is covered with meadows and pastures (FAO, Suttie et 

al., 2005). Due to changes in land cover over the last 200 years, the grazing land 

area in Australia has increased enormously (McIvor, 2005). The total land used for 

grazing in the world and Oceania, including Australia, is shown in Fig 2.1.   
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Figure 2.1 The total land used for grazing in the world and in Oceania (History Database 
of the Global Environment (HYDE), 2017) 

 

In Australia, the dominant land use is livestock grazing (ABARES, 2016). This 

occurs mostly on native vegetation and makes up 56 per cent (or 4.3 million square 

kilometres) of Australia (Lesslie and Mewett, 2018). Land use distribution in 

Australia is shown in Fig 2.2. Likewise, In Queensland, the most common land use 

by area is grazing native vegetation, which occupies 1,160,400 square kilometres 

or 67 per cent of the State (Fig. 2.3) (ABARES, 2016). 

https://www.awe.gov.au/node/8470
https://www.awe.gov.au/node/8470
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Figure 2.2. Land use of Australia (Australian Bureau of Agricultural and Resource 

Economics and Sciences, Land Use of Australia 2010-11, Smart, 2016)

 

Figure 2.3. Broad land use in Queensland (Catchment scale land use of Australia - Update 

December 2018) (Economics, A.B.O.A.R., 2019) 

The arrival of Europeans in the Great Barrier Reef (GBR) catchments, Queensland, 

resulted in changes to land use, including agriculture, clearing of forests, the 

introduction of grazing stock, mining, forestry and urban townships (Great Barrier 

Reef Marine Park Authority, 2014; Lewis et al., 2021). Consequently, there is an 

increase in loads of suspended sediment delivered to the GBR (Caitcheon et al., 

https://www.awe.gov.au/abares/aclump/land-use/catchment-scale-land-use-of-australia-update-december-2018
https://www.awe.gov.au/abares/aclump/land-use/catchment-scale-land-use-of-australia-update-december-2018
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/suspended-sediment


24 | P a g e 
 

2012; Kroon et al., 2012; Waterhouse et al., 2012; McCloskey et al., 2017; 

McCloskey et al., 2021a and b). The geographical extent of the GBR catchment 

area with different land use distributions is shown in Fig 2.4. 

 

Figure 2.4. Map showing the Great Barrier Reef catchment area and the six natural resource 

management (NRM) regions, river basins within the GBR and the key land uses across the 

GBR catchment area according to QLUMP (2020). (Lewis et al., 2021) 

2.1.2 Importance of ground cover 

The ground cover level has a profound influence on runoff and soil loss/sediment 

yield under similar rainfall, and low ground cover tends to generate a high amount 

of surface runoff and soil loss (Greene et al., 1994; Wei et al., 2007; Vasquez-

Mendez et al., 2010; Silburn et al., 2011a; Zhang et al., 2014). There exist a non-

linear and exponential decay relationship between ground cover and runoff or soil 

loss with a rapid increase in runoff when the cover decreases below 30% or 53% 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/barrier-reef
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(Scanlan et al., 1996; Owens et al., 2003; Yu, 2020). Broad-scale land clearing for 

agricultural purposes, including grazing, has created a high pressure on grazing land 

and reduced soil fertility and infiltration, which ultimately led to land degradation 

(McIvor et al., 1995; Merten and Minella, 2013; Fraser and Stone, 2016). 

Additionally, extensive livestock grazing has led to high spatial variability in 

ground cover (Bartley et al., 2006).  The uncertainties associated with ground cover 

need to be adequately quantified, especially in arid and semi-arid rangeland such as 

Central Queensland, Australia, where extensive livestock grazing is the dominant 

(80%) land use (Bartley et al., 2006, 2014; Great Barrier Reef Marine Park 

Authority 2012). 

The large-scale distribution of grazing land worldwide and in Australia, particularly 

in Central Queensland and its significant impact on the declining water quality 

entering the GBR due to increased runoff and sediment loads highlighted the need 

for more investigation on this topic. Additionally, analysing the effect of ground 

cover on runoff and soil loss without considering the spatial variability of ground 

cover weakens the potential of previous studies to provide a better estimation of 

runoff and sediment yield at variable catchment scales in grazing land.  

2.1.3 Characterization of ground cover 

Considering the significance of spatial variation of ground cover to runoff and 

sediment yield, characterization of cover requires a well-suited parameter-efficient 

�P�H�W�K�R�G���V�X�F�K���D�V���W�K�H���E�H�W�D�����������G�L�V�W�U�L�E�X�W�L�R�Q���I�R�U��a proper description of its distribution 

in time and space. Several field methods such as sampling strategy, line intercept, 

transect method, quadrat method and statistical analysis have been applied around 

the world at small scales in arid and semi-arid regions for the estimation of 

groundcover variability (Zhou et al., 1998; Seefeldt and Booth, 2006; Damgaard, 

2009; Ko et al., 2017). These techniques were also tested for Australian rangeland 

for an area of 10,000 m2, assuming that the groundcover type is homogeneous 

throughout the region (Zhou et al., 1998). In that study, the cover was estimated 

using the quadrat method by dividing the site into four sub-quadrats, which were 

further divided into 40 sample quadrats, and the transect method was applied to 

sub-quadrats at 10-cm intervals. Zhou et al. (1998) reported that these techniques 

provide reliable results at a small scale but are not sufficiently effective in 

describing the groundcover for a large rangeland area. Owing to the heterogeneity 



26 | P a g e 
 

in groundcover at a large scale, it is difficult to define and characterise the 

groundcover within a catchment and how cover changes in space and time for large 

catchments (Fuhlendorf et al., 2017). Groundcover mapping, using remote sensing 

techniques, can describe the spatio-temporal variation in groundcover for large 

areas, and this cover variation is represented with discrete values. In reality, 

groundcover is continuous, and as such, the remote-sensing method used for 

groundcover mapping can sometimes be misleading in cases where outliers occur 

which leads to the errors associated with the discrete distribution of ground cover 

(Tindall et al., 2012). In general, the most common statistical method (i.e., normal 

distribution) is used to analyze the probability of occurrence of plants within an area 

(Elzinga and Salzer 1998; Damgaard and Irvine 2019). However, this method takes 

a specific shape of the distribution (bell-shaped) and is not bounded by a set interval 

of 0�±1. In the case of analyzing the spatial distribution of ground cover within an 

interval of 0�±�������W�K�H���X�V�H���R�I���Q�R�U�P�D�O���R�U���D�Q�\���R�W�K�H�U���G�L�V�W�U�L�E�X�W�L�R�Q���H�[�F�H�S�W�������G�L�V�W�U�L�E�X�W�L�R�Q���F�D�Q��

be troublesome. Moreover, the assumptions of linearity, no outliers, constant 

variance, and residuals consistent with bell-shaped normal distribution are often 

violated for groundcover data (Damgaard and Irvine 2019). 

The studies mentioned above have shown that among all the different methods to 

�T�X�D�Q�W�L�I�\�� �W�K�H�� �J�U�R�X�Q�G�� �F�R�Y�H�U�� �Y�D�U�L�D�W�L�R�Q���� �W�K�H�� ���� �G�L�V�W�U�L�E�X�W�L�R�Q�� �I�L�W�V�� �T�X�L�W�H�� �Z�H�O�O�� �I�R�U�� �W�K�H��

observed cover dat�D�����+�R�Z�H�Y�H�U���������G�L�V�W�U�L�E�X�W�L�R�Q���K�D�V���Q�R�W���\�H�W���E�H�H�Q���W�H�V�W�H�G���I�R�U���D�S�S�O�L�F�D�W�L�R�Q��

to grazing land, especially in evaluating the effect of cover variation on runoff at a 

large scale in Queensland or anywhere else in Australia. 

2.2 Effect of ground cover dynamics on runoff, erosion and sediment 

delivery 

2.2.1 Relationship between ground cover and runoff, erosion and sediment 

delivery 

In many parts of the world, especially in arid and semi-arid areas, watersheds are 

experiencing a change in hydrological and sediment regime due to changes in 

ground cover (Harsch et al., 2009, Ekness and Randhir, 2015). The runoff and 

erosion are highly sensitive to the ground cover as compared to canopy cover 

(Nearing et al., 2005). Moreover, the response of the runoff and erosion varies 

among different types of vegetation, for example, the higher rate of litter formation 

in the deciduous beechwood contributes to an increase in the degree of water 
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absorption and thus favours runoff and fine sediment entrainment (Sala and Calvo 

1990). A lower rate of litter and soil formation makes the evergreen oak slopes more 

susceptible to debris displacement by gravity processes (Zuazo and Pleguelzuelo, 

2008). Sediment removal in the evergreen oak woodland compared with the 

shrubland in the Prades mountains also shows the importance of vegetation control 

in slope runoff and sediment removal (Sardans and Penuelas, 2013). A lower 

amount of litter accumulation, soil formation and canopy covering makes the 

shrubland slopes less protected, and thus with a higher amount of sediment 

available for erosion (Zuazo and Pleguelzuelo, 2008). On the other hand, shrubs are 

more effective in retaining slope debris (Sala and Calvo, 1990). In dry areas, the 

runoff and erosion dynamics is largely due to the spatial variation in the infiltration 

rate (Lavee and Yair, 1990). The impact of cultivation practices on runoff and 

erosion assessed from 27 catchments of five countries (Indonesia, Laos, Philippines, 

Thailand, and Vietnam) also revealed that the soil erosion is predominantly 

influenced by land use change rather than environmental characteristics not only at 

the plot scale but also at the catchment scale (Valentin et al. 2008). The patchy 

ground cover structure in dry areas regulates connectivity of runoff and erosion 

sources and processes and thus controls hillslope scale runoff and sediment 

transport (Pierson et al., 1994; Wainwright et al., 2000; Wilcox et al., 2003; Ludwig 

et al., 2005; Williams et al., 2020). Heavy grazing pressure on steep slopes is likely 

to significantly reduce ground cover, leading to increased surface runoff and 

sediment yield (Mwendra et al., 1997). Change in ground cover due to overgrazing 

and trampling disturbs the root system by scuffling and alters soil structural 

characteristics, accelerating runoff and soil erosion (Gifford and Hawkins, 1978). 

A compiled review of the studies which analysed the relationship between ground 

cover and runoff, or runoff coefficient, is presented in Table 2.1. Several studies 

have reported that runoff or runoff coefficient and soil loss are linear and 

exponential decay functions of ground cover (Fig. 2.5). Additionally, the decrease 

in runoff and erosion is not only exponentially related to the ground cover but also 

to the root mass (Gyssels et al. 2005). However, the effect of ground cover on 

reducing soil loss remains constant when cover reaches a certain value, i.e., a 

threshold value, but their effect of reducing runoff continually decreases with an 

increase in cover (Fig. 2.5) (Liu et al, 2018).  There were two thresholds of cover 

that have been defined based on the relationship between ground cover and runoff 
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and soil loss, i.e., roughly 10�±30%, and approximately 50�±60% (Greene et al., 1994; 

Scanlan et al., 1996; Owens et al., 2003; Silburn et al., 2011a; Liu et al., 2018). 

 

Figure 2.5 Relationships between ground cover and (a) relative runoff (compared to runoff 
on bare soil) and (b) relative sediment yield (compared to sediment yield on bare soil) (Liu 
et al., 2018) 
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Table 2.1 A compiled review of the studies analysed the relationship between ground cover and runoff or runoff coefficient  

Location MAP 
(mm) 

Size Soil Land use Relation Dependent 
variable 

Method References 

Badger Wash 
basin, Colorado 

210 0.33 - 1.25 
km2 

Sandy Grass, 
saltbush 

Linear Runoff 
coefficient 

Rainfall 
simulator 

Branson and 
Owen (1970) 

Rhodesia 842 - Sandy clay 
loam 

Grazing Exponential Runoff 
coefficient 

Plot Elewell and 
Stocking (1976) 

Outback NSW 275 
(median) 

1 m2 - Grazing linear Runoff rate 
(mm/hr) 

Rainfall 
simulator 

Greene et al., 
(1994) 

Ten woodland 
sites, N.E. QLD 

600 4 ha blocks Duplex soil Grass 
pastures 

Linear Runoff 
coefficient 

Plot Scanlan et al., 
(1996) 

SE Spain 355 1-1.75 m2 - Abondon
ed 
cropping 
land 

linear Runoff 
coefficient 

Rainfall 
simulator 

Quinton et al., 
(2006) 

Alicate, SE 
Spain 

292 2 x 8 m Loam Grass, 
shrub 
lands, 
forest 

Exponential Runoff amount 
(mm) 

Rainfall 
simulator 

Chirino et al., 
(2006) 
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CE Spain 488 0.24 m2 Clay loam Reclaime
d mine 
sites 

Exponential Runoff 
coefficient 

Rainfall 
simulator 

Moreno-de las 
Heras et al., 
(2009) 

Guadalajara, 
Central-eastern 
Spain 

416 0.785 m2 Typic 
Rhodoxeralf 

Abondon
ed 
cropping, 
pasture 

Linear Runoff rate 
(mm/hr) 

Rainfall 
simulator 

Garcia-
Estringana et al., 
(2010) 

Queretaro, 
Mexico 

480 USLE plots Vertisol Pasture Linear Runoff (mm) Rainfall 
simulator 

Vasquez-Mendez 
et al., (2010) 

Côa river 
catchment, 
marginal area 
of Portugal 

800 plot distric 
cambisols 

Pasture 
land 

Exponential Runoff 
coefficient 

Plot Nunes et al., 
(2011) 

Springvale 
catchment, 
Central QLD 

607 9.6 ha Mudstone 
and sandstone 

Pasture 
cover 

Exponential Runoff Plot Yu (2020) 

*MAP = Mean annual precipitation 



31 | P a g e 
 

 

 
The extensive land clearing and livestock grazing have resulted in increased runoff and 

sediment export from many catchments all over Australia. Research studies demonstrated that 

ground cover plays a significant role in controlling the rates of runoff (Connolly et al., 1997, 

McIvor et al., 1995, Pressland et al., 1991; Owens et al., 2003) and sediment loss (Bartley et 

al., 2006, McIvor, 2001, Roth, 2004 and Silburn et al., 2011) in grazing land. Sediment yield 

from grazed hillslopes increases as ground cover decreases, with the runoff decreasing sharply 

as cover increases beyond 40% (Scanlan et al., 1996; Bartley et al., 2010). A study conducted 

in 4 ha blocks in unbounded catchments in grazed and enclosed pastures in woodlands in the 

Dalrymple Shire, North-Eastern Queensland over five years reported that cover had the most 

significant effect on run-off percentage for the 30-40 mm event class (Scanlan et al., 1996) 

(Fig. 2.6). 

 
Figure 2.6 Effect of cover and rainfall event size on percentage of rainfall that runs off (Scanlan 
et al., 1996). 

 
Another study was conducted in 9.6 ha runoff plots in Springvale catchment in Nogoa 

catchment, and Emerald showed a significant improvement in runoff prediction for low cover 

plots (Owens et al., 2003). The optimised curve number (CN) values with 95% confidence 

limits were considerably lower for plots with lower mean cover (Owens et al., 2003) (Fig. 2.7). 

The difference in curve number and predicted runoff appeared to be related to total cover rather 

than cover type. The coefficient of determination (R2) for all plots was increased from 0.70 to 

0.87 (Owens et al., 2003). 
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Figure 2.7 Optimised CN2 values plotted against the mean pasture cover for 10 runoff plots on hard 
setting soil at Springvale (Owens et al., 2003). 
 

Therefore, it is evident from the above-mentioned previous research studies that runoff has a 

great variation due to the change in ground cover level. These studies highlighted the necessity 

of considering change in ground cover to improve the prediction of runoff and sediment yield 

from GBR catchments. 

2.2.2 Methods used to evaluate effect of ground cover on runoff in Central Queensland 

In Central Queensland, the effect of ground cover on runoff are evaluated either through 

experimental methods or hydrological modelling. The experimental methods were mostly 

applied at a small scale, for example, the runoff from a plot of 4ha blocks in Dalrymple Shire, 

North-Eastern Queensland was calculated by using a simple empirical model including the 

influence of factors i.e., rainfall event size, I15, soil water deficit and cover (Scanlan et al., 

1996). Similarly, Owens et al., (2003) applied the modified version of the Scanlan approach to 

runoff prediction from an experimental site of 9 ha (Springvale catchment) which was covered 

with pasture in Central Queensland. To address some aspects of intensive grazing on runoff 

and sediment yield in a small grazing property in South-East Queensland, Australia, a runoff 

and sediment study was conducted by Sanjari et al., (2010). Moreover, an improved method 

for modelling rangeland runoff processes (cover sensitive (C-S) runoff model) was tested using 

the field-measured runoff data from four long-term experimental trials in Queensland 

rangelands (Fraser, 2013). 

For large catchments (>100 km2), the SimHyd rainfall runoff model was chosen due to its 

extensive application and proven performance to satisfactorily estimate streamflow across 

Australia (Chiew, Peel and Western, 2002) and in particular for a large catchment in the GBR 

(Ellis et al., 2009). It was found that the calibrated parameter values for SimHyd model remain 
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unchanged over long periods. This is often a questionable assumption given considerable 

changes in land use and land management practice for Queensland catchments over periods of 

10-20 years. 

2.2.3 Methods used to evaluate the effect of ground cover on soil loss/sediment delivery in 

Central Queensland 

In Central Queensland, the GBR Dynamic SedNet catchment models are being applied (eWater, 

2010). These models are built on eWater Source �± �$�X�V�W�U�D�O�L�D�¶�V��National Hydrological modelling 

platform, a consistent hydrological and water quality modelling and reporting framework 

(eWater, 2010). This framework allows users to simulate the effect of rainfall, land use, and 

cover on runoff, constituent generation and transport at variable catchment scales because it 

uses a suite of empirical and process-based landscape models to simulate fine sediment supply 

and losses from major sources and sinks at a finer temporal resolution (daily time-step) than 

the original average annual SedNet model (Ellis, 2017); these are the Revised Universal Soil 

Loss Equation (RUSLE) (Renard and Ferreira, 1993), Agricultural Production Systems 

Simulator (APSIM) (Keating et al., 2003), HowLeaky (Littleboy et al., 1992a; McClymont et 

al., 2016), and the SedNet functionality of gully erosion, streambank erosion, instream 

deposition/remobilisation, floodplain deposition, and storage (reservoir) trapping processes 

(Wilkinson et al., 2014). The integrated model is referred to as GBR Dynamic SedNet 

(McCloskey et al. 2021). The RUSLE model is currently used in the eWater Source Catchment 

Framework at daily time-step for generating sediment loads due to hillslope erosion for grazing 

and natural vegetation (Bartley et al., 2014; McCloskey, 2017). Sediment loads were lumped 

and reported for single land use (typically1 km2 �± 30km2) for a given sub-catchment at daily 

timesteps. With respect to Australian condition, basically RUSLE model has been applied in 

most of the studies conducted for predicting daily hillslope erosion rates across Queensland 

(Simms et al. 2003, Silburn, 2011c, Wilkinson et al. 2013, Bartley et al. 2014, Waters et al. 

2014, Dougall and McCloskey, 2017). 

However, there are certain limitations associated with the use of RUSLE model. Additionally, 

Brooks et al., (2014) found that The RUSLE derived soil loss predictions using broad, 

regionally scaled data inputs over predicted sediment yield by 2�±4 times when compared to 

sediment trap measurements capturing runoff from <0.5 ha plots in savannah grazing lands of 

Cape York (Brooks et al., 2014). The tendency of the RUSLE to over predict sediment yield is 

also reported by Kinnell, (2004), who observes that erosion is a combination of detachment, 
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transport and deposition, all in operation at the same time and that RUSLE does not account 

for deposition. 

In contrast to the Revised USLE model, there another model, i.e., the MUSLE model, which is 

applied in Central Queensland; however, its application is minimal. The MUSLE model 

includes the runoff representing the detachment process and the peak runoff rate to represent 

the sediment transport (Williams, 1975). The MUSLE was originally applied to 18 small 

watersheds with areas varying from 15 to 1500 ha, slopes from 0.9 to 5.9% and slope lengths 

of 78.64 to 173.74m using storm-runoff events and reported that MUSLE model was able to 

explain 92 percent of the variation in the sediment yield (Williams, 1975). Several studies have 

suggested the appropriateness of the MUSLE model in improving the prediction of soil loss or 

sediment yield under various conditions due to the inclusion of the runoff factor (Foster et al., 

1982; Kinnell and Risse, 1998; Erskine et al., 2002; Sadeghi et al., 2007; Kinnell, 2010; Arekhi 

et al., 2012). A review of international applications of the MUSLE model revealed that the 

model could provide good estimates of sediment yield when applied under appropriate 

conditions similar to the original application (Sadeghi et al., 2014). A further extension of the 

MUSLE model in which the combination of rainfall and runoff included in the rainfall-runoff 

erosivity factor of the USLE was considered to estimate soil loss on an event basis (Onstad and 

Foster, 1975). In Australia, the MUSLE (Williams, 1975) and MUSLE (Onstad and Foster 

1975) were applied on small scale catchments on Darling downs, Queensland to predict annual 

and event soil loss, and the MUSLE model (Onstad and Foster, 1975) was found to be efficient 

in predicting soil loss at the small scale (Freebairn et al., 1989). The study also suggests that 

the effect of runoff and cover on soil loss cannot be ignored in soil loss prediction. Another 

study carried out in small drainage basins near Sydney reported the higher accuracy of the 

MUSLE model (Williams 1975) compared to the RUSLE model on predicting sediment yield 

(Erskine et al., 2002). While the application of the MUSLE model was encouraged in many 

studies, very few studies applied and tested the application of MUSLE in Australia. 

�$�G�G�L�W�L�R�Q�D�O�O�\���� �V�R�P�H�� �R�I�� �W�K�H�V�H�� �V�W�X�G�L�H�V�� �G�L�G�Q�¶�W��describe how various factors were evaluated for 

sediment yield prediction using the MUSLE. 

The findings of the previous studies highlight the need to evaluate the performance of the 

RUSLE model against other soil loss model that consider deposition while predicting soil 

loss/sediment yield from the GBR catchments in Central Queensland. 
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2.3 Ground cover factor in the Revised and Modified Universal Soil Loss Equation 

2.3.1 Cover-management factor (C) 

Land use and management influence is often parameterised in the cover-management factor 

(C-factor) (Wischmeier and Smith, 1978). The C-factor is among the five factors that are used 

to estimate the risk of soil erosion and within the Universal Soil Loss Equation (USLE) and its 

revised and modified version, the RUSLE and the MUSLE. The C-factor is the ratio of erosion 

under a specified cover and management to the amount of erosion under a continuous bare 

fallow. It considers the type and density of vegetative cover on the soil and all related 

management practices, such as time between operations, weed control, tillage, watering, 

fertili sation, crop residues etc. This factor is very complicated and can only be assessed with 

confidence for research-verified crop/land management combinations. The C-factor is perhaps 

the most important factor concerning policy and land use decisions, as it represents conditions 

that can be most easily managed to reduce erosion (Renard et al., 1997; Zhang et al., 2011; 

Kinnell, 2010). 

2.3.2 C-factor estimation 

In RUSLE, the C-factor accounts for how land cover, crops, and crop management cause soil 

loss to vary from those in bare fallow areas (Kinnell, 2010). The bare plot (no vegetation) with 

till up and down the slope is taken as a reference condition, with a C-factor value of 1. The soil 

loss from different land-cover types is compared to the loss from the reference plot, and the 

results are given as a ratio. The C-factor value for a particular land-cover type is the weighted 

average of those soil loss ratios (SLRs), ranging between 0 and 1. Following the RUSLE 

handbook (Renard et al., 1997), SLRs are computed as a product of five sub-factors: prior land 

use, canopy cover, surface cover, surface roughness and soil moisture. These sub-factors 

include variables, such as residue cover, canopy cover, canopy height, below-ground biomass 

���U�R�R�W�� �P�D�V�V�� �S�O�X�V�� �L�Q�F�R�U�S�R�U�D�W�H�G�� �U�H�V�L�G�X�H���� �D�Q�G�� �W�L�P�H���� �7�K�H�� �6�/�5�¶�V�� �D�U�H�� �F�D�O�F�X�O�D�W�H�G�� �I�R�U�� �V�H�Y�H�U�D�O�� �W�L�P�H��

intervals during a year and multiplied by the corresponding percentage of annual rainfall 

erosivity to estimate the C-factor. This approach is feasible on plot- to field scales. Simplified 

approaches are generally adopted for applying the RUSLE and MUSLE model on larger spatial 

scales: (i) assigning uniform C-factor values found in the literature to a landcover map (de 

Vente et al., 2009; Zhang et al., 2009; Borrelli et al., 2014), and (ii) mapping vegetation 

parameters using techniques such as image classification (Karydas et al., 2008) and normalized 

difference vegetation index (NDVI) (Alexandridis et al. 2015; Djaoukbala et al., 2018). 
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2.3.3 C-factor in Source Catchment Modelling Framework of Central Queensland 

The ground cover factor in the GBR Source Catchment framework-based RUSLE model, the 

sub-catchments were divided into functional units based on the different land use types (Water 

et al. 2014). For the grazing land, the grazing land use was spilt into open and closed (timbered) 

to enable differences in runoff and sediment generation to be reflected in the model (Bartley et 

al. 2014). Separate crop management (C)factor relationships were developed for different 

grazing systems. The Bare Ground Index (BGI) derived from Landsat TM Satellite (25 m 

resolution and resampled to 30m to match the Digital Elevation Model (DEM) imagery is used 

to estimate ground cover (Scarth et al., 2006). BGI values were subtracted from 100 to provide 

a ground cover index (GCI). The GCI was currently only considered to be accurate in areas 

where the Foliage Projected Cover (FPC) (Goulevitch et al., 2002) is <20%, and the C-factors 

(Cf) was derived as follows (Rosewell, 1993): 

�?
L �A�:�?�4�ä�;�=�=�?�:�8�ä�;�8�Û�5�4�7�. �Û�À�¼�;�>�:�8�ä�8�=�Û�5�4�0�Û�À�¼�. �;�?�:�9�ä�6�Û�5�4�7�2�Û�À�¼�/ �;�;�; 

where c is the crop management factor and GC is the total ground cover (visual) as a percentage 

(%)  

Hence, the land use within the catchment is aggregated and included as a single area in the 

RUSLE model. The land use is not spatially represented within the catchment and therefore, 

�W�K�H���P�R�G�H�O���F�R�X�O�G�Q�¶�W���S�U�R�Y�L�G�H���W�K�H���V�S�D�W�L�D�O���Y�D�U�L�D�Eility of soil loss. 

2.4 Summary and Knowledge gaps 

Conversion of land and intensive livestock grazing has accelerated the runoff and sediment 

delivery from GBR catchments which has increased sediment deposition, affected water 

quality and created unintended consequences for coastal ecosystems. Several land management 

practices have been adopted in the past to reduce runoff, soil loss, and sediment delivery from 

GBR catchments; however, there is limited success. Improved understanding of the effect of 

ground cover variation on runoff and sediment yield is needed for the sustainable management 

of grazing lands.  

Previous studies in Central Queensland mainly assessed the influence of ground cover on 

runoff and soil loss/sediment yield at a small scale. The effects of spatial variability of ground 

cover in grazing catchments of different sizes have not been studied. Thus, understanding about 

spatial and temporal variation in ground cover in grazing land and its effects on runoff at the 

catchment scale is minimal. 
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Widely used rainfall-runoff models for streamflow prediction in Australia only based on 

rainfall and potential evapotranspiration as input. These are lumped models and do not consider 

the effects of spatial distribution of ground cover. Due to this, these models are not suitable for 

large catchments to assess the impact of ground cover variation on runoff. Additionally, the 

RUSLE model, which is widely adopted in Australia, only includes the rainfall in the rainfall-

runoff erosivity factor. The effect of ground cover-based runoff is not included in the hillslope 

soil loss and sediment predictions.  

This study will : (1) test an efficient method to characterize the spatial variation of ground cover 

in grazing land; (2) test the performance of the RUSLE against other soil loss/sediment yield 

models that includes measured runoff data, and (3) improve the runoff estimation by taking 

into account the spatial variability of ground cover in a large grazing catchment.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 



38 | P a g e 
 

Chapter 3. Probability distribution of ground cover for runoff 

prediction in rangeland in the Burnett-Mary Region, Queensland 
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Abstract. Due to the spatial and temporal variation of ground cover in grazing land, it is 

desirable to use a simple and robust model to represent the spatial variation in cover to quantify 

its effect on runoff and soil loss. The purpose of the study was to test whether a 2-parameter 

beta distribution could be used to adequately characterize cover variation in space at the sub-

catchment scale.  Twenty sub-catchments in the Burnett-Mary Region, Queensland, were 

randomly selected with the area varying from 35.8 to 231 km2. Thirty raster layers of ground 

cover at 30m resolution were prepared for these 20 sub-catchments with the average cover for 

the 30 layers ranging from 24% to 91%. Three methods (visual goodness-of-fit assessment and 

Kolmogorov-Smirnov (K-�6�����W�H�V�W�����W�K�H���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�������������D�Q�G���H�V�W�L�P�D�W�H�G���U�X�Q�R�I�I��

amount using actual and beta distribution �I�R�U���D���J�L�Y�H�Q���U�D�L�Q�I�D�O�O���D�P�R�X�Q�W���I�R�U���W�K�H���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”��

53%) were used to test the appropriateness of the beta distribution to characterize the cover 

variation in space. The K-S test on 30 x 100 samples of ground cover showed that the 

hypothesis of beta distribution for ground cover could not be rejected at the 0.05 significance 

level for 97.5% of the cases. A comparison of the actual and beta distributions in terms of the 

�I�U�D�F�W�L�R�Q�D�O�� �D�U�H�D�� �Z�L�W�K�� �F�R�Y�H�U�� �”�� �������� �V�K�R�Z�H�G�� �W�K�D�W�� �W�K�H�� �G�L�V�F�U�H�S�D�Q�F�\�� �Z�D�V���G8% for the 30 layers 

considered. A comparison in terms of the estimated runoff showed that results using the actual 

cover distribution and the beta distribution were highly correlated (R2 ranging from 0.91 to 

0.98; the Nash-Sutcliffe efficiency measure ranging from 0.88 to 0.99).  The mean absolute 

error of runoff estimated using beta distribution compared to the runoff calculated using the 

actual cover distribution ranged from 0.9 to 8.1 mm and the error relative to the mean was 4 to 

16%. The results indicated that the 2-parameter beta distribution can be adequately used to 

characterize the spatial variation in cover and to evaluate the effect of cover on runoff for these 

predominantly grazing catchments. 

Additional keywords: Ground cover, Empirical distribution, Beta distribution, Runoff. 
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3.1 Introduction  

The level of ground cover in rangelands is one of the important factors to have a profound 

influence on surface hydrological processes, and in general, the higher the ground cover the 

lower the runoff, other factors being equal (Greene et al., 1994, Scanlan et al., 1996; Owens et 

al., 2003; Wei et al., 2007; Vasquez- Mendez et al., 2010; Silburn et al., 2011; Zhang et al., 

2014). Ground cover varies enormously in space and time, and quantification of its variability 

requires an accurate estimation of cover distribution such as frequency of plant occurrence, 

plant density and biomass per unit area (Chen et al., 2006, Chen et al., 2008a,b and Damgaard 

and Irvine 2019). Being a spatially distributed random variable, the vegetation cover is bounded 

within a set interval from 0 to 1. The uncertainties associated with vegetation cover need to be 

properly quantified, especially in arid and semi-arid rangeland such as Central Queensland 

where extensive livestock grazing is the dominant land use (~80%) (Bartley et al., 2006; Great 

Barrier Reef Marine Park Authority 2012; Bartley et al., 2014). Higher pressure on grazing 

lands has increased the irregular spatial distribution of vegetation cover making the grazing 

land highly susceptible to degradation (Bartley et al., 2006). Considering the significance of 

spatial variation of vegetation cover on runoff and soil loss, the characterization of cover 

requires a well-suited parameter efficient method such as Beta distribution for proper 

description of cover distribution in time and space. 

It is a common practice to quantify cover abundance by measuring cover for multiple spatial 

units (pixels), along multiple lines and/or multiple plots within a large area (Damgaard and 

Irvine 2019). In this context, cover distribution is required to estimate plant abundance. Cover 

distribution provides a parametrized mathematical function that can be used to calculate the 

probability for an individual cover observation from a sample space and also allows estimation 

of the likelihood of having a cover observation equal to or less than a given value. Several field 

methods, for example sampling strategy, line intercept, transect method, quadrat method, and 

statistical analysis have been applied around the world at small scales in arid and semi-arid 

regions to estimate ground cover variability (Zhou et al., 1998; Seefeldt and Booth 2006; 

Damgaard 2009; Ko et al., 2017). These techniques were also tested for Australian rangeland 

for an area of 10,000 m2 with an assumption that the ground cover type is homogeneous 

throughout the area (Zhou et al., 1998). In this study (Zhou et al., 1998), the cover was 

estimated using the quadrat method by dividing the site into four sub-quadrats which were 

further divided into 40 sample quadrats, and the transect method applied to sub-quadrats at 

10cm intervals. It was reported that these techniques provide reliable results at a small scale 
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but are not sufficiently effective in describing the ground cover for a large rangeland area (Zhou 

et al., 1998). Due to the heterogeneity in ground cover at the large-scale, it is difficult to 

describe and characterise the ground cover within a catchment and how cover changes in space 

and time for large catchments (Fuhlendorf et al., 2017). Ground cover mapping using remote 

sensing technique can be used to describe the spatio-temporal variation in ground cover for 

large areas, and this cover variation is represented with discrete values.  Ground cover in reality 

is continuous in nature, and as such, the remote sensing method used for ground cover mapping 

can sometimes be misleading in cases where outliers occur (Tindal et al., 2012). Generally, the 

most common statistical method i.e., normal distribution is used to analyse the probability of 

occurrence of plants within an area (Elzinga et al., 1998; Damgaard and Irvine 2019). However, 

this method takes a specific shape of distribution (bell shaped) and is not bounded by a set 

interval of 0 to 1. In the case of analysing the spatial distribution of vegetation cover within an 

interval of 0 to 1, the use of normal or any other distribution except beta distribution can be 

troublesome. Moreover, the assumptions of linearity, no outliers, constant variance and 

residuals that are consistent with bell-shaped normal distribution are often violated for ground 

cover data (Damgaard and Irvine 2019).  

Among various distribution types, Beta distribution is a simple and logical choice which 

requires only two parameters i.e. the mean and variance, to characterise the probability 

distribution of ground cover in space for a given time period within the range from 0 to 1. It is 

flexible in nature and can take a wide range of shapes such as L, U, J, or bell-shape to 

characterise the data within the open interval of 0 to 1. In the field of rangeland ecology, Beta 

distribution was used to describe the level of ground cover at the small scale within quadrats 

(10-50 cm) at 1-25 cm interval. (Shiyomi et al., 2000; Shiyomi et al., 2003; Chen et al., 2006; 

Chen et al., 2008a; Damgaard 2013, 2014; Irvine et al., 2016; Wright et al., 2017). Chen et al., 

(2006, 2008a and 2008b) have used Beta distribution to calculate the frequency distribution of 

grassland and to define spatial heterogeneity within plant communities and found that data 

obtained for plant species in a grassland using the simple method i.e. Beta distribution agreed 

well with those obtained by counting all grid points covered by the plant species. Recently, a 

study by Damgaard (2019) and Damgaard and Irvine (2019) have also illustrated the ecological 

significance of spatial aggregation of cover by analysing the cover data using Beta distribution 

by sampling cover of Erica tetralix and Calluna vulgaris shrubs from a wet and dry heathland 

site using the pin point method using a square frame (50 cm x 50 cm) of 16 grid points that 

were equally spaced at 10 cm (Damgaard 2019). These research studies have shown that Beta 
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distribution fits quite well for the observed cover data. However, Beta distribution has not yet 

been tested for application to grazing land especially in the context of evaluating the effect of 

cover variation on runoff at the large scale in the Burnett-Mary region, Queensland, or 

anywhere else in Australia. 

Numerous studies have recognized the effect of change in ground cover on runoff response at 

the plot scale (McIvor 1995; Scanlan et al., 1996; Owens et al., 2003) and the catchment scale 

(Prebble and Stirk 1988; Siriwardena et al., 2006; Thornton et al., 2007; Pena-Arancibia et al., 

2012). Vegetation cover, litter and roots play an important role in intercepting rainfall, 

increasing infiltration and improving aggregate stability, thereby reducing runoff generation 

and soil loss (Busby and Gifford 1981; Bosch and Hewlett 1982; Mwendera and Saleem 1997; 

Zuazo et al., 2009; Sanjari et al., 2010; Thompson et al., 2010; Podwojewski et al., 2011; 

Lintern et al., 2017; Eshghizadeh et al., 2018). Scanlan et al., (1996) reported that lower ground 

cover, particularly less than 30%, led to high runoff and sediment loss from a 4 ha plot in 

Burdekin region, Queensland. Loch (2000) quantified the role of vegetation cover of 0%, 23%, 

37%, 47% and 100% in reducing runoff from a plot of 1.5m wide and 12m long. Owens et al., 

(2003) analysed rainfall and runoff data for the Springvale catchment, near Emerald, 

Queensland with an area of 9.6 ha, it was found that runoff predictions would be improved for 

areas with cover less than or equal to a threshold of 53% by considering changes in cover over 

time. Bartley et al., (2006) observed that hillslope of an area of 13 km2 with a relatively high 

average cover but with small patches of bare vegetation led to an increase of 6 to 9 times more 

runoff and up to 60 times more sediment loss as compared to hillslopes that did not contain any 

bare patches. Although many studies have explored the impact of vegetation cover on change 

in runoff in Central Queensland, our understanding is mostly limited to runoff plots or small 

sub-catchments (< 9ha-13km2) with essentially uniform cover. In reality, at the sub-catchment 

scale cover varies noticeably in both space and time (Bartley et al., 2014; Fraser et al., 2016). 

At large scale, Costa et al., (2003) evaluated the effect of large-scale change in land cover for 

two periods, i.e. one with little change in vegetation and another with larger change in land 

cover, on runoff from a 175,360 km2 catchment in South-eastern Amazonia and found that 

while rainfall remains similar, annual mean discharge in the second period with land cover 

change was 24% greater than that for the first period. In relation to rangeland hydrology, 

Bartley et al., (2014) analysed the effect of ground cover on reducing runoff from ~14 km2 

Weany Creek catchment, covered mostly with grasses. Ground cover was estimated using 

Quickbird satellite imagery at 1.2 m resolution for the entire area except for areas with cover 
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less than 10%, hill-slope ground cover was measured across each hill-slope  on a 8 x 4m fixed 

grid and pasture metrics were recorded using 1m2 quadrat based on method of Toothill et al., 

(1992). Jarihani et al., (2017) also conducted a rainfall-runoff study at multi spatial-temporal 

scales in Upper Burdekin Catchment in north Queensland and concluded that for moderate to 

large catchments (196-36,260 km2), ground cover and antecedent soil moisture condition can 

have considerable impact on runoff generation process. However, an effective method to 

characterise the continuous spatial and temporal variation in vegetation cover at large scale is 

not yet available in the context of quantifying the effect of cover variation on runoff generation. 

This research can be helpful in modification of current lumped rainfall-runoff modeling 

framework by including the spatial variability of ground cover for improved runoff simulations.  

The aim of this study is to characterise the spatial distribution of ground cover at the sub-

catchment scale in a parameter efficient manner. Specific objectives are to test whether a 2-

parameter Beta distribution could be used to adequately characterise cover variations in space 

at the sub-catchment scale and to validate the Beta distribution using three performance 

indicators i.e., goodness-of-fit test, the fractional area with cover less than some threshold and 

the effect of cover on runoff for a given rainfall amount. 

3.2 Data and Methods 

Study Area and Ground cover data 

The Burnett-Mary region was divided into 682 sub-catchments to represent the diverse climate, 

soil and land use for modelling purposes (Fentie et al., 2014). It is one of six Natural Resource 

Management regions adjacent to the Great Barrier Reef. Grazing is the dominant land use (68%) 

in the Burnett-Mary region (Fentie et al., 2014). Of the 682 sub-catchments of the Burnett-

Mary region, 20 sub-catchments were selected for inclusion in this analysis. The area of the 20 

selected sub-catchments ranges from 35.8 to 231 km2. The location map of the study area is 

shown in Fig. 3.1.  
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Figure 3.1. Twenty selected sub-catchments in the Burnett-Mary Region 

 

The remotely sensed land cover data at 30m resolution, for selected sub-catchments were 

obtained from website available at:  

http://qldspatial.information.qld.gov.au/catalogue/custom/detail.page?fid={BFE72491-2233-4FDF-

8F6A-274E49F42FDC} (accessed 11/07/2018). In the Burnett-Mary region, the land use map 

from Queensland Land Use Mapping Project (QLUMP-

http://www.qld.gov.au/environment/land/vegetation/mapping/qlump), which was prepared 

using 2009 Landsat TM (Thematic Mapper) and ETM+ (Enhanced Thematic Mapper Plus) 

imageries at 30m resolution (DSITIA 2012a-b), was used to derive grazing-specific land cover 

products.  According to Queensland Government, the ground cover was defined as the 

vegetation (living and dead) and biological crust that are in contact with the soil surface (GBR 

Report Card 2016). Ground cover includes both green (i.e. photosynthetic vegetation) and non-

green (i.e. non-photosynthetic dry vegetation and plant litter) areas (Scarth et al., 2006; Scarth 

et al., 2010).  The ground cover website has provided the detailed description of the methods 

adopted for monitoring and mapping of ground cover for Queensland regions 

(https://www.qld.gov.au/environment/land/management/mapping/statewide-monitoring/groundcover). 

The original detailed QLUMP categories were reclassified into 11 major land uses for water 

quality modelling purposes (Fentie et al., 2014). For the purpose of hydrological model such 

as Sacramento model (Burnash et al., 1973) calibration, the ground cover was further 

aggregated into two categories i.e. Forest and Non-Forest for the Burnett-Mary region (Fentie 

et al., 2014). As the present study was focused on characterization of ground cover for grazing 

land, the ground cover from only grazing areas were extracted using a masking method 

http://qldspatial.information.qld.gov.au/catalogue/custom/detail.page?fid=%7bBFE72491-2233-4FDF-8F6A-274E49F42FDC%7d
http://qldspatial.information.qld.gov.au/catalogue/custom/detail.page?fid=%7bBFE72491-2233-4FDF-8F6A-274E49F42FDC%7d
http://www.qld.gov.au/environment/land/vegetation/mapping/qlump
https://www.qld.gov.au/environment/land/management/mapping/statewide-monitoring/groundcover


45 | P a g e 
 

available in spatial analyst toolbox in ArcGIS. A total of 116 seasonal ground cover layers 

were available for the period of 1987 to 2016 for each sub-catchment. Therefore, a total of 

79,112 (682 x 116) raster layers are available for 682 sub-catchments. When these ground 

cover layers were clipped to the grazing areas of each of 20 selected sub-catchments of the 

Burnett-Mary region, 2,320 individual raster layers of cover were available for analysis. From 

these 2,320 ground cover layers, 30 layers of ground cover, varying between 24% and 91% to 

represent the full range in the average cover, were selected for analysis. These 30 cover layers 

were selected to represent a wide range of the average cover over time among different sub-

catchments in the Burnett-Mary basin. The spatial variation of ground cover for a selected sub-

catchment with an area of 231 km2 and an average cover of 60% for 1/09/2000 is shown in Fig. 

3.2 (a) as an example. The near real time images of different levels of ground cover of three 

sub-catchments are shown in Fig. 3.2 (b). The temporal variation of the average cover for 

another selected sub-catchment with an area 90 km2 is shown in Fig. 3.3. It is evident that 

ground cover at 30m resolution varies enormously in space and time. Detailed information on 

the extracted 30 ground cover layers is provided as an appendix Table A1 (A1). 

 
Figure 3.2 (a) Spatial variation of ground cover on 1/09/2000 of one selected sub-catchment (231 

km2) as an example. 
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Figure 3.2 (b) Near real time images of the three different levels of ground cover (%), (a) 24, (b) 48, 

and (c) 85, of three sub-catchments of Burnett-Mary Region. 

 

 
Figure 3.3 Temporal (3-monthly) variation in the average ground cover of a selected sub-catchment 

with an area 90 km2. 

 

 

 

 

(a) Area = 64 km2  (b) Area = 155 km2  (c) Area = 84 km2  
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Beta distribution 

The beta distribution is a family of continuous probability distributions defined on the interval 

�>�������@���S�D�U�D�P�H�W�U�L�]�H�G���E�\���W�Z�R���S�R�V�L�W�L�Y�H���S�D�U�D�P�H�W�H�U�V�����G�H�Q�R�W�H�G���E�\���.���D�Q�G���������-�R�K�Q�V�R�Q��et al., 1995). The 

Beta distribution can be used to represent a wide variety of distributional shapes for physical 

variables, such as vegetation cover, whose values ranges between 0 to 1 (Hahn et al., 1994). It 

is expressed as 

�B�:�?�; 
L �@
�5

�»�:�� �á�	 �;
�A�?�� �?�5�:�?
F �s�;�	 �?�5                                     if 0 < c < 1                 (1) 

�B�:�?�; 
L �r                                                                            otherwise 

where, �. and �� are shape parameters, �. > 0 and �� > 0, and c a continuous variable. 

The corresponding cumulative density frequency (CDF) over the range (0, cr), where cr is 

threshold upper cover limit, with shape parameters �. and �� is given by 

   �(�:�r 
Q�?
Q�?�å�; 
L �ì �@
�5

�»�:�� �á�	 �;
�A�?�� �?�5�:�?
F �s�;�	 �?�5�Ö�Ý

�4 ���@�?                                          (2) 

If the ground cover, c as a random variable, follows the Beta distribution, the mean (��) and 

variance (�12) of ground cover can be expressed, respectively, as (Chen et al., 2006) 

                         �ä
L
��

�� �>�	
                                                                                      (3) 

                     �����ê�6 
L
���	

�:�� �>�	 �;�. �:�� �>�	 �>�5�;
                                                                        (4) 

The shape parameters �. and ����for the Beta distribution can be estimated using eq (5 & 6) (Chen 

et al., 2006). 

                               �Ù
L
�� �. �:�5�?�� �;�?�� �� �.

�� �.                                                                     (5) 

                                   �Ú
L
�:�5�?�� �;�. �� �?�:�5�?�� �;�� �.

�� �.                                                           (6) 

For each selected ground cover layer, beta distribution parameters were estimated using the 

mean and standard deviation of ground cover. Goodness of fit of the Beta distribution for 

ground cover was undertaken by visual assessment using histogram and Q-Q plots (Sharma 

and Chakrabarty 2017) and Kolmogorov Smirnov test (Raschke 2011), comparison of the 

fractional area with cover less than 53% using Beta and actual distribution, and a comparison 

of Beta and actual distribution in terms of estimated runoff. These are described in detail below. 
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Visual assessment with histogram and Quantile-Quantile (Q-Q) plots 

Histograms and Quantile-Quantile plots (Q-Q plots) are graphical representations, which can 

visually indicate whether the data come from the assumed distribution (Sharma and 

Chakrabarty 2017 and Langat et al., 2019). In this study, the ground cover in the range of 0-1 

was empirically described using histograms by dividing each cover layer into 20 classes at 5% 

�L�Q�W�H�U�Y�D�O�V�����7�R���I�L�W���W�K�H���%�H�W�D���G�L�V�W�U�L�E�X�W�L�R�Q�����W�K�H���V�K�D�S�H���S�D�U�D�P�H�W�H�U�V���L���H�����.���D�Q�G�������Z�H�U�H���F�D�O�F�X�O�D�W�H�G���X�V�L�Q�J��

eq. (5) and eq. (6), respectively. The quality of fit was also visually assessed with Q-Q plots 

between the observed and fitted quantiles assuming the Beta distribution. The Q-Q plot, or 

quantile-quantile plot, is a graphical tool to help us assess if a set of data plausibly came from 

some theoretical distribution such as the normal, beta, and Weibull distributions (Wilk and 

Gnanadesikan 1968 and Furno et al., 2018). The sample quantiles can be defined by the true 

non-exceedance probabilities m/(N + 1) of the order ranked sample values, where, N is sample 

size and m is the rank (Makkonen et al., 2014). For instance, twenty percent (20%) quantile, or 

twenty percentiles, for cover represents a cover threshold, and 20% of the area would have a 

cover level that is less than this threshold. In this study, the quantiles were estimated by the 

sorting cover data for each layer. Hundred quantiles at 1% increment were calculated by using 

sample size, N and rank, m. The beta distributed quantiles relative to estimated quantiles were 

calculated using the shape parameters �. and ������ �7�K�H�� �S�U�R�E�S�O�R�W�� �I�X�Q�F�W�L�R�Q�� �D�Y�D�L�O�D�E�O�H�� �L�Q�� �6�F�L�S�\�¶�V��

statsmodels package of Python programming language was used to prepare the Q-Q plot using 

the observed and beta-estimated quantiles. Scipy is a Python-based system of open-source 

software for mathematics, science, and engineering and consists of some core packages such 

as numpy and Statsmodel. Statsmodel is a python module that provides the classes and 

functions for the estimation of many different statistical models, as well as for conducting 

statistical tests, and statistical data exploration (Python Software Foundation, version 3.6). 

Kolmogorov-Smirnov test 

Kolmogorov-Smirnov (K-S) test, which is based on the maximum difference between the 

empirical and theoretical distributions was applied to random sub-samples of ground cover 

layers (Sulaiman et al., 1998; Melo et al., 2009; Zeng et al., 2015). The K-S statistic, Dn, can 

be expressed as: 

                                  �&�á 
L �O�Q�L�Ö�����(�á�:�?�; 
F �(�:�?�;��                                                 (7) 

where, Fn(c) is the empirical cumulative distribution evaluated at c, and F(c) is the beta 

cumulative distribution. If the value of Dn does not exceed the critical value at a particular 
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significance level, the null hypothesis that there is no difference between the observed and the 

beta distributions could not be rejected. Review of literature on the effect of large sample size 

on statistical tests indicates that for large samples the p-values can quickly go to zero and lead 

to misinterpretation of results and thus affect the practical significance of research (Lin et al., 

2013). Therefore, to avoid the problems associated with large sample size of cover data for 

these selected catchments (N varied from 22,880 to 1,98,151), 30 sub-samples of each cover 

layer were randomly selected to undertake the K-S test, and this was repeated 100 times for 

each selected layer. For each of the cover sub-samples, its empirical cumulative distribution 

was calculated, and the expected cumulative distribution was calculated using beta shape 

parameters i.e. �. and �� for that sub-sample. The D statistic and the associated p-value, which 

is the level of significance within a statistical hypothesis test representing the probability of 

occurrence of a given event (Wasserstein et al., 2016), were calculated using Statsmodel 

package available in Scipy Python library.  

�&�R�P�S�D�U�L�V�R�Q���R�I���W�K�H���D�F�W�X�D�O���D�Q�G���E�H�W�D���G�L�V�W�U�L�E�X�W�L�R�Q���L�Q���W�H�U�P�V���R�I���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”����������

and estimated runoff 

One of the most widely used methods for runoff estimation is the SCS curve number method 

(SCS 1985, developed by Soil Conservation Service of the US). Storm runoff amount can be 

estimated using: 

                                          �3 
L
�:�É�?�Â�Ô�;�.

�:�É�?�Â�Ô�>�Ì�;
   for �3���!�����6                                                         (8) 

where, Q = runoff (mm), P = rainfall (mm), S = the maximum retention of rainfall in a 

watershed, Ia = the initial abstraction commonly given as 0.2�5. The only parameter, S, is related 

to the curve number, CN: 

                                      �5
L �t�w�ä�v�@
�5�4�4�4

�¼�Ç

F �s�r�A                                                      (9) 

The effect of cover on runoff was modelled in terms of changed curve numbers (Owens et al., 

2003). Owens et al., (2003) have proposed the following equation to modify the curve number 

as a function of ground cover: 

                            �%�0
L �%�0�â 
F �:�%�0�â 
F�%�0�Ö�;�?���?�å                                             (10) 

where, c = ground cover, cr = ground cover threshold, CNo = the highest curve number for bare 

soil, CNc = a constant curve number when c > cr. The ground cover level of 53% was considered 

to be an important threshold because the effect of cover on runoff diminishes considerably once 
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the ground cover exceeds this threshold (Greene et al., 1994; Scanlan et al., 1996; Owens et al., 

2003; Fraser et al., 2016; Liu et al., 2018) and a constant curve number was set to 57 when the 

ground cover was greater than cr because runoff at higher cover levels is more related to 

antecedent moisture condition and rainfall event size than to ground cover (Owens et al., 2003).  

For this study, parameter values calibrated for the Springvale catchment (Owens et al., 2003), 

i.e CNc = 57, CNo = 97, and cr = 53%, were used to evaluate how well the beta distribution 

represents the actual cover distribution in space in terms of estimated runoff. Two aspects of 

runoff estimation were considered; 1) the fractional area where the cover has impact on runoff 

and 2) estimated runoff amount for a given rainfall amount. 

For comparing the actual and beta distribution, the fractional ar�H�D���Z�L�W�K���F�R�Y�H�U���”�����������I�R�U���H�D�F�K��

of the 30 cover layers was calculated using both distributions. In this study, the fractional area 

�Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”�����������Z�D�V���H�P�S�L�U�L�F�D�O�O�\���F�D�O�F�X�O�D�W�H�G���E�\���F�R�X�Q�W�L�Q�J���D�O�O���W�K�H���S�L�[�H�O�V���Z�L�W�K���F�R�Y�H�U���”��

53% and this was also calculated using the beta distribution based on the shape parameters �. 

and �� (eq.2). The beta.cdf function available in Statsmodel package of Python program was 

used for calculating the cumulative distribution function (CDF) of the Beta distribution over 

the range 0 to 53%.    

�)�R�U���U�X�Q�R�I�I���H�V�W�L�P�D�W�L�R�Q�����W�K�H���F�X�U�Y�H���Q�X�P�E�H�U���P�H�W�K�R�G���Z�D�V���D�S�S�O�L�H�G���W�R���D�O�O���S�L�[�H�O�V���Z�L�W�K���F�R�Y�H�U���”�����������I�R�U��

3 storm rainfall amounts of 50, 100, and 200 mm for each of the 30 selected cover layers. The 

�D�Y�H�U�D�J�H���U�X�Q�R�I�I���G�H�S�W�K���I�R�U���D�O�O���W�K�H���S�L�[�H�O�V���Z�L�W�K���F�R�Y�H�U���”�����������Z�D�V��taken to represent the actual effect 

of cover distribution in space on runoff. Likewise, partial runoff from the low cover area (c �”��

53%) was estimated assuming the beta distribution using the following integration: 

                               �3 
L���ì �3�>�2�á�%�0�:�?�;�?�@�(�Ö
�Ö�Ý

�4                                 (11) 

where Fc is the cumulative probability function assuming the Beta distribution. The equation 

takes into account runoff as a function of rainfall, P, and the curve number, CN, and the latter 

in turn, is a function of cover.  Runoff was estimated assuming the beta distribution using the 

same 3 rainfall amounts and for each of the 30 selected cover layers. 

Comparison between the runoff estimated using actual and beta distribution was made by using 

four statistical indicators: Coefficient of Determination (R2), Nash-Sutcliffe efficiency (NSE), 

the mean absolute error (MAE) (mm) and the relative error (RE) (%). Formulas for these 

indicators are: 
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where, N = Number of observations, Oi = Observed values, �1
$ = The mean of observed values, 

Pi = Predicted values, �2
$��= The mean of predicted values. 

3.3 Results 

In this study, the beta distribution was assumed to describe the spatial variability of ground 

cover. For the 30 selected cover layers, the mean and standard deviation were found to be in 

the range of 0.24 to 0.91 and 0.06 to 0.29, respectively. The shape parameters i.e. �. and �� were 

calculated from the mean and standard deviation and the range of these parameters varied from 

0.44 to 20 and 0.81 to 10.50, respectively.  

Goodness-of fit using visual assessment and K-S test 

The goodness-of-fit of the beta distribution in comparison with the observed distribution of 

ground cover was explored using histograms and Q-Q plots. The ground cover data were sorted 

into 20 classes at an interval of 0.05. The probability density function (PDF) of the beta 

distribution was superimposed over the histogram of the actual frequency distribution for each 

of the 30 selected cover layers. The spatial variation of ground cover using the actual and beta 

distribution for the 6 sample cover layers which were selected from 30 layers of ground cover 

to show the results for minimum, medium and maximum average cover are shown in Fig. 3.4. 
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Figure 3.4. Histograms for the ground cover for six selected sub-catchments with a wide range of 
average cover and fitted beta distribution. 

It can be seen that the beta distribution fits well the observed cover distribution for the medium 

cover range (from about 38% to 66%), while the observed and fitted cover distributions show 

greater deviation for extreme cover values. The Quantile-Quantile (Q-Q) plots between the 

observed and fitted quantiles for the six selected cover layers as samples are shown in Fig.3. 5. 

The results showed that the beta distribution fits very well over observed ground cover data. 

Both the histograms and Q-Q plots indicate excellent agreement between the observed and beta 

 

  

 

 

(a) (b) 

(c) (d) 

(e) (f) 
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distributions, and discrepancy between the two only occurs for extremely large or small cover 

values. 

 

Figure 3.5 Q-Q plot for the six sub-catchments with an average cover (%) (a) 24, (b) 32, (c) 38, (d) 
50, (e) 66 and (f) 85. 

The goodness-of-fit of the beta distribution was assessed using the K-S test. For each of the 30 

selected cover layers, K-S tests were applied 100 times for 100 randomly selected sub-samples. 

 

   

          

   

(a) (b) 

(c) (d) 

(e) (f) 
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The K-S test results for the 6 sample cover layers are presented in appendix (Table. A2 (A1)). 

Test results for these combined 3000 K-S tests showed that for 97.5% (2924 out of 3000) of 

all cases, the null hypothesis that the observed cover was drawn from the beta distribution could 

not be rejected. This statistical analysis using the K-S test provided an overwhelming support 

for the conclusion that the beta distribution can adequately describe the spatial description of 

ground cover.  

Comparison of the actual and beta distribution based on fractional area with cover �M 53% 

and runoff estimation 

Comparison was made between the actual and beta distribution for 30 selected cover layers 

�E�D�V�H�G���R�Q���W�K�H���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�����������D�Qd runoff estimated for 3 rainfall amounts.  Fig. 

���� �V�K�R�Z�V�� �D�� �V�F�D�W�W�H�U�� �S�O�R�W�� �R�I�� �W�K�H�� �I�U�D�F�W�L�R�Q�D�O�� �D�U�H�D�� �Z�L�W�K�� �F�R�Y�H�U�� �”�� �������� �F�D�O�F�X�O�D�W�H�G�� �X�V�L�Q�J�� �W�K�H�� �D�F�W�X�D�O��

distribution and the beta distribution of the ground cover. It can be seen from Fig. 3.6 that in 

terms of the fracti�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”�������������W�K�H���D�F�W�X�D�O���D�Q�G���E�H�W�D���G�L�V�W�U�L�E�X�W�L�R�Q�V���D�U�H���L�Q��

good agreement. The maximum discrepancy between the two is no more than 8% for the 30 

cover layers tested.  

 

Figure 4.6. Comparison of the �I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�����������X�V�L�Q�J���R�E�V�H�U�Y�H�G���F�R�Y�H�U���G�D�W�D���D�Q�G���I�L�W�W�H�G��
beta distribution for the 30 cover layers. 
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In terms of estimated runoff for 3 distinct storm rainfall depths of 50, 100 and 200 mm, the 

�D�Y�H�U�D�J�H���U�X�Q�R�I�I���I�U�R�P���D�U�H�D�V���Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”����������was also in good agreement with that using 

the actual distribution as distinct from the assumed beta distribution. The relationship between 

the runoff estimated using the beta distribution and that using the actual distribution is shown 

in Fig. 3.7 for 3 rainfall amounts and 30 cover layers.  Fig. 3.7 also shows the runoff depth that 

would occur if the level of cover is more than 53% throughout the sub-catchment.  These 

represent the minimum amount of runoff for given rainfall when the cover is > 53% everywhere 

in the sub-catchment. It can be seen from Fig. 3.7 that when the runoff amount is close to the 

minimum runoff amount for the given rainfall (with low runoff implying relatively high 

average cover), the discrepancy in terms of estimated runoff between the actual and beta 

distribution is larger than that for high runoff rates. This indicates that the estimated runoff is 

sensitive to cover distribution where the cover is just lower than the adopted threshold of 53%. 

The estimated runoff using the actual and beta distribution showed that the beta distribution 

can be used to represent the spatial variation in cover as far as its effect on runoff is concerned. 

Table 3.1 shows the minimum runoff amount when cover is > 53% and the performance 

indicators, i.e. the Coefficient of Determination (R2), Nash-Sutcliffe coefficient of efficiency 

(NSE), the mean absolute error (MAE) (mm) and the relative error (RE) (%) for estimated 

runoff using the beta and actual distributions, for 3 rainfall amounts and for 30 selected ground 

cover layers.  

The estimated runoff for cover �M 53% using the beta distribution was found to be well 

correlated with that using the actual cover distribution with R2 ranging from 0.91 to 0.98 and 

NSE ranging from 0.88 to 0.99. The mean absolute error and the relative error were found to 

be in the range of 0.98 to 8.10 mm and 4 to 16%, respectively.  
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Figure 3.7. Comparison of estimated partial area runoff depth for different rain amounts using observed 
cover data and fitted beta �G�L�V�W�U�L�E�X�W�L�R�Q���I�R�U���D�U�H�D�V���Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”���������������[���L�Q�G�L�F�D�W�H�V���W�K�H���D�P�R�X�Q�W���R�I��
runoff that would occur if the ground cover were > 53% for each of three rainfall amounts.) 

Table 3.1. Minimum runoff for cover > 53% and various indicators for comparing the beta and 
�D�F�W�X�D�O���G�L�V�W�U�L�E�X�W�L�R�Q���L�Q���W�H�U�P���R�I���U�X�Q�R�I�I���I�R�U���F�R�Y�H�U���”�������� 

Rainfall  
(mm) 

Runoff (c > 
53%) (mm) 

R2 NSE Mean absolute 
error (mm) 

Relative error (%) 

50 0.67 0.96 0.95 0.98 11 
100 15.01 0.93 0.91 2.50 7 
200 73.99 0.91 0.88 4.68 4 

Combined  0.98 0.99 8.10 16 
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Above mentioned results show that the effect of cover on runoff could be well represented by 

the 2-parameter beta distribution, i.e. the mean and standard deviation of ground cover, instead 

of using all the cell-by-cell cover data, at the sub-catchment scale. 

3.4 Discussion 

The results on the spatial variability of ground cover using the beta distribution for 30 cover 

layers at 30 m resolution in the Burnett-Mary region indicated that the beta distribution would 

be useful to provide an alternative and robust way of representing cover variation in space for 

simulation purposes with only two parameters i.e. the mean and standard deviation. From the 

results, it can be observed that simply changing these two parameters can drastically change 

the shape of the distribution. These findings agreed with other applications of the beta 

distribution to describe the spatial variation of cover in grassland vegetation at the plot scale 

(Shiyomi et al., 2000; Chen et al., 2006; Chen et al., 2008a and b). Beta distribution has been 

extensively used to describe the probability distribution for many physical variables such as 

cloud cover and sunshine data, which naturally vary in the range between 0 and 1 (Falls 1974; 

Sulaiman et al., 1998). In the field of ecology, beta distribution was mostly applied in Central 

Japan and Denmark (Damgaard 2014; Damgaard and Irvine 2019; Wright et al., 2017) to 

discretised spatial variation of plant cover and was compared with the observed cover data 

measured using the primary method i.e. point-grid method. In this study, we applied and tested 

the beta distribution as a parameter-efficient method to describe ground cover variations, but 

in contrast to the point grid method, we compared the beta distribution with the actual cover 

distribution using the observed remotely sensed data ground cover data measured at 30m 

resolution to estimate the mean and standard deviation of ground cover for large sub-

catchments. The visual assessment of the goodness-of-fit and the K-S tests showed that the 

beta distribution is quite appropriate to describe the variation of ground cover in space in an 

efficient manner by considering only two parameters i.e. the mean and standard deviation. 

In terms of the relationship between ground cover and runoff, field observations by Scanlan et 

al., (1996); Owens et al., (2003) and Bartley et al., (2006) were mostly made at the small spatial 

scale to analyse the effect of the variations of ground cover on runoff, and the cover was 

essentially uniform within each experimental plot. These methods, while appropriate at the plot 

scale, are unable to capture the effect of spatial variability on runoff.  The effect of the spatial 

variability in ground cover is further illustrated using a numerical example presented in Fig. 

3.8. If the average cover is used to represent the level of cover, and spatial variability is ignored 

���1� �����L�Q���)�L�J�������������L�W���F�D�Q���E�H���V�H�H�Q���W�K�H���U�X�Q�R�I�I���Z�R�X�O�G���E�H���P�X�F�K���O�R�Z�H�U���W�K�D�Q���Z�K�H�Q���W�K�H���V�S�D�W�L�D�O���Y�D�U�L�D�E�L�O�L�W�\��
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is explicitly recognised, because runoff would be higher from areas with a lower cover. This 

increase in runoff with the standard deviation for the same mean level of cover occurs because 

as the spatial variability increases, the fraction of the area with comparatively low ground cover 

increases. This simple example helps show that Beta distribution can be used to model the 

effect of the spatial variation in cover on runoff in a parameter-efficient manner. In 

hydrological models, catchment characteristics are lumped. Spatial variability of the ground 

cover in addition to the mean adds much value to attempts at evaluating the effect of cover on 

runoff, and Beta distribution is demonstrably one of the best ways of achieving this. 

 

Figure 5.8 Estimated runoff using Equation 11 as a function of the spatial variation from a storm event 
with an effective rainfall of 100 mm for three different level of the average cover at 0.30, 0.50 and 0.70.  
�6�W�D�Q�G�D�U�G���G�H�Y�L�D�W�L�R�Q���R�I���]�H�U�R�����1��� ���������L�V���D�V�V�R�F�L�D�W�H�G���X�Q�L�I�R�U�P���J�U�R�X�Q�G���F�R�Y�H�U���L�Q���V�S�D�F�H����      

In this study we tested a parameter-efficient method of describing the spatial and temporal 

variation of ground cover and incorporated this method into a previously developed rainfall-

runoff model taking into account the effect of ground cover by Owens et al., (2003). Several 

research studies have also shown the importance of cover threshold to affect runoff and soil 

loss in rangeland areas (Greene et al., 1994; Scanlan et al., 1996; Owens et al., 2003; Fraser et 
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al., 2016; Liu et al., 2018, Eshghizadeh et al., 2018). Therefore, we used a threshold of 53% as 

mentioned in Owens et al., (2003) to estimate and compare runoff using the actual and the beta 

distribution of groundcover. The close agreement between the actual and beta distribution in 

terms of both the fractional area and estimated runoff lend considerable support for adopting 

the beta distribution to simulate the effect of cover variation on runoff in a parameter-efficient 

manner at the sub-catchment scale.  

3.5 Conclusion 

The present study attempted to assess the adequacy of the beta distribution for describing the 

spatial variation in ground cover for grazing land.  Thirty layers of ground cover at 30 m 

resolution for 20 sub-catchments in the Burnett-Mary region in Queensland were used for this 

purpose. Based on visual inspection and the Kolmogorov-Smirnov test, it was found that the 

2-parameter beta distribution could acceptably be used to characterise the spatial variation in 

cover at the sub-catchment scale. The beta distribution was found to be able to reproduce the 

obs�H�U�Y�H�G�� �I�U�D�F�W�L�R�Q�D�O�� �D�U�H�D�� �Z�L�W�K�� �F�R�Y�H�U�� �”�� �������� �Z�K�H�U�H�� �W�K�H�� �H�I�I�H�F�W�� �R�I�� �F�R�Y�H�U�� �R�Q�� �U�X�Q�R�I�I�� �L�V�� �P�R�V�W��

pronounced. The beta distribution could also be used to represent the spatial distribution of 

ground cover in terms of estimated runoff amount.  In summary, the beta distribution offers a 

relatively simple and parameter-efficient method to characterise the spatial variation in ground 

cover and could be used to simulate the effect of cover on runoff in grazing land. 
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Abstract 

 Land clearing for cropping and grazing has increased runoff and sediment yield in Central 

Queensland. The Brigalow Catchment Study (BCS) was established to determine the effect of 

land clearing on water balance, soils, and productivity, and consisted of three catchments: 

brigalow forest, cropping, and grazing. Factors responsible for changes in and models for 

predicting sediment yield have not been assessed. Objectives of this study are to identify 

climatic, hydrological, and ground cover factors responsible for the increased sediment yield 

and to assess suitable models for sediment yield prediction. Runoff and sediment yield data 

from 1988 to 2018 were used to assess the Revised Universal Soil Loss Equation (RUSLE) and 

the Modified USLE (MUSLE) to predict the sediment yield in brigalow catchments. Common 

events among the three catchments and events for all catchment pairs were assessed. The 

sediment yield was approximately 44% higher for cropping and 4% higher for grazing than 

that from the forested catchment. The runoff amount (Q) and peak runoff rate (Qp) were major 

variables that could explain most of the increased sediment yield over time. A comparison for 

each catchment pair showed that sediment yield was 801 kg ha�í1 or 37% higher for cropping 

and 28 kg ha�í1 or 2% higher for grazing than for the forested catchment. Regression analysis 

for three different treatments (seven common events) and for different storm events (15 for 

forested, 40 for cropping, and 20 for grazing) showed that Q and Qp were best correlated with 

sediment yield in comparison with variations in ground cover. The high coefficient of 

determination (R2 > 0.60) provided support for using the MUSLE model, based on both Q and 

Qp, instead of the RUSLE, and Q and Qp were the most important factors for improving 

sediment yield predictions from BCS catchments.  

Keywords: Small dry catchments, brigalow clearing, sediment yield, RUSLE and MUSLE.  
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4.1 Introduction  

Broad scale clearing of native vegetation for agricultural systems, including grazing, has 

strongly affected hydrological processes and sediment yield in Australia and around the world 

(Siriwardena et al., 2006; Thornton et al., 2007; Ehigiator and Anyata 2011; Borrelli et al., 

2017; Cheng and Yu 2019; Aghsaei et al., 2020). At the global level, soil erosion from the area 

of 125 million km2 �F�R�Y�H�U�L�Q�J���a�������������R�I���(�D�U�W�K�¶�V���O�D�Q�G���V�X�U�I�D�F�H���K�D�V���L�Q�F�U�H�D�V�H�G���E�\���������������E�D�V�H�O�L�Q�H��

of 35 Pg year�í1) due to spatial land use change occurring only in 3.3% of study area (Borrelli 

et al., 2017). In Australia, according to the Scientific Consensus Statement (Bartley et al., 2017), 

a three-and eight-fold increase in the total sediment yield has occurred across the Great Barrier 

Reef (GBR) catchments, depending on the region, of which approximately 80% could be 

attributed to changes in land cover. The Fitzroy Basin was identified as one of the major 

contributing areas for discharging large amounts of sediments into the GBR lagoon. The 

Brigalow Catchment Study (BCS) located near Theodore, Central Queensland, represents 36.7 

Mha of brigalow bioregion of Queensland and northern New South Wales (Thornton and Yu 

2016). Under the Land Development (Fitzroy Basin) Scheme, approximately 4.5 Mha of virgin 

brigalow forest was cleared for agriculture (including grazing), which has affected the water 

quality of the region (Elledge and Thornton 2017). The sediment story of the Fitzroy Basin 

reveals that the average current suspended sediment load exported from the Fitzroy River is 

between  

1.5 and 2.0 Mt year�í1 and a large quantity of load is generated due to the extensive clearing of 

brigalow lands since the 1950s (Lewis et al., 2015). The increase in sediment rates (~1.5-fold) 

in sediment cores from the lagoons near Rockhampton also provide evidence for increased 

sediment loads from the Fitzroy River since European settlement (Bostock et al., 2006). The 

brigalow clearing of the Brigalow Land Development Fitzroy Basin Scheme represents 21% 

of all clearing in the brigalow bioregions and 32% of the Fitzroy Basin (Queensland 

Department of Primary Industries 1993).  

The conversion of virgin brigalow to agricultural and grazing land has altered the hydrology 

of small catchments in the Fitzroy Basin (Thornton et al., 2007; Thornton and Yu 2016). 

Thornton et al., (2007) reported increases in runoff since 1982, at the BCS, as a result of broad-

scale land clearing. The runoff coefficient (the ratio of total runoff over total rainfall) has 

increased from 5% for the virgin brigalow catchment to 11% for cropping, and 9% for grazing 

(Thornton et al., 2007). Similarly, Thornton and Yu (2016) reported that the peak runoff rate 

also increased from 5 to 8.3 mm h�í1 for cropping and 2 to 5.6 mm h�í1 for pasture catchment, 
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after the development of the catchments. Moreover, a comparative study over a 25-year period 

from 1984 to 2010 of suspended sediment data for the three catchments revealed that the total 

suspended solids from the cropped catchment was 6.45 times greater, and from the grazed 

catchment was 1.46 times greater, than the virgin brigalow (2106 kg ha�í1) (Elledge and 

Thornton 2017). Numerous studies around the world have shown the impact of land use change 

on sediment yield (Walling 1999; Santos et al., 2017; Gashaw et al., 2019; Aghsaei et al., 2020). 

Forest clearing since 1968 has led to a 1.8-fold increase in the annual sediment load of the 

Dnestr River at Sambur, Ukraine, in an 850 km2 catchment area (Walling 1999). Sediment yield 

increased 10 times due to conversion of a dry tropical forest into fully developed grassland 

based on an experimental 2.8 ha watershed in the semi-arid Upper Jaguaribe Basin, Ceara, 

Brazil (Santos et al., 2017). Recently, conversion of forest into irrigated agriculture in one of 

the sub catchments in the Anzali wetland catchment, Gilan, Iran, has led to a 169% increase in 

the mean annual sediment yield (Aghsaei et al., 2020). However, no study to date has clearly 

demonstrated changes in sediment yield at a small scale in dry areas, and no attempt to date 

has been made to evaluate factors that, either individually or collectively, have caused an 

increase in sediment yield due to clearing of virgin brigalow forest for cropping and grazing.  

As the BCS catchments are contiguous, most of the physical catchment characteristics, such as 

topography, soil structure and texture, are considered to be similar and effectively static. 

However, other factors, such as rainfall, runoff, and vegetation cover, do vary with time and 

may be responsible for changes in the sediment yield among the three catchments. The 

Universal Soil Loss Equation (USLE) (Wischmeier and Smith 1978) and its derivatives, such 

as the Revised USLE (RUSLE; Renard et al., 1997) and the Modified USLE (MUSLE; Onstad 

and Foster 1975; Williams 1975), provide a framework to identify and test factors that have 

significantly affected the sediment yield at the BCS. These erosion prediction models are the 

most widely used around the world for different types of land cover, because of their simplicity 

and flexibility. The RUSLE, which considers the erosivity index (EI30) as its primary rainfall�±

runoff related factor, is the most commonly used model and is being applied in the Source 

Catchment/Dynamic SedNet modelling framework for hill-slope erosion prediction for the 

GBR catchments (Yu 1998). The EI30 is the product of total amount of rainfall kinetic energy 

and maximum 30-min rainfall intensity (Wischmeier and Smith 1978). However, for the small 

dry catchments of the BCS, the EI30 would be essentially the same among the three different 

treatments. Therefore, if the RUSLE model were applied, the difference in the sediment yield 

would be attributed to changes in the cover and management factor  
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(C) factor alone; C is defined as the ratio of soil loss from a field with a particular cover and 

�P�D�Q�D�J�H�P�H�Q�W���F�R�P�S�D�U�H�G���W�R���D���I�L�H�O�G���X�Q�G�H�U���µ�F�O�H�D�Q-�W�L�O�O�H�G���F�R�Q�W�L�Q�X�R�X�V���I�D�O�O�R�Z�¶�����:�L�V�F�K�P�H�L�H�U���D�Qd Smith 

1978). However, from previous studies (Thornton et al., 2007; Thornton and Yu 2016), runoff 

amount (Q)and peak runoff rate (Qp) could be major factors responsible for the variation in the 

sediment yield among the three catchments. Several previous studies have suggested that 

inclusion of Q and Qp could improve the capacity of the MUSLE model to predict the sediment 

yield compared with the USLE model (Kinnell 2004, 2010, 2016). Numerous studies have also 

suggested the appropriateness of the MUSLE model in improving sediment yield prediction 

under various conditions, due to inclusion of the runoff-related factors (Foster et al., 1982; 

Kinnell and Risse 1998; Erskine et al., 2002; Sadeghi and Mizuyama 2007; Kinnell 2010; 

Arekhi et al., 2012; Sadeghi et al., 2014). To test the relative contribution of Q, Qp, and cover 

factors, the USLE, as modified by Williams (1975) and Onstad and Foster (1975), will be used 

in this study to estimate the sediment yield from different land uses because they include runoff 

and peak runoff rate in addition to rainfall erosivity as the rainfall�±runoff related factors. As 

mentioned above, the RUSLE was originally developed and is widely used to estimate soil loss 

from hillslopes. In this study, the measured sediment yield at the catchment outlet is assumed 

to equal the soil loss of the catchment. Soil loss is defined as the measured total suspended 

solids load from a catchment. This study, therefore, assumed that there is no sediment 

deposition in the catchment. At the very least, the delivery ratio is constant because it was 

assumed constant in the Dynamic SedNet model being applied to the GBR catchments for 

erosion predictions (Wilkinson et al., 2004). However, for large catchments, the RUSLE needs 

a separate sediment delivery ratio to estimate the sediment yield. In contrast, the MUSLE 

eliminates the need for a sediment delivery ratio because runoff and peak runoff rate are closely 

related to sediment detachment and transport for improved sediment delivery predictions 

(Williams 1975). 

As such, this present study had three objectives,  

�x to evaluate the effect of clearing brigalow for cropping or gazing on sediment yield for 

a subset of events over the period between 1988 and 2018, 

�x to test whether the change in sediment yield occurred because of the change in runoff 

characteristics, rather than changes in ground cover, and 

�x to test the applicability of using the RUSLE/MUSLE models to predict sediment yield 

from these small dry catchments in Central Queensland. 
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4.2 Material and methods 

Study area 

This study was conducted in the three contiguous experimental catchments of the long-term 

BCS. The three catchments brigalow scrub (C1), cropping (C2) and, grazing (C3) have 

�F�R�Q�W�U�L�E�X�W�L�Q�J�� �D�U�H�D�� �R�I�� ���������� �K�D���� ���������� �K�D�� �D�Q�G�� ���������� �K�D���� �U�H�V�S�H�F�W�L�Y�H�O�\���� �7�K�H�� �%�&�6�� �������ƒ�����¶�6��and 

�������ƒ�����¶�(�����L�V���D���S�D�L�U�H�G�����F�D�O�L�E�U�D�W�H�G���F�D�W�F�K�P�H�Q�W���V�W�X�G�\���O�R�F�D�W�H�G���Q�H�D�U���7�K�H�R�G�R�U�H���L�Q���&�H�Q�W�U�D�O���4�X�H�H�Q�V�O�D�Q�G����

Australia (Cowie et al., 2007). The study area is representative of the Brigalow Belt Bioregion 

which covers an area approximately 36.7 Mha from Townsville in north Queensland to Dubbo 

in central-western New South Wales (Thornton et al., 2007). The Brigalow Belt bioregion has 

undergone extensive land clearing under the Queensland Government-sponsored Fitzroy Basin 

Land Development scheme, which was operated between 1965 and 1985 (Cowie et al., 2007). 

The area experiences a semi-arid to sub-tropical climate with an average maximum monthly 

temperature for summer of 33.1° C, while the minimum temperature in winter averages 6.5° C. 

The average annual rainfall is 697 mm with a range of 246�±1460 mm (Cowie et al., 2007). The 

land slope within the catchments varies from 1.8% to 3.5% and averages 2.5%. Soils in the 

experiment catchments are mainly comprised of fine texture dark cracking clays (black and 

grey vertosols), some with gilgais and non-cracking clays (black and grey dermosols), and sub-

dominant soil of thin surfaced dark and brown sodic texture-contrast soils (black and brown 

sodosols) (Cowie et al., 2007). The detailed description of calibration and development of these 

catchments can be accessed from Cowie et al., (2007). The location map of study area is shown 

in Fig. 4.1. 

 

Figure 6.1 Location of the Brigalow Catchment Study within the Brigalow Belt bioregion of central 
Queensland, Australia and a schematic diagram of the study site indicating the land use treatments 
(Thornton and Yu 2016).  
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Site history 

The study has been divided into three distinct experimental stages (Table 4.1) (Thornton et al.,  , 

2010). Stage I, the calibration phase, commenced in 1965 with the three catchments retained 

in their virgin state for calibration purposes.  

Stage II, the land development phase, commenced in March 1982 with C2 and C3 catchment 

cleared by bulldozer and chain. The fallen timber was burnt in situ in October 1982. In C2 

catchments, residual unburnt timber was raked to the contour line and burnt. Narrow based 

contour banks at 1.5 m vertical spacing were then constructed and a grassed waterway later 

established. In C3 catchment, unburnt timber was left in place, and in November 1982 the 

catchment was sown to improved pasture by throwing buffel grass seed (Cenchrus ciliaris cv. 

Biloela) on the soil surface. Stage II hydrology was not analysed in detail due its short duration, 

the marked changes in catchment condition, and a high incidence of equipment failure 

(Thornton et al.,  , 2007). 

During Stage III, the land use comparison phase, comparison of the effect of land use change 

commenced with cropping in C2 and grazing in C3. Sorghum was planted in C2 in September 

1984 followed by nine annual wheat crops commencing in 1985. Fallow management in this 

period was entirely mechanical tillage. A minimum tillage and opportunity cropping 

philosophy was adopted in the early 1990s and has continued with either a summer (sorghum) 

or winter (wheat) crop sown whenever soil moisture was adequate. Grazing in C3 commenced 

in December 1983. Stocking rates varied between 0.29 and 0.71 head/ha (each beast typically 

0.8 adult equivalents), adjusted to maintain pasture dry matter levels greater than 1000 kg/ha. 

No feed supplementation was provided. 

Table 4.1 The land use history of the three catchments of the Brigalow Catchment Study. 

    Land use by experimental stage   

Catchment 
Area (ha) 

Stage I Stage II Stage III 
(Jan 1965 - Mar 
1982) (Mar 1982 - Sep 1984) 

(Sep 1984 - Dec 
2004) 

1 16.8 Virgin brigalow scrub Virgin brigalow scrub 
Virgin brigalow 
scrub 

2 11.2 Virgin brigalow scrub Development Cropping 

3 12.7 Virgin brigalow scrub Development 
Improved 
pasture 

 

 



72 | P a g e 
 

Application of the RUSLE and MUSLE model for sediment yield prediction 

Regression analysis was performed by using observed sediment yield and the outputs from the 

models, i.e., the RUSLE (Renard et al., 1997), the MUSLE (Williams 1975), and the MUSLE 

(Onstad and Foster 1975) models. This analysis was performed to test the capability of the 

model in sediment yield prediction. The primary factors of these three models are different 

from each other with all the other factors remaining the same. The RUSLE model contains EI30, 

the MUSLE (Williams 1975) model includes Q and Qp, and the MUSLE (Onstad and Foster 

1975) model contains a combination of the EI30 and Q and Qp.  

The equations for three selected sediment yield models can be expressed as follows, 

The RUSLE model (Renard et al., 1997) 

The soil loss equation for estimating average annual soil loss is expressed as: 

�# 
L �4
H�- 
H�.�5
H�%
H�2 

In this study, this equation is used for estimating soil loss on event basis; therefore, it can be 

expressed as: 

�#�A
L �' �+�7�4
H�-�A
H�.�5
H�%
H�2 

      

where, 

A = Average annual soil loss (t·ha-1), Ae = Estimated event sediment yield (t·ha-1/event), R = 

Average annual rainfall erosivity (MJ·mm·hr-1·ha-1), EI30 = Rainfall erosivity factor 

(MJ·mm·hr-1·ha-1/event), K = Soil erodibility factor (t·ha-1·R-1), Ke = Soil erodibility factor 

(t·ha-1·EI30
-1), L = Slope length factor, S = Slope steepness factor, C = Cover management 

factor and P = Conservation support practice factor. 

The Modified Universal Soil Loss Equation model (MUSLE) (Williams 1975) 

�#�A��
L �s�s�ä�z�:�3 
H�M�ã�;�4�ä�9�: 
H�-�A
H�.�5
H�%
H�2 

where, 

Ae = Event sediment yield (t·ha-1) by dividing runoff and peak runoff rate by catchment area 

and multiplying the K-factor by catchment area, Q = Runoff (m3), qp = Peak runoff rate (m3·s-

1), Ke = Soil erodibility factor (t·ha-1·EI30
-1). LS, C and P are the same as for the RUSLE model. 

The Modified Universal Soil Loss Equation model (MUSLE) (Onstad and Foster 1975) 
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�#�A
L �:�r�ä�w �' �+�7�4
E�s�w�3 
H�M�ã
�5
�7�; 
H�-�A
H�.�5
H�%
H�2 

where, Ae = sediment yield (t·acre-1), EI30 = Storm rainfall erosivity factor (foot tons per acre 

inches per hr), Q = storm runoff depth (in), qp = storm peak runoff rate (in��hr-1). Ke, LS, C and 

P are the same as for the RUSLE model. 

In this study, the Onstad and Foster (1975) MUSLE equation was converted to SI units using 

the conversions presented in Onstad and Foster (1977). The equation in SI units can be 

expressed as, 

�#�A
L �:�r�ä�w�r�' �+�7�4
E�u�ä�v�t�3 
H�M�ã
�5
�7�; 
H�-�A
H�.�5
H�%
H�2 

where,  

Ae = Event sediment yield (t·ha-1/event), EI30 = Rainfall erosivity factor (MJ·mm·hr-1·ha-

1/event), Q = Runoff (mm), qp = Peak runoff rate (mm·hr-1), Ke, LS, C, and P are the same as 

for the RUSLE model. 

 

Data inputs for models 

In order to apply the RUSLE and MUSLE models in this study, estimations of rainfall erosivity 

(EI30-factor), runoff (Q), peak runoff rate (Qp), sediment yield, ground cover data, cover 

management factor (C-factor, and topographic factor (LS-factor) are required. These 

parameters were determined on an event basis using BCS Stage III data from the hydrological 

years 1988 to 2018. The term sediment yield will be used throughout the paper because the 

present study is event based and assumed that the measured sediment yield equals the soil loss 

in the catchment outlet.  

Rainfall erosivity (EI30) 

The R-factor represents the effect of rainfall intensity and amount of rainfall on soil erosion 

(Wischmeier and Smith 1978). The EI30-factor is a function of kinetic energy (E) and maximum 

thirty-minute rainfall intensity (I30) (Wischmeier and Smith 1978). The BCS had two rain 

gauges, one sited at the discharge point of each catchment and one at the head point of all three 

catchments (Cowie et al., 2007; Thornton et al., 2007). The rainfall recorded at the head point 

of all the three catchments was the most reliable and was selected as the source data to calculate 

EI30 for all three catchments. However, for some events with poor quality rainfall data, we used 
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the rainfall data recorded from individual rain gauges installed in each catchment. In this study, 

storm energy (E) and 30-min rainfall intensity from 6-min rainfall data separated by an interval 

of six hours was computed using the MetCal program version 1.7 developed by Yu (1998). 

MetCal uses the equation given by Renard et al., (1997) for calculating storm energy (E) for 

each storm event, and can be expressed as, 

�' 
L��
Í �r�ä�t�{�>�s
F�r�ä�y�t�A�T�L
k
F�r�ä�r�w�+�Ý
o�?�¿�P

�á

�Ý�@�5

 

where I j is the rainfall intensity for the time interval j ���P�P���K�������ût is the time interval (h), and n 

is the number of time intervals of the storm. 

 

Runoff (Q) and peak runoff rate (Qp) 

Runoff and peak runoff rate observations for the BCS up to 2004 are presented in Thornton et 

al., (2007) and Thornton and Yu (2016), respectively. The data collection, manipulation, and 

storage methodologies described in both Thornton et al., (2007) and Thornton and Yu (2016) 

were continued for the period 2004 to 2019, as part of the core data collection of the long-term 

BCS. These data sets were summarised on an event basis to determine runoff and peak runoff 

rate for use in this study. The study event was defined as the longest event among the three 

catchments, i.e., forested, cropped, and grazed catchments. 

 

Erodibility factor (K-factor) 

The K-factor refers to the erodibility of the soil, i.e., the resistance of the soil against the 

aggressiveness of raindrops, runoff, or both (Djoukbala et al., 2019). In the present study, the 

K-factor was calculated using the revised nomograph equation proposed by Loch and Rosewell 

(1992) for Australian soil based on the original equation developed by Wischmeier and Smith 

(1978), using the soil texture and organic matter content. The nomograph comprises five soil 

and soil-profile parameters, such as percent modified silt (0.002-0.1 mm), percent modified 

sand (0.1-2 mm), percent organic matter (OM), class for structure (s), and permeability (p) 

(Renard et al., 1997). The equation nomograph K in t·ha·h/(ha·MJ·mm) for soils with < 70% 

silt can be expressed as, 

�- 
L �t�ä�y�y�/ �5�ä�5�8�:�s�r�?�; �;�:�s�t
F �1�/ �; 
E�v�ä�t�z���:�s�r�?�7�;�:�5�5
F�t�; 
E�u�ä�t�{�:�s�r�?�7�;�:�2�2
F�u�;�� 

where, M = (%silt + %very fine sand) (100 - %clay), OM is percentage (%) organic matter, SS 

is soil structure code, and PP is profile permeability class. 
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Additionally, Ke-factor was also estimated using the observed sediment yield data by applying 

regression method using model outputs of the RUSLE, the MUSLE (William 1975) and the 

MUSLE (Onstad and Foster 1975) models. This method is most reliable for the quantification 

of K-factor because it accounts the effect of changes occurred in natural condition and, 

therefore, can be used to calibrate the other K-factors calculated using different methods. 

Topographic factor (LS-factor) 

Sediment yield is also influenced by the length of slope (L) and slope steepness factor (S), 

which is referred as the topographic factor. Since the three catchments of the BCS are adjacent 

to each other and have similar size and slope (Cowie et al., 2007), the LS-factor was considered 

to be the same for each catchment and event. The L-factor and S-factor layer for Queensland 

�Z�D�V�� �G�R�Z�Q�O�R�D�G�H�G�� �I�U�R�P�� �W�K�H�� �4�X�H�H�Q�V�O�D�Q�G�� �*�R�Y�H�U�Q�P�H�Q�W�¶�V�� �4�V�S�D�W�L�D�O�� �Z�H�E�V�L�W�H 

(https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series). These layers 

have a resolution of 30 x 30 m and were used as input dataset in the RUSLE model in source 

catchment framework for erosion predictions for the GBR catchments. The L- and S-factor 

layers for three catchments were extracted from the layer. The LS factor was then calculated 

by multiplying the L- and S-factors. The average LS factor for the three catchments were 

calculated using the Raster analysis statistics tool available in QGIS and the value of LS factor 

was found to be 0.28 for forested, 0.32 for cropped, and 0.39 for the grazed catchments. These 

values were supported by �G�D�W�D���I�U�R�P���W�K�H���/�6���V�S�D�W�L�D�O���O�D�\�H�U���X�V�H�G���L�Q���W�K�H���4�X�H�H�Q�V�O�D�Q�G���*�R�Y�H�U�Q�P�H�Q�W�¶�V��

EWater Source modelling program. 

(http://qldspatial.information.qld.gov.au/catalogue/custom/detail.page?fid={3F181365-

702E-43FD-B54C-DD93F1A3B2CD}). 

Cover management factor (C-factor) 

For this study, the C-factor for forested (C1) and grazed (C3) catchments, and cover data for 

the cropping catchment (C2), were procured from Department of Environment and Science and 

were available on a three-monthly basis 

(http://data.auscover.org.au/xwiki/bin/view/Product+pages/Landsat+Seasonal+Fractional+

Cover). The C-factor for forested and grazed catchment for each event was calculated as the 

average of the C-factors of all the pixels located within each catchment. The C-factor for 

cropped catchment was calculated by using average ground cover (%) and sub-factors as 

advocated by Wischmeier (1975). The C-factor can be expressed as, 

�%
L �.�7 
H�%�%��
H�5�%��
H�5�4 

https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series
https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
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where LU is a land use subfactor, CC is a crop canopy subfactor, SC is a surface cover subfactor 

and SR is a surface roughness subfactor. In this study, LU equals 0.45 (Rosewell 1993) and 

CC equals 1 due to minimal effect of canopy, and SR equals 1 for smooth surface. The cover 

sub-factor SC is calculated as, 

�5�%
L �‡�š�’�:
F�>�?�K�R
H�?�K�R�A�N�¨ �; 

where, bcov = 0.035 for croplands (Renard et al., 1997) 

Crop conservation practice factor (P-factor) 

The P factor represents the effect of conservation practices on water erosion processes. It varies 

according to the conservation techniques practiced in the watershed from 0 in the zones well 

protected to 1 without any conservation practices. In this study, no significant practices were 

performed on the catchments over time; therefore, the value of P was assigned as 1. 

Sediment yield 

Sediment yield data from 1988 to 2010 is presented in Elledge and Thornton (2017). As for 

runoff and peak runoff rate, the data collection, manipulation, and storage methodologies 

described in Elledge and Thornton (2017) were continued for the period 2004 to 2019, as part 

of the core data collection of the long-term BCS. These were summarised on an event basis to 

determine sediment yield for use in this study. 

Comparison of sediment yield from three land uses using common events  

The observed sediment yield was compared among different treatments i.e., forested (C1), 

cropped (C2), and grazed (C3) catchments using common events. The term common events 

refer to the runoff events filtered from the set of measured events based on the data availability 

and are common among the three catchments. In addition to this, we set up three paired 

comparisons, namely forest and cropped, cropped and grazed, and forest and grazed 

respectively. All the runoff events from 1988 to 2018 for which the measured sediment yield 

was available were selected for each comparison. The total runoff and sediment yield in each 

treatment were compared to identify the increase or decrease in sediment yield that occurred 

due to land clearing.  

Identification of the potential factors affecting changes in sediment yield among different land 

uses and different storm events 
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The event-based temporal variation of sediment yield and variation in factors, such as EI30, Q, 

Qp, and C-factor, were graphically represented for the common events to determine the 

potential factors that might have changed over time and could account for the changes in 

sediment yield among the three treatments. 

Moreover, multiple correlation analysis was performed to detect the effect of EI30, Q, Qp, and 

C-factor solely on sediment yield. The analysis was undertaken for two sets of events, first to 

find out the factors that explain the variation in sediment yield among different storm events 

and second set of events was among different land uses. The first condition considers all 

common events among forest, cropping, and grazing, and the second condition considers all 

measured events from the three treatments.  

The above-mentioned facts show that the three catchments are contiguous, share similar 

physical characteristics, and are exposed to the same climatic sequences, except post-land 

development which has different hydrology (Cowie et al.,  , 2007; Thornton et al.,  , 2007; 

Thornton and Yu 2016). Hence, the difference in the estimated sediment yield among the three 

catchments using the RUSLE model would be driven by differences in the C-factor. As the 

rainfall recorded at the head point of the three catchment which is common among the three 

catchments is selected for calculation of EI30. Although, the actual rainfall erosivity may vary 

the calculated EI30 computed using observed rainfall intensity, however, there is no 

data/measurement to indicate the magnitude of the variations. Along with rainfall, EI30 also 

gets affected by the wind and topography of the catchment. Nevertheless, the LS factor is also 

�I�R�X�Q�G���W�R���E�H���T�X�L�W�H���V�L�P�L�O�D�U���D�P�R�Q�J���W�K�H���W�K�U�H�H���F�D�W�F�K�P�H�Q�W�����D�Q�G���W�K�L�V���V�W�X�G�\���G�L�G�Q�¶�W���I�R�F�X�V���R�Q���W�K�H���Z�L�Q�G-

driven soil loss process, therefore, it can be assumed that the EI30 would be the same among 

the three catchments. Therefore, runoff and peak runoff rate would be the only factors able to 

explain the difference in the sediment yield among the three catchments. Thus, the MUSLE 

model should provide a better understating of the effect of flow processes on sediment yield. 

Assuming no change in the other factors (EI30, K, LS, C, and P) occurred, the significant effect 

of change in hydrological factors was expected to alter the sediment yield in these catchments, 

suggesting that land clearing has affected the sediment yield.  

4.3 Results 

Sediment yield comparison among three land uses using common events 

A total of seven common events for which all data were available were used to compare the 

runoff and sediment yield among three different treatments. Sediment yields (kg·ha-1) from 
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each treatment for the seven common events are summarised in box plots, with standard 

deviation as error bars and mean in red (Fig. 4.2). The mean of sediment yields and standard 

deviations (SD) were 208 kg·ha-1 (SD 267 kg·ha-1) for forested, 299 kg·ha-1 (SD 406 kg·ha-1) 

for cropping, and 215 kg·ha-1 (SD 336 kg·ha-1) for grazing. The total runoff (mm), total event 

sediment yield (kg·ha-1), and the increase in runoff and sediment yield in cropping and grazing 

considering forest as the baseline, are presented in Table 4.2. The increase in runoff in cropping 

and grazing as a result of clearing was 35% and 34%, respectively. The total event sediment 

yield from cropping and grazing was found to be 44% and 4% greater than for forested 

catchment. The difference in runoff amount between cropping and grazing catchment was 

found to be almost negligible. In contrast, it was observed that the cropping catchment exported 

1.39 times higher loads of sediment than the grazing catchment. 

 

Figure 7.2 Box and whisker plots showing observed soil loss (kg·ha-1) for seven common events 

between forested, cropped and grazed catchments. Error bars represents standard deviation (kg·ha-1), 
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for forested (267), cropped (406) and grazed (336). x represents mean of sediment yield data 

((kg·ha-1 i.e. 208 (forested), 299 (cropped) and 215 (grazed). 

Table 1.2 Total runoff, sediment yield (kg·ha-1) for 7 common storm events and the increase in 
runoff and sediment yield from C2 and C3 relative to C1. 

Catchment Total 
runoff 
(mm) 

Increase in 
runoff from 

C1 

Total sediment yield 
(kg·ha-1) 

Increase in 
sediment 

yield cf. C1 
Forested 361  1453  

Cropped 486 35% 2096 44% 

  Grazed 484 34% 1507 4% 

 

Sediment yield comparison was performed using thirteen common events from forested and 

cropping, eighteen common events from cropping and grazing, and eight common events from 

forested and grazing. The results for total runoff (mm), observed event sediment yield (kg·ha-

1), and the increase in runoff and sediment yield for each paired comparison are presented in 

Table 4.3. The total runoff from cropped catchment was found to be about 55% higher than the 

forested catchment (456 mm) and 46% higher than the grazing catchment (444 mm). Similarly, 

the total runoff in grazed catchment increased by 28% compared to forested catchment (370 

mm). Total event sediment yield from cropping was 2945 kg·ha-1, which was 1.37 times greater 

than the total event sediment yield from brigalow scrub (2144 kg·ha-1). The total event 

observed sediment yield from the cropped catchment was found to be 525 kg·ha-1 higher than 

total sediment yield from grazing (1767 kg·ha-1). Moreover, the results from the paired study 

of eight common events between forested and grazing shows that the difference between the 

total observed sediment yield between the two treatments was approximately 28 kg·ha-1. 
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Table 4.3 Total runoff (mm) and observed event sediment yield (kg·ha-1) and increase in 
sediment yield for paired storm events among the three surface treatments. 

Catchments Total 
runoff 
(mm) 

Increase in 
runoff 

Total event 
sediment yield 

(kg·ha-1) 

Increase in 
sediment yield 

C1 v. 456 
 

2144 
 

C2 705 55% 2945 37% 

C2 v. 650 46% 2292 30% 

C3 444   1767   

C1 v. 370 
 

1479 
 

C3 474 28% 1507 2% 

 

Determination of the factors affecting changes in sediment yield among different storm events 

and different land uses among different land uses 

The event wise variation in sediment yield and Q, Qp, EI30, and C-factors for grazed catchment 

as an example is shown in Fig. 4.3. The figure depicts that the sediment yield changed and 

increased with an increase in Q and Qp over time. The EI30 being the same among the three 

catchments, was observed to have varied from event to event, however, the trend was found to 

differ from the variation observed in sediment yield. The C-factor was found to be constant 

with time, which clearly was unrelated to the change in sediment yield. The temporal variation 

of average ground cover along with the common storm events for the three treatments from 

1988 to 2018 is shown in Fig 4.4. 
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Figure 8.3 Event wise variation in event sediment yield with respect to the variation in EI30, Q, Qp 

and C-factor for seven common events for grazed catchment. 

 

 Figure 9.4 Temporal variation of average ground cover for three treatments of BCS over the period 

from 1988 to 2018.    represents peak rate of runoff for the seven selected common storm events. 
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The results obtained from the correlation analysis performed between the observed sediment 

yield and Q, Qp, EI30, and C-factors among different land uses indicates that the Q and Qp are 

the best correlated factors among the other factors. The results of the correlation analysis are 

presented in Fig. 4.5 and Table 4.4. The observed sediment yield is more sensitive to the runoff 

with R2 > 0.78 for all the treatments in the case of common events; however, it is the most 

important in forested treatment (R2 = 0.94) followed by grazing (R2 = 0.86). Peak runoff rate is 

the second-best correlated factor with R2 > 0.71 among all the three land uses. No significant 

correlation was found between the C-factor and event sediment yield (P > 0.32). 

 

Figure 10.5 Regression analyses between observed soil loss (kg·ha-1) and other respective factors (Q, 

Qp, EI30 and, C-factors) for seven common events among different treatments i.e. Forested (C1), 

Cropping (C2) and Grazing (C3). 
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Table 4.4 Correlation between event sediment yield and its predictors for seven common storm 
events among different land uses. 

Factors 
Coefficient of Determination (R2) 

Common events  
Forested Cropped Grazed 

Runoff  0.94 0.78 0.86 
Peak rate of runoff  0.71 0.73 0.79 
Rainfall erosivity factor  0.33 0.49 0.58 
RUSLE 0.39 0.16 0.21 
MUSLE (Williams 1975) 0.59 -0.002 0.37 
MUSLE (Onstad and Foster 1975) 0.18 0.17 0.20 

 

The results of regression analysis performed between the model outputs estimated from the 

RUSLE, MUSLE (Williams 1975), and MUSLE (Onstad and Foster 1975), and observed 

sediment yield, is shown in Fig. 4.6 and Table 4. The results show that the MUSLE model 

(Williams 1975), with factors Q and Qp, is the better correlated model for forested and grazing 

treatment. None of the models provide any relevant correlations for the cropping catchment. 

For forested and grazing, the MUSLE (Williams 1975) model with Q and Qp resulted in 

correlation of R2 = 0.59 and 0.37, which was found to have the best performance among all 

three models. 
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Figure 4.6 Regression analyses between observed soil loss (kg·ha-1) and model estimates of the RUSLE, 

the MUSLE (Williams 1975) and the MUSLE (Onstad and Foster 1975) models using seven common 

events among forested (C1), cropping (C2) and grazing (C3). 

Using the model with best correlation, i.e., the MUSLE (Williams 1975) for forested and 

grazing and the MUSLE (Onstad and Foster 1975) for cropping treatment, the K-factors were 

estimated. The estimated Ke-factor was 0.043 for forested, 0.016 for cropping, and 0.059 for 

grazing treatment. The K-factor calculated using nomograph method was found to be 

approximately 0.03 for all the three BCS catchments. The calculated and estimated Ke-factor 

along with standard error associated with them are presented in Table 4.5. The results of total 

sediment yield and increased in the sediment yield using the forested catchment as baseline 

calculated from each treatment using the estimated Ke-factors obtained using the best 

correlated model is presented in Table 4.6. It was found that the total estimated sediment yield 

from cropping is about 1.22 and 1.11 times that of forested (1446 kg·ha-1 ) and grazing (1590 



85 | P a g e 
 

kg·ha-1 ), respectively, Total estimated sediment yield from grazing is about 1.10 times that of 

the forested catchment (1446 kg·ha-1 ). 

Table 4.5 K-factor and ±  standard error estimated using different methods for three catchments 

Catchments Nomograph 
K 

RUSLE Ke- MUSLE 
(Williams 1975) 
Ke 

MUSLE (Onstad 
and Foster 1975) 
Ke 

Forested 0.03 0.017±0.015 0.043±0.010 0.042±0.017 

Cropped 0.03 0.021±0.009 0.012±0.006 0.016±0.007 

Grazed 0.025 0.023±0.021 0.059±0.022 0.049±0.022 

 

Table 4.6 Total estimated sediment yield (kg·ha-1) among C1, C2 and C3 calculated using Q 
and Qp with Ke = 0.044 (Forested), 0.0165 (Cropping) and 0.059 (Grazing). 

Catchments Total estimated event 
sediment yield (kg·ha-1) 

Increase in sediment 
yield from C1 

Forested 1446 
 

Cropped 1760 22% 
Grazed 1590 10% 

  

Among different storm events 

Fifteen, forty, and twenty five measured events were selected from forested, cropping, and 

grazing treatment for determination of the factors explaining the variation in sediment yield for 

different storm events. The correlation analysis performed between the observed sediment 

yield and factors such as Q, Qp, EI30 and, C-factors for the three treatments are shown in Fig. 

4.7 and Table 4.7 (first four rows). The result shows that the Q and Qp are the best correlated 

factors among all the factors with high coefficient of determination (R2). It can be seen from 

the results that the Qp has the high R2 value i.e., 0.61 for forested and 0.78 for cropping, 

followed by Q with R2 of 0.28 for forested, and 0.47 for cropping; whereas, for the grazing, Q 

was found to be better correlated with R2 of 0.83 followed by Qp with R2 of 0.54. 
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Figure 11.7 Regression analyses between observed soil loss (kg·ha-1) and other respective factors (Q, 

Qp, EI30 and, C-factors) for fifteen, forty and twenty storm events of forested (C1), cropping (C2) and 

grazing (C3). 

The regression analysis between the observed sediment yield in each treatment and the RUSLE, 

MUSLE (Williams 1975), and MUSLE (Onstad and Foster 1975) models revealed that the 

MUSLE model (Williams 1975) is the most appropriate model for sediment yield estimation 

with higher R2 = 0.86 for forested, R2 = 0.62 for cropping, and R2 = 0.46 for grazing, 

respectively (Fig. 4.8 and Table 4.7). The Ke-factors estimated using the best correlated model, 

i.e., the MUSLE model (Williams 1975), for the three treatments are 0.044 for forested, 0.0132 

for cropping, and 0.0543 for grazing, respectively. These Ke-factors were found to be similar 

to the K-factor estimated for these catchments using the common events among them. 
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Figure 4.8 Regression analyses between observed soil loss (kg·ha-1) and model estimates of the RUSLE, 

the MUSLE (Williams 1975) and the MUSLE (Onstad and Foster 1975) models using fifteen, forty and 

twenty storm events of forested (C1), cropping (C2) and grazing (C3). 

Table 4.7 Correlation between event sediment yield and its predictors among different storm 
events of three catchments. 

Factors 
Coefficient of Determination (R2) 

All events  
Forested Cropped Grazed 

Runoff  0.28 0.47 0.83 
Peak rate of runoff  0.61 0.78 0.54 
Rainfall erosivity factor  0.21 0.042 0.38 
Cover management factor (C) 0.11 0.026 -0.15 
RUSLE 0.27 -0.051 -0.023 
MUSLE (Williams 1975) 0.86 0.62 0.46 
MUSLE (Onstad and Foster 1975) 0.65 0.16 0.30 
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4.4 Discussion 

This study investigated the effect of clearing brigalow for cropping or grazing on 

sediment yield from 1988 to 2018 and tested whether the changes in sediment yield 

occurred because of the change in runoff characteristics, more so than changes in 

ground cover. In addition, applicability of the RUSLE/MUSLE models was tested 

to predict the sediment yield from these dry catchments in Central Queensland. The 

study assumed that the measured sediment yield was equal, or at least proportional, 

to the soil loss from the catchment. 

Total event sediment yield from the cropped and grazed catchments had 

significantly increased due to conversion of brigalow forest to cropping and grazing. 

As illustrated in Table 2, the sediment yield from cropping and grazing was 44% 

and 4% higher than for forested catchment, respectively. Similarly, the comparative 

study between paired catchments (forested vs cropped, cropped vs grazed, and 

forested vs grazed) revealed that sediment yield from cropping increased by 37% 

and 30% compared with forested and grazed catchments, respectively. These 

findings were consistent with previous studies in that changes in land use and land 

cover could lead to an increase in sediment yield. For example, a study of the Dnestr 

River at Sambur, Ukraine, with a catchment area of 850 km2, showed that forest 

clearing in the catchment after 1968 led to a 1.8-fold increase in annual sediment 

load of the river (Walling, 1999). The sediment yield from a 2.8 ha catchment in 

the semi-arid region Ceara, in the Upper Jaguaribe Basin, Brazil, increased 10 times 

due to conversion of a dry tropical forest in 2009 into full developed grassland by 

2011 (Santos et al., 2017). A previous study at the BCS, Central Queensland, 

identified the effect of land use change on sediment loads exported from the 

catchment over 25 years, and showed that the total suspended solids from the 

cropped and grazed catchment was about 6.45 and 1.46 times greater than for virgin 

brigalow (2106 kg ha�í1) (Elledge and Thornton, 2017). The conversion of forest 

into irrigated agriculture in one of the sub catchments in the Anzali Wetland 

catchment, in Gilan, Iran, led to an increase of 169% in the mean annual sediment 

yield (Aghsaei et al., 2020). Although these studies conducted across the world have 

shown the increase in sediment yield due to land use change, the magnitudes of the 

increase in sediment yield due to land use conversion were somewhat different from 

the aforementioned previous studies. This is mainly because the present study was 
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carried out on a very small paddock-scale area located in a semi-arid region. This 

study has clearly shown the increase in the sediment yield due to clearing of virgin 

brigalow forest for cropping and grazing, in small dry catchments over a relatively 

long period of time. The variability in the sediment yield was not only assessed 

among the three land uses but also among the different storm events. This 

variability of sediment yield was accompanied by temporal variations in other 

factors such as EI30, Q, Qp, and C; therefore, the present study has a limited number 

of common events for comparison purpose.  

In this study, using the sediment yield models RUSLE and MUSLE, Q and Qp were 

shown to be the major potential factors or variables that caused the increase in the 

sediment yield in the cropped and grazed catchments after land clearing. The 

temporal variation in C was quite low and did not show a significant relationship 

with the increase in sediment yield. Rainfall erosivity cannot explain the variation 

in event sediment yield among the three catchments because the value of EI30 is 

the same for individual events among the three treatments, and therefore when using 

the MUSLE model, rainfall erosivity could not be related to the increase in sediment 

yield from cropping and grazing catchments. Therefore, it was only Q and Qp that 

varied and increased since clearing and have been the principal cause of the increase 

in sediment yield for these brigalow catchments. The results of the correlation 

analysis performed between the observed sediment yield and the factors Q, Qp, 

EI30, and C for the three catchments among the different land uses showed that Q 

and Qp were the best correlated factors to explain variations in the observed 

sediment yield with R2 > 0.78 and R2 > 0.71, respectively, for all treatments. 

Additionally, correlation analysis between the observed sediment yield and Q, Qp, 

EI30, and C for the three treatments among different storm events revealed that the 

effect of Q and Qp outweighed the effect of EI30 and C on sediment yield. The 

peak runoff rate, Qp, had a higher R2 value (>0.61) for forest and cropping and 

equal to 0.54 for grazing, whereas the runoff amount had the highest R2 (0.83) for 

grazing followed by cropping (R2 = 0.47) and forest (R2 = 0.28). The results were 

similar to the findings that sediment yield from catchments at three spatial scales (1 

m2,20m2, and 2.80 ha) mainly depends on runoff, with R2 > 0.70 (Santos et al., 

2017). Likewise, runoff explains 58% of the variance in sediment yield from the 

Magdalena catchment (257 438 km2), Colombia (Restrepo and Syvitski, 2006).  
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The present study also illustrated that among the three sediment yield models, i.e. 

RUSLE, MUSLE (Williams, 1975), and MUSLE (Onstad and Foster, 1975), that 

the MUSLE (Williams, 1975) model had the higher capacity to predict sediment 

yield from the BCS catchments, especially the grazed catchment. The results from 

the regression analysis between the model estimates from the RUSLE, MUSLE 

(Williams, 1975), and MUSLE (Onstad and Foster, 1975) models and observed 

sediment yield among the three treatments and different storm events suggested 

that, except for the cropped catchment, sediment yield was very sensitive to primary 

factors of the MUSLE (Williams, 1975) model,i.e. Q and Qp. In addition, with 

regards to K, direct measurement of K is often quite expensive and time consuming 

(Loch et al., 1998). The USLE-based nomograph K,which is currently used in the 

eWater Source Catchments modelling framework of the GBR Paddock to Reef 

Integrated Monitoring, Modelling and Reporting Program for sediment yield 

modelling, is the best K to use for ungauged catchments without measured soil loss 

or sediment yield (Loch et al.,  1998). Additionally, the estimated Ke obtained using 

the MUSLE model, either as it is or with some modifications with respect to the 

change in the real sediment yield data, can also be used to estimate sediment yield 

from the BCS catchments. For the cropped catchment, the estimated Ke was very 

close to the nomograph-based K; however, for the grazing catchment, the 

nomograph K needs some modifications with respect to real sediment yield data for 

use in the MUSLE model. Bosomworth et al., (2018) also indicated that the 

RUSLE-based nomograph K overestimated soil loss by approximately 50% in most 

cases of grazed soils. Although, adjustment is required, the difference between the 

nomograph and estimated Ke was not high enough to affect sediment yield 

estimation in any of these catchments. These observations provided support for the 

application of MUSLE (Williams, 1975), with the inclusion of Q and Qp instead of 

EI30, for sediment yield prediction in BCS catchments.  

As the RUSLE model does not consider Q and Qp for sediment yield estimation, 

any change in sediment yield among the three catchments will be related to either 

Ke or C, because EI30 was the same among the three treatments. However, Ke was 

estimated using the observed sediment yield; therefore, any change in other factors 

can only affect  
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K. Hence, considering just change in C, we found that the ground cover in all three 

catchments was constantly higher with time and could not explain the increase in 

sediment yield. Therefore, we cannot use the USLE/RUSLE model to predict 

sediment yield for the three treatments. In contrast, it was observed that Q and Qp 

were the only factors that could be responsible for the change in sediment yield. 

The changes in Q and Qp due to the clearing of brigalow forest for cropping and 

grazing have been recorded in previous studies conducted by Thornton et al., (2007) 

and Thornton and Yu, (2016). In the present study, Q and Qp dramatically increased 

due to land conversion. The effect of shear stress due to runoff factors has led to the 

detachment and transport of soil particles within the catchments. Therefore, the 

findings in the present study provide strong evidence that the increase in Q and Qp 

caused the increase in sediment yield among the three catchments over time. 

Moreover, the study clearly indicated that the MUSLE (Williams 1975) model was 

the most appropriate for sediment yield predictions in the BCS catchments. The 

reason behind the lack of capability of other two models, i.e. the RUSLE and 

MUSLE (Onstad and Foster 1975) models, was the small catchment area and also 

the lower amount of rainfall and rainfall intensity that produced low rainfall 

erosivity, which was insufficient to generate a modelled sediment yield. 

The present study was based on the premise that there is no sediment deposition, 

i.e. the measured sediment yield at the catchment outlet was assumed to equal the 

soil loss from the catchment, where soil loss is defined as the measured total 

suspended solids load from a catchment. However, this assumption is inappropriate 

for large catchments, where the sediment delivery ratio needs to be considered 

explicitly for hillslope erosion prediction. For most of the Fitzroy Basin, the 

hillslope sediment delivery ratio (HSDR) was assigned a value of 0.1 in the 

dynamic SedNet model (Dougall et al., 2014). In contrast to the RUSLE model, the 

MUSLE model can be used directly for predicting sediment yield due to its 

consideration of runoff amount and the peak runoff rate, which eliminates the need 

for HSDR. However, for an ungauged catchment, the modified version of the USLE 

model can be used to estimate soil loss and sediment yield, and the combined 

sediment yield can be validated against the measured sediment data at the 

mainstream of the basin. Moreover, the ability of the USLE model can be improved 

by including the sediment transport capacity by stream flow process which leads to 
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the estimation of soil loss or sediment yield at the catchment outlet. A modified 

version of USLE, i.e. USLE-M proposed by Kinnell and Rise, (1998), which 

considers rainfall and runoff erosivity, has the capability to predict event soil loss 

better than USLE and, being a transport limited model, it can also predict the 

deposition occurring within a catchment (Kinnell, 2015, 2016). The current study 

not only evaluated the effect of land clearing on sediment yield, but also assessed 

the alternative models, involving runoff characteristics for improved sediment yield 

predictions. 

4.5 Conclusion 

The aims of the present study were to evaluate the effect of land clearing for 

cropping and grazing in brigalow catchments on sediment yield, and to identify the 

factors or processes responsible for the increase in the sediment yield that occurred 

due to land use change. Moreover, the study examined the capability of sediment 

yield models, i.e. RUSLE, MUSLE (Williams 1975), and MUSLE (Onstad and 

Foster 1975), for estimating sediment yield from BCS catchments. The study 

involved the simple and direct comparison of observed total event sediment yield 

from different treatments and different storm events. The comparative study 

showed that the sediment yields significantly increased in cropped and grazed 

catchments following land clearing, and that the runoff amount and peak runoff rate 

were the main factors that changed over time and explained most of the variation 

and increase in sediment yield compared to the effect of ground cover. The 

regression analysis performed between the observed sediment yield and the factors 

Q, Qp, EI30, and C, revealed that the Q and Qp were the factors with best 

correlations and, thus, can be responsible for the changes in sediment yield from 

different land uses and different storm events. Moreover, the correlation between 

the observed sediment yield and the outputs of the three sediment yield models, 

each having a different model structure, revealed that the MUSLE (Williams 1975) 

model, which considers Q and Qp as its primary factors, was better able to 

appropriately predict sediment yield from the BCS catchments. This study clearly 

showed that the increased sediment yield was mostly caused by the increase in the 

runoff and peak runoff rate parameters Q and Qp. Previous studies conducted on 

the BCS catchments observed that changes in Q and Qp occurred due to conversion 

of brigalow forest to cropping and grazing, and the present study provides strong 
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evidence that the inclusion of Q and Qp as the primary factors can improve sediment 

yield predictions from brigalow catchments. 

References 

Aghsaei H, Dinan NM, Moridi A, Asadolahi Z, Delavar M, Fohrer N, Wagner PD 
(2020) Effects of dynamic land use/land cover change on water resources and 
sediment yield in the Anzali wetland catchment, Gilan, Iran. Science of The Total 
Environment 712, 136449. doi:10.1016/j.scitotenv.2019.136449 

Arekhi S, Shabani A, Rostamizad G (2012) Application of the modified universal 
soil loss equation (MUSLE) in prediction of sediment yield (Case study: Kengir 
Watershed, Iran). Arabian Journal of Geosciences 5(6), 1259-1267. 

Bartley R, Roth CH, Ludwig J, McJannet D, Liedloff A, Corfield J, Hawdon A, 
�$�E�E�R�W�W�����%�����������������5�X�Q�R�I�I���D�Q�G���H�U�R�V�L�R�Q���I�U�R�P���$�X�V�W�U�D�O�L�D�
�V���W�U�R�S�L�F�D�O���V�H�P�L�(�D�U�L�G���U�D�Q�J�H�O�D�Q�G�V����
Influence of ground cover for differing space and time scales. Hydrological 
Processes: An International Journal 20, 3317�±3333. 

Bartley R, Waters D, Turner R, Kroon F, Wilkinson S, Garzon-Garcia A, Kuhnert 
P, Lewis S, Smith R, Bainbridge Z, Olley J, Brooks A, Burton J, Brodie J, 
Waterhouse J (2017). Scientific Consensus Statement 2017: A synthesis of the 
science of land-based water quality impacts on the Great Barrier Reef, Chapter 2: 
Sources of sediment, nutrients, pesticides and other pollutants to the Great Barrier 
Reef. State of Queensland, 2017 

Bosomworth B, Silburn DM, Eyles M, Shrestha K (2018) K-Factor Soil Erodibility 
Study on Grazing Lands: Paddock to Reef Program: Rainfall Simulation Program 
�����������W�R���������������5�H�S�R�U�W���W�R���W�K�H���$�X�V�W�U�D�O�L�D�Q���D�Q�G���4�X�H�H�Q�V�O�D�Q�G���*�R�Y�H�U�Q�P�H�Q�W�V�¶���3�D�G�G�R�F�N���W�R��
Reef Program. Department of Natural Resources, Mines and Energy, Rockhampton. 
(53 pp). 

Bostock HC, Ryan DA, Brooke BP, Packett R, Hancock G, Pietsch T, Revill A, 
Leeming P, Moss P, Harle K (2006). Sediment accumulation and Holocene 
evolution of the Fitzroy River lower floodplain, central Queensland, Australia. 
Cooperative Research Centre for Coastal Zone Estuary and Waterway Management 
Technical Report No. 48, Coastal CRC, Queensland. 

Borrelli P, Robinson DA, Fleischer LR et al., , (2017) An assessment of the global 
impact of 21st century land use change on soil erosion. Nature 
communications 8(1), 1-13. 

Cowie BA, Thornton CM, Radford BJ (2007) The Brigalow Catchment Study: I*. 
Overview of a 40-year study of the effects of land clearing in the brigalow bioregion 
of Australia. Soil Research 45(7), 479-495. 

Department of Environment and Heritage (2006) Databases and maps; Information 
for decision making. Available at: www.deh.gov.au/index.html [accessed 
17/09/2007]. 



94 | P a g e 
 

Dougall C, McCloskey GL, Ellis R, Shaw M, Waters D, Carroll C (2014) Modelling 
reductions of pollutant loads due to improved management practices in the Great 
Barrier Reef catchments �± Fitzroy NRM region, Technical Report, Volume 6, 
Queensland Department of Natural Resources and Mines, Rockhampton, 
Queensland (ISBN: 978-0-7345-0444-9). 

Ehigiator OA, Anyata BU (2011) Effects of land clearing techniques and tillage 
systems on runoff and soil erosion in a tropical rain forest in Nigeria. Journal of 
environmental management 92(11), 2875-2880. 

Elledge A, Thornton C (2017) Effect of changing land use from virgin brigalow 
(Acacia harpophylla) woodland to a crop or pasture system on sediment, nitrogen 
and phosphorus in runoff over 25 years in subtropical Australia. Agriculture, 
Ecosystems & Environment 239, 119-131. 

Erskine WD, Mahmoudzadeh AH MAD, Myers C (2002) Land use effects on 
sediment yields and soil loss rates in small basins of Triassic sandstone near Sydney, 
NSW, Australia. Catena 49(4), 271-287. 

Foster GR, Lombardi F, Moldenhauer WC (1982) Evaluation of rainfall-runoff 
erosivity factors for individual storms. Transactions of the ASAE 25(1), 124-0129. 

Freebairn DM, Loch RJ, Cogle AL (1993) Tillage methods and soil and water 
conservation in Australia. Soil and Tillage Research 27(1-4), 303-325. 

Gashaw T, Tulu T, Argaw M, Worqlul AW (2019). Modeling the impacts of land 
use�±land cover changes on soil erosion and sediment yield in the Andassa 
watershed, upper Blue Nile basin, Ethiopia. Environmental Earth Sciences, 78(24), 
679. 

https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series 
[accessed 01/10/2019] 

�.�L�Q�Q�H�O�O�� �3�,�$���� �5�L�V�V�H�� �/�0�� �������������� �8�6�/�(�(�0���� �(�P�S�L�U�L�F�D�O�� �P�R�G�H�O�L�Q�J�� �U�D�L�Q�I�D�O�O�� �H�U�R�V�L�R�Q��
through runoff and sediment concentration. Soil Science Society of America 
Journal 62(6), 1667-1672. 

Kinnell PIA (2004) Runoff, sediment concentration and predicting erosion on hill 
slopes within catchments. In ISCO 2004�² 13th International Soil Conservation 
Organization Conference�² Brisbane, July 2004. Conserving Soil and Water for 
Society: Sharing Solutions Paper No. 132 (pp. 1-6). 

Kinnell PIA (2010) Event soil loss, runoff and the Universal Soil Loss Equation 
family of models: A review. Journal of hydrology 385(1-4), 384-397. 

Kinnell PIA (2015) Geographic variation of USLE/RUSLE erosivity and 
erodibility factors. Journal of Hydrologic Engineering 20(6), C4014012. 

Kinnell PIA (2016) Comparison between the USLE, the USLE-M and replicate 
plots to model rainfall erosion on bare fallow areas. Catena 145, 39-46. 

https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series


95 | P a g e 
 

Lewis S, Packett B, Dougall C, Brodie J, Bartley R, Silburn, M (2015) Fitzroy 
Sediment Story. James Cook University, Townsville. 

Loch RJ and Rosewell CJ (1992) Laboratory methods for measurement of soil 
erodibilities (K Factors) for the universal soil loss equation. Aust. J. Soil Res., 30, 
233-248. 

Loch RJ, Slater BK, Devoil C (1998) Soil erodibility (Km) values for some 
Australian soils. Soil Research, 36(6), 1045-1056. 

Loch R (2017) Rainfall simulator study of erodibility of soils on the Brigalow 
Catchment Study (BCS) and surrounding areas. Report for Department of Natural 
Resources and Mines. Landloch Pty Ltd, Toowoomba, QLD, p. 42. 

Onstad CA, Foster GR (1975) Erosion modeling on a watershed. Transactions of 
the ASAE 18(2), 288-0292. 

Renard KG, Foster GR, Weesies GA, McCool DK, Yode DC (1997) Predicting Soil 
Erosion by Water: A Guide to Conservation Planning with the Revised Universal 
Soil Loss Equation, RUSLE. Agriculture Handbook, No. 703, USDA.  
(PDF) Estimation of Rainfall-runoff Erosivity for Individual Storm Events. 

Restrepo JD, Syvitski JP (2006) Assessing the effect of natural controls and land 
use change on sediment yield in a major Andean river: the Magdalena drainage 
basin, Colombia. Ambio: a Journal of the Human Environment, 35(2), 65-74. 

Rosewell CJ (1993) SOILOSS: a program to assist in the selection of management 
practices to reduce erosion. Soil Conservation Service of NSW, Sydney, NSW. 

Sadeghi SHR, Mizuyama T (2007) Applicability of the Modified Universal Soil 
Loss Equation for prediction of sediment yield in Khanmirza watershed, 
Iran. Hydrological Sciences Journal 52(5), 1068-1075. 

Santos JCND, Andrade EMD, Medeiros PHA, Guerreiro MJS, Palácio HADQ 
(2017) Land use impact on soil erosion at different scales in the Brazilian semi-
arid. Revista Ciência Agronômica, 48(2), 251-260. 

Siriwardena L, Finlayson BL, McMahon TA (2006) The impact of land use change 
on catchment hydrology in large catchments: The Comet River, Central Queensland, 
Australia. Journal of Hydrology 326(1-4), 199-214. 

Trevithick R, Scarth P (2013). Estimating RUSLE c-factor values for great barrier 
reef catchments using satellite derived ground cover estimates. In MODSIM2013, 
20th International Congress on Modelling and Simulation. 

Thornton CM, Cowie BA, Freebairn DM, Playford CL (2007) The Brigalow 
Catchment Study: II*. Clearing brigalow (Acacia harpophylla) for cropping or 
pasture increases runoff. Soil Research 45(7), 496-511. 

Thornton C, Radford B, Silburn M, Cowie B (2010) The Brigalow Catchment Study: 
more than 20 years of monitoring water balance and soil fertility of brigalow lands 
after clearing for cropping or pasture. In Soil Solutions for a Changing World. 



96 | P a g e 
 

�3�U�R�F�H�H�G�L�Q�J�V���R�I���W�K�H�������W�K���:�R�U�O�G���&�R�Q�J�U�H�V�V���R�I���6�R�L�O���6�F�L�H�Q�F�H�¶�����%�U�L�V�E�D�Q�H�����$�X�V�W�U�D�O�L�D�����(�G�V��
RJ Gilkes and N. Prakongkep) pp (pp. 106-109). 

Thornton CM, Yu B (2016) The Brigalow Catchment Study: IV.* Clearing 
brigalow (Acacia harpophylla) for cropping or grazing increases peak runoff 
rate. Soil Research 54(6), 749-759. 

Walling DE (1999). Linking land use, erosion and sediment yields in river basins. 
In Man and River Systems, Springer, Dordrecht, 223-240. 

Wilkinson S, Henderson A, Chen Y (2004) SedNet User Guide. Client Report for 
the Cooperative Research Centre for Catchment Hydrology. CSIRO Land and 
Water, Canberra. 

Williams JR (1975) Sediment-yield prediction with universal equation using runoff 
energy factor. Present and prospective technology for predicting sediment yields 
and sources. 

Wischmeier WH, Smith DD (1978) Predicting rainfall erosion losses: a guide to 
conservation planning. Department of Agriculture, Science and Education 
Administration. 

Yu B (1998) Rainfall erosivity and its estimation for Australia's tropics. Soil 
Research 36(1), 143-166. 

Cheng Z, Yu B (2019) Effect of land clearing and climate variability on streamflow 
for two large basins in Central Queensland, Australia. Journal of Hydrology, 578, 
124041. 

 

 

 

 

 

 

 

 



97 | P a g e 
 

Chapter 5. Comparison of the RUSLE and MUSLE model 

for predicting sediment yield from grazing land in Central 

Queensland 

 

Comparison of the RUSLE and MUSLE model for predicting sediment yield from 

grazing land in Central Queensland 

 

This chapter includes a co-authored paper submitted for publication. My 

contribution involved: data preparing and analysis, interpretation of results and 

writing. The bibliographic details of the paper, including all authors, are:  

 

Tiwari J ., Yu B., Silburn, M., Bartley, R., Owens, J., Thornton C. M., Brooks, A., 

2021. Comparison of the RUSLE and MUSLE model for predicting sediment yield 

from grazing land in Central Queensland (Prepared to submit in Geoderma Journal, 

under internal review) 

 

 

 

 

 

(Signed) _____________________ (Countersigned) _______________________ 

(Countersigned)_______________________(Countersigned)_________________ 

(Countersigned)______________________ (Countersigned)_________________ 

(Countersigned)_________________ (Countersigned)_________________ 

Corresponding author: Jagriti Tiwari Supervisor: Bofu Yu 

 

 

 

 



98 | P a g e 
 

Comparison of the RUSLE and MUSLE model for predicting sediment yield 

from grazing land in Central Queensland 

Jagriti Tiwaria, Bofu Yua, D Mark Silburnb, Rebecca Bartleyc, Jo Owensd, Craig 
Matthew Thornton e, Andrew Brooksa 
aAustralian Rivers Institute, School of Engineering and Built Environment, Griffith University, Nathan, 
Queensland, 4111, Australia 
bAgricultural Production Systems Research Unit, Department of Environment and Resource Management, 
Toowoomba, Qld 4350, Australia 
cCSIRO, Brisbane, Queensland 4068, Australia 
dCentre for Agricultural Engineering, University of Southern Queensland, Toowoomba, Queensland 
eDepartment of Resources, Mines, and Energy, PO Box 1762, Rockhampton, Queensland, 4700, Australia 
 

ABSTRACT 

One of the major issues of the grazing land ecosystem is high sediment yield linked 

to extensive land clearing and conversion of native vegetation into grazing. It is 

essential to model hillslope sedimentation for improved prediction of sediment 

yield in grazed catchments. This study evaluated the performance of Revised 

Universal Soil Loss Equation (RUSLE) and Modified Universal Soil Loss Equation 

(MUSLE) models in predicting sediment yield from grazed catchments and 

evaluated the effects of climatic and hydrological variables and the 

RUSLE/MUSLE factors on sediment yield. Springvale, Brigalow, and Weany 

Creek catchments from Fitzroy and Burdekin Basins in Queensland, Australia, were 

selected as study areas. The MUSLE1 and MUSLE2 models provided satisfactory 

estimates of sediment yield in Brigalow (NSE > 0.51) and Weany Creek (NSE > 

0.73) catchments as compared to the RUSLE model. The study found rainfall and 

runoff factors in small catchments, and runoff factor and peak runoff rate in 

relatively large catchments contributed to the variation of sediment yield. The 

calibrated soil erodibility factor (K) was found 14%, 24%, and 60% higher for 

Springvale, Brigalow, and Weany Creek catchments, respectively, compared to K-

factor from the Australian Soil Resource Information System (ASRIS). This study 

recommends using the MUSLE model to improve hillslope sediment yield 

prediction in Central Queensland. 

Keywords: grazing land, MUSLE model, sediment yield, soil erodibility, 

performance evaluation. 
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5.1 Introduction  

Global land use change due to anthropogenic activities has accelerated the soil 

erosion consequently deteriorating the land productivity, socio-economic 

conditions and overall health of an ecosystem (Foley, 2005; Li et., 2017; Borelli 

and Panagos., 2020; Winkler et al., 2021). A recent worldwide soil erosion 

modelling study conducted in 200 countries at resolution of 250 x 250 m reported 

an increase of 35 Pg·Yr-1, due to land use change (Borelli et al., 2017). The intensive 

livestock grazing, and poor land management has resulted in five-to-ten-fold 

increase in the total sediment load across the Great Barrier Reef (GBR) catchments 

of Central Queensland (McCloskey et al., 2021; Donovan et al., 2021). Although 

gullies followed by stream bank and hillslope erosion are the major source of 

sediment across the Great Barrier Reef Catchment Area (GBRCA) (McCloskey et 

al., 2021), however, the contribution of hillslope erosion is dominant in the Central 

Queensland grazing land (Silburn et al., 2011a). In grazing lands of Queensland, 

the rainfall and rainfall intensity are highly variable, and surface runoff due to 

ground cover change exacerbate hillslope erosion and increases high sediment loss 

which substantially affect the water quality and grazing productivity (Scanlan et al., 

1996; Owens et al., 2003; Silburn et al., 2011a; Bartley et al., 2006). Improved 

prediction of soil loss and sediment yield is important from grazed GBR catchments 

for best practice land management and conservation to be planned to mitigate high 

sedimentation from grazing land.    

Several models are available to quantify soil loss, however, the empirical models 

such as the Universal Soil Loss Equation (USLE) (Wischmeier and Smith, 1978) 

and its successors i.e., the Revised USLE (RUSLE) (Renard et al., 1997) and the 

Modified USLE (MUSLE) (Williams, 1975; Onstad and Foster, 1975) are widely 

applied to different land use types and at different spatial scales around the world, 

because of their simplicity and flexibility (Benavidez et al., 2018; Sadeghi et al., 

2014). These three models are similar in structure with the major difference in their 

primary factors. The RUSLE considers effect of rainfall, the MUSLE considers 

effect of runoff and peak runoff rates (Williams, 1975), and the MUSLE includes 

the combined effect of rainfall and runoff and peak runoff rates (Onstad and Foster, 

1975), as their rainfall-runoff erosivity (R) factors. The R-factor of RUSLE model 

represents the input that drives the sheet and rill erosion process, and differences in 

http://era.daf.qld.gov.au/1802/


100 | P a g e 
 

R values represent differences in erosivity of the climate (Renard et al., 1997). 

Additionally, the RUSLE models have been originally used to predict long-term 

average annual soil erosion and tested for estimating unit-plot erosion at 22.1 m 

long on a 9% slope from cropland (Renard et al., 1997). The MUSLE model was 

originally proposed to eliminate the need of delivery sediment delivery ratio by 

replacing the rainfall energy factor of USLE equation by runoff and peak runoff 

rate as the runoff is considered to represent detachment process and peak runoff 

rate is included to represent the sediment transport. The model has been tested for 

predicting sediment yield at event and annual basis from 18 small watersheds with 

area varying from 3 to 4380 acres with land use ranged from native meadow to 

cultivated land in many of 3-acre watersheds and the large watersheds were covered 

with pasture and others were non tilled land (Williams, 1975). Considering the 

relative potential of interill and rill sediment on total yield, the MUSLE model was 

further modified and tested for the zones of two watershed, with area of 82.8 acre 

for Iowa watershed and 1.5 acre of Ohio watershed which were planted with corn 

on contour (Onstad and Foster, 1975). In Central Queensland, the RUSLE is the 

only model which is being applied in the Source Catchment/Dynamic SedNet 

modelling framework for hillslope erosion prediction from the GBR catchments 

(Fentie et al., 2014; Ellis 2018). However, for a long time, the USLE/RUSLE model 

has been questioned due to their limitation to account for the direct effect of runoff 

on soil loss which often leads to over prediction of soil loss (Kinnell 2015; Brooks 

et al., 2014). 

There are very few studies that applied and tested the MUSLE model in Australia 

(Freebairn et al., 1989; Erskine et al., 2002; Tiwari et al., 2021). Long time ago, the 

MUSLE models were applied on five contour bay catchments ranging in size from 

0.7 to 1.4 ha with each catchment consisted of a cultivated plane bounded by graded 

banks located in Darling downs, Queensland to predict annual and event soil loss. 

Another study carried out in small basins of Triassic sandstone near Sydney with 

land use of forest, crop and pasture compared the sediment yield using the MUSLE 

model also reported the accuracy the MUSLE for predicting sediment yield 

(Erskine et al., 2002). A recent study conducted in Brigalow forested, cropped and 

grazed catchments with area varying from 10.4 to 12.7 ha, demonstrated that the 

MUSLE model, which includes runoff and peak runoff rate, is efficient in providing 
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the improved estimate of sediment yield (Tiwari et al., 2021). Though the use of 

MUSLE model was encouraged in these studies, however, these studies were 

carried out in a specific study site and different land use types mostly on cultivated 

land. Additionally, in some of these studies the detailed description of how various 

factors were evaluated for sediment yield estimation using the MUSLE were 

implicitly stated. Therefore, it is essential to assess the capability of the RUSLE and 

MUSLE models for improving the sediment prediction accuracy particularly in 

grazing land of Central Queensland. 

In original USLE and RUSLE model, the soil erodibility (K) calculated using soil 

properties and crop management factors (C) using C-cover relationship, were 

developed only for cultivated cropland and construction sites (Silburn et al., 2011c). 

However, in Central Queensland, a non-linear and exponential decay relationship 

between ground cover and runoff and soil loss was reported for plot scale grazed 

catchments (Greene et al., 1994; Scanlan et al., 1996; Owens et al., 2003; Silburn 

et al., 2011a) which is not considered in original RUSLE model (Silburn et al., 

2011c). Hence, the Crop management (C)-cover relationships for RUSLE model 

application in Australian condition were modified for grazed catchments to enable 

differences in runoff and sediment generation to be reflected in the model (Rosewell, 

1993; Rosewell 1997; Bartley et al., 2014). However, based on the land condition 

and cover type, the factors can be calculated using the C-factor-cover relationship 

�P�H�Q�W�L�R�Q�H�G���L�Q���5�R�V�H�Z�H�O�O���������������¶���������������D�Q�G���W�K�H���F�R�Q�I�L�G�H�Q�F�H���F�D�Q���E�H���J�D�L�Q�H�G���I�R�U���L�W�V���X�V�H��

in the MUSLE model. The nomograph method proposed by Wischmeier and Smith, 

(1978) is most widely used to calculate K-factor in Australia and elsewhere in the 

world for soil loss prediction (Lin et al., 2019); however, this method is not properly 

�Y�D�O�L�G�D�W�H�G�� �D�Q�G�� �F�R�X�O�G�Q�¶�W�� �Ee directly applied to grazing land (Zhang et al., 2004; 

Brooks et al., 2014). Silburn et al., (2011c) pointed out the importance and need of 

derivation of the K-factor for grazing land as it has a great impact on hillslope 

erosion estimation. Therefore, it is necessary to develop better equation to estimate 

K-factor for grazing land which can be used to test and modify the USLE 

nomograph equation. 

Although the RUSLE model is originally designed for predicting long-term average 

annual soil loss, however, if a nonuniform slope of unit width is broken into a 

number of segments, each with similar characteristics, the RUSLE model can be 
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used to predict sediment yield from irregular hillslope. The MUSLE model is 

originally proposed for sediment yield prediction and eliminates the need for a 

sediment delivery ratio because runoff and peak runoff rate are closely related to 

sediment detachment and transport for sediment delivery predictions (Williams et 

al., 1975). The present study is carried out in two small catchments named as 

Springvale and Brigalow and one comparatively large catchment i.e., Weany creek 

�F�D�W�F�K�P�H�Q�W���O�R�F�D�W�H�G���L�Q���)�L�W�]�U�R�\���D�Q�G���%�X�U�G�H�N�L�Q���E�D�V�L�Q�����7�K�H���S�U�L�R�U���W�Z�R���F�D�W�F�K�P�H�Q�W�V���G�R�Q�¶�W��

contain active gully and stream bank erosion and the selected area of Weany creek 

catchment is located at the bottom of hillslope with a flow line down the centre of 

the slope and the low cover areas are on the side edges of this hillslope catchment 

and are not well connected to the drainage line. Therefore, it is valid to compare the 

sediment yield estimates of the MUSLE model to soil loss rates of the RUSLE 

model in all three catchments, and hence, to avoid the confusions, the sediment 

yield notation will be used for the estimated soil loss from the RUSLE and sediment 

yield from the MUSLE models. Moreover, the study is focussed on hillslope runoff 

and erosion in all the selected catchment and the influence of the other types of 

erosion and detailed understanding of influence of catchment scale on sediment 

delivery is not dealt in this paper. 

The overall aim is to test whether the MUSLE is a better sediment yield prediction 

method for the grazing country. Specifically, research objectives are to: 1) evaluate 

the RUSLE and MUSLE models for three grazing catchments of differing sizes in 

Central Queensland; 2) to test whether including runoff amount and the peak runoff 

rate in addition to rainfall erosivity would lead to better correlation with observed 

sediment yield; 2) to test whether the soil erodibility values remain invariant for the 

RUSLE/MUSLE model for wider application. 

5.2 Materials and Methods 

Study Area 

Three grazed catchments were selected from the Fitzroy and Burdekin basins, i.e., 

the Brigalow, Springvale, and Weany Creek catchments (Fig. 5.1). The catchments 

vary in size from 9.6 ha to 12.7 ha, and grazing is the dominant land use in these 

catchments. The reason behind the selection of study area is the location of the 
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catchments in the basins which contribute the higher quantity of runoff and 

sediment yield to the Great Barrier Reef. 

 

Figure 12.1 Location map selected study area, (a) Brigalow (12.7 ha), (b) Springvale (9.6 
ha), and (c) Weany creek (11.9 ha) (Virginia Park) catchments 

The Springvale catchment (23.693°S and 147.455°E) is a cattle grazing property of 

9.6 ha, located in the Nogoa sub-basin of the Fitzroy basin, Central Queensland. 

The mean annual rainfall over the 7-year period (1988 �± 1994) was 610 mm (Silburn 

et al., 2011a). The site has open or very open woodland (Carnahan, 1990) with a 

grassy understorey, and all tussock grasses. Soils are derived from either mudstone 

or sandstone. Land slope in the catchment varies from 1% in the lower slope areas 

to 20% on the hills and ridges (Connolly et al., 1997). The detailed description of 

site can be accessed from Ciesiolka, (1987), Connolly et al., (1997), Owens et al., 

(2003), and Silburn et al., (2011a). There were five grazing plots to represent the 

entire catchment, we have averaged the rainfall, runoff (Q), peak runoff rate (Qp), 

sediment yield, ground cover and Cover management factor (C) data among the 

five grazing plots.  

The Brigalow study area (24.800°S and 149.783°E) consists of the three contiguous 

experimental catchments of the long-term the Brigalow Catchment Study (BCS). 

Among three, the grazed sub-catchment (C3) has contributing area of 12.7 ha. The 
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BCS is located near Theodore in Central Queensland, Australia (Cowie et al., 2007). 

The study area is representative of the Brigalow Belt Bioregion (Thornton et al., 

2007). The average annual rainfall is 697 mm with a range of 246�±1460 mm (Cowie 

et al., 2007). Soils in the experiment catchments are mainly comprised of black and 

grey vertosols, black and grey dermosols and black and brown sodosols (Cowie et 

al., 2007). The detailed description of calibration and development of these 

catchments and site history can be accessed from Cowie et al., (2007) and Thornton 

et al., (2010). Only the grazed catchment (C3) was included in this study. 

The Weany Creek catchment (19.885°S, 146.535°E), is dominated by Eucalypt 

savanna woodland. Weany Creek is an ephemeral catchment in the Burdekin Basin 

(~130,000 km2). The soils in the catchment are generally Red Chromosols on the 

upper slopes and Yellow to Brown texture contrast soils (duplex soils) with 

dispersive, matric B-horizons on the lower foot slopes (Bartley et al., 2010). There 

were three flumes installed within the entire Weany creek catchment and the 

catchments with Flume 1, 2 and 3 are named as Flume 1 catchment, Flume 2 

catchment, and Flume 3 catchment respectively. Flume 1 is much larger than 

Flumes 2 and 3 and was chosen specifically to look at water and sediment yield on 

the large, or whole of hillslope, scale (Bartley et al., 2006). The hillslope catchment 

of Flume 1 is 11,930 m2 with a mean slope of 3.9% and slope length of 240 m 

(Bartley et al., 2010). A drainage line runs down the centre of the lower half of the 

Flume 1 catchment, where upslope sheet flow becomes channelized during intense 

rainfall. The low cover areas are on the side edges of this hillslope catchment and 

are not well connected to the drainage line (Bartley et al., 2010).  

 Soil loss/Sediment yield models and data sources 

Three soil loss and sediment yield models, i.e., the RUSLE (Renard et al., 1997), 

the MUSLE (Williams, 1975), and the MUSLE (Onstad and Foster, 1975) models 

were used in this study.  These models are basically derived from the USLE 

framework. The rainfall-runoff factors of these three models are different from each 

other with all the other factors i.e., topographic, soil erodibility, cover management 

and crop conservation practice factors being same. The RUSLE model contains 

effect of rainfall as rainfall-runoff erosivity (R), the MUSLE (Williams, 1975) 

model includes runoff (Q) and peak runoff rate (Qp), and the MUSLE (Onstad and 
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Foster, 1975) model contains a combination of the R and Q and Qp. For the 

remaining paper, the models are named as the RUSLE, MUSLE1 for MUSLE 

(Williams, 1975) and MUSLE2 for MUSLE (Onstad and Foster, 1975) model. 

These models were applied on an annual basis by summing up the event data for 

specific water year (1 July of one year to 30 June of next year for Springvale and 

Weany creek and 1 October of one year to 30 September of next year for Brigalow 

catchment). 

The original equation for the USLE (Wischmeier and Smith 1965) model can be 

expressed as: 

�# 
L �4
I�- 
I�.�5
I�%
I�2               (1) 

where, A is the average annual soil loss (Mg·ha·yr-1), R is the rainfall-runoff 

erosivity factor (MJ·mm·hr-1·ha-1·yr-1), K is the soil erodibility factor (Mg·hr-1·MJ-

1·mm-1), LS is the slope length and slope steepness factor, C is the Cover 

management factor (dimensionless) and P is the Conservation support practice 

factor (dimensionless). 

 

The original rainfall-runoff erosivity factor in the USLE model is expressed in 

different ways in the revised and modified versions of USLE model and they can 

be expressed as follows, 

The RUSLE model (Renard et al., 1997)  

�4 
L
�Ã �:�¾�Â�/�, �;�Ô

�Õ
�Ô�8�-

�Ç
    (2) 

where, E is the kinetic energy for a rainfall event, and I30 is  the maximum 30-minute 

rainfall intensity, (EI30)i is the EI30 for storm event i, j are the number of storms in 

an N-year period. 

The MUSLE1 (Williams, 1975)  

�4�s��
L �s�s�ä�z�:�3 
H�3�ã�;�4�ä�9�:    (3) 

where, Q is the runoff (m3), Qp is the peak runoff rate (m3·s-1) 

 

The MUSLE2 model in US customary unit (Onstad and Foster, 1975) 
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where, R2 is the rainfall-runoff erosivity factor, EI30= Storm rainfall erosivity factor, 

EI unit (foot tons per acre inches per hr), Q = storm runoff depth, (in), Qp = storm 

peak runoff rate (in·hr-1). 

The eq (4) was converted from the US customary units to SI units using conversion 

factors suggested by Foster et al., (1981), it can be expressed as: 

�4�t 
L �:�r�ä�w�r�'�+�7�4
E�u�ä�v�t�3�3�ã

�-
�/ �;    (5) 

where, Q is the runoff (m3), Qp the peak runoff rate (m3·s-1) EI30 is the storm rainfall 

factor, EI units of USLE. 

 

Data sources 

To apply the RUSLE and MUSLE models in this study, estimations of rainfall-

runoff erosivity (R-factor), runoff (Q), peak runoff rate (Qp), sediment yield, cover 

management factor (C-factor, and topographic factor (LS-factor) are required. 

These parameters were determined on an annual basis using event data for each 

water year period starting from 1988 to 2018 for Brigalow, from 1990 to 1994 for 

Springvale and, from 2002 to 2012 for Weany creek catchment. 

 

Rainfall-runoff erosivity (R) 

The R-factor is a function of kinetic energy (E) and maximum thirty-minute rainfall 

intensity (I30) (Wischmeier and Smith, 1978). The annual erosivity value for the 

Springvale and Brigalow catchment was calculated by summing up the event data. 

The detailed procedure for calculation of event EI30 for Springvale and Brigalow 

catchment can be accessed from Silburn, (2011c) and Tiwari et al., (2021) 

respectively.  For Weany creek catchment, rainfall intensity data was available on 

an hourly basis. Hence, we first calculated the 60 min rainfall-runoff erosivity factor 

and converted it into 30-min erosivity factor for each event. The storm energy (er) 

was calculated using eq. 

�A�å 
L �r�ä�t�{ 
H�>�s
F �r�ä�y�t
H�A�T�L�:
F�r�ä�r�w
H�E�å�;�?   (6) 

where, er  i is the kinetic energy per unit depth of rain (MJ·ha-1·mm-1 ); ir  is the 60-

min rainfall intensity for time interval r (mm·hr-1) 
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The erosivity value for a single event using 60 min rainfall intensity (EI60) was 

calculated using 

�' �+�:�4 
L �:�Ã �A�å�R�å�; 
H�+�:�4
�à
�å�@�5    (7) 

where, er is the rainfall kinetic energy (MJ·ha-1·mm-1) and vr is the rainfall volume 

(mm) during the  r-th period of a storm that is divided into m-parts.  

The rainfall-runoff erosivity for 30-min rainfall intensity was calculated by 

�' �+�7�4
L �s�ä�w
H�' �+�:�4    (8) 

The calibration factor of 1.5 is suggested by Panagos et al., (2015 and 2016) to 

convert the R-factor evaluated using 60-min data to the equivalent R-factor value 

at 30 min. The annual rainfall-runoff erosivity was calculated by summing up the 

event data. 

Runoff (Q) and peak runoff rate (Qp) 

For Brigalow catchments, Q and Qp observations are available from 1987 to 2018 

and the methodologies related to their measurement and processing are presented 

in Thornton et al., (2007) and Thornton and Yu, (2016), respectively. Measured Q 

and Qp data at Springvale catchment outlet are available for the period from 1988 

to 1994. The detailed description about runoff measurements can be accessed from 

Connolly et al., (1997) and Silburn et al., (2011a).  Similarly, the Q and Qp data 

were available for Weany creek catchment (Bartley et al., 2006; Bartley et al., 2010; 

Bartley et al., 2014). For all the three catchments, event runoff data were summed 

to calculate annual Q amount and the maximum Qp of each year was used as annual 

Qp value. 

 

Sediment yield data 

The sediment data for each catchment, were collected from individual gauging 

stations. The sediment in the Springavle catchments was measured as described by 

Ciesiolka et al. (1995), using bedload troughs, large tipping buckets to measure 

runoff, and splitters to sample suspended load. Event based water quality loads in 

the BCS catchment as described by Elledge and Thornton (2017), were calculated 

by dividing the hydrograph into sampling intervals, multiplying the discharge in 

each interval by the sample concentration, and summing the loads over all the 

intervals. Mean annual EMC (event mean concentration) was calculated by 
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averaging the event-based EMCs. These values were then averaged to determine 

the long-term EMC for BCS catchment. To measure water and sediment runoff in 

Weany creek catchment, a large Parshall flume was used for site Flume 1 (Bartley 

et al., 2006). The detailed description about sediment data measurements for 

Springvale, BCS, Weany creek plots, can be accessed from Silburn et al., (2011a), 

Cowie et al., (2007), Bartley et al., (2006), respectively.   

 

Soil erodibility factor (K-factor) 

The K-factor was estimated as the slope of a linear regression line using the 

observed sediment yield data and model outputs of the RUSLE, the MUSLE1 and 

the MUSLE2 models. This method is most reliable for the quantification of K-factor 

because it accounts the effect of changes occurred in natural condition. Additionally, 

we calculated the average K-factor values for the three selected catchments in the 

ArcGIS environment by extracting the K-factor layer for each catchment using the 

Australian Soil Resource Information System (ASRIS) K-factor map prepared by 

the Queensland government using the soil data contained in ASRIS for the 

application of RUSLE model for hillslope erosion estimation. 

(https://qldspatial.information.qld.gov.au/catalogue/custom/search.page?q=%22S

oils%20-%20universal%20soil%20loss%20equation%20-%20K%20factor%22). 

The ASRIS sources the soil data from the Queensland Government's Soil and Land 

Information (SALI) database (McKenzie et al., 2012). 

Topographic factor (LS-factor) 

The L-factor and S-factor layer for Brigalow, Springvale and Weany catchments 

�Z�D�V�� �G�R�Z�Q�O�R�D�G�H�G�� �I�U�R�P�� �W�K�H�� �4�X�H�H�Q�V�O�D�Q�G�� �*�R�Y�H�U�Q�P�H�Q�W�¶�V�� �4�V�S�D�W�L�D�O�� �Z�H�E�V�L�W�H��

(https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series). 

These layers have a resolution of 30 x 30 m and were used as input dataset in the 

RUSLE model in Source Catchment Sediment Modelling framework for hillslope 

soil loss predictions for the GBR catchments (McCloskey et al., 2014). The L- and 

S-factor layers for each catchment were extracted from the entire layer L and S-

factor of Fitzroy basin using the spatial analysis statistics tool available in ArcGIS. 

The L and S factor value for the three catchments was the average values of all the 

https://qldspatial.information.qld.gov.au/catalogue/custom/search.page?q=%22Soils%20-%20universal%20soil%20loss%20equation%20-%20K%20factor%22
https://qldspatial.information.qld.gov.au/catalogue/custom/search.page?q=%22Soils%20-%20universal%20soil%20loss%20equation%20-%20K%20factor%22
https://www.data.qld.gov.au/dataset/soils-universal-soil-loss-equation-series
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pixels located within each catchment and the value of the LS-factor was 0.56 for 

Springvale, 0.38 for Brigalow, and 0.42 for Weany creek catchment. 

Cover management factor (C-factor) 

The C-factor for three catchments, were procured from Department of Environment 

and Science and were available on a three-monthly basis 

(http://data.auscover.org.au/xwiki/bin/view/Product+pages/Landsat+Seasonal+Fra

ctional+Cover). The C-factor for each season was calculated as the average of the 

C-factor values of all the pixels located within each catchment. The average of the 

seasonal C-factor was used as the annual C-factor. 

Crop conservation practice factor (P-factor) 

The P factor varies according to the conservation techniques practiced in the 

watershed from 0 in the zones well protected to 1 without any conservation 

practices (Williams, 1975; Rosewell, 1993). In this study, no significant practices 

were performed on the three catchments over time; therefore, the value of P was 

assigned to 1. 

 Effect of runoff, peak runoff rate and RUSLE/MUSLE factor on sediment yield  

Multiple correlation analysis was performed to detect the effect of EI30, Q, Qp, and 

C-factor on sediment yield for the three catchments to identify which variable/factor 

could be responsible for change in sediment yield for different catchment.  

Sediment yield model evaluation without calibration 

 To evaluate the model performance, the predicted sediment yield was compared 

against observed sediment yield. The performance indicators such as coefficient of 

Determination (R2), Nash-Sutcliffe efficiency (NSE) and Percent Bias (PBIAS) 

were used for evaluation and validation purposes. Formulas for these indicators are: 
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https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
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where, N is the number of years, Oi is the observed sediment yield values, ��
% is the 

mean of observed sediment yield values, Pi is the predicted sediment yield values, 

��
%�� is the mean of predicted sediment yield values. The R2 values normally ranges 

from 0 to 1 and NSE values range from -�’  to 1 and values of the R2 and NSE nearer 

to 1, suggest a model with more predictive skill (Steel and Torrie, 1960; McCuen 

et al., 2006). The optimal value of PBIAS is 0.0, with low-magnitude values 

indicating accurate model simulation (Gupta et al., 1999). 

5.3 Results 

The interannual variation of rainfall, runoff, ground cover, and sediment yield for 

the period from 1988 to 1994 for Springvale, 2003 to 2009 for Weany creek are 

shown in Fig. 5.2. The period for Brigalow catchment was not continuous due to 

unavailability of sediment data. From the period from 1988 to 2016, there were 55% 

of missing sediment data. Therefore, the time series shown in Fig. 5.2 is based on 

the years without missing data (13 years out of 29 years). The data used for the 

sediment yield prediction from all the three selected grazing catchments are 

summarised in Table A1, A2, and A3.  

  

 (a) (b) 
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Figure 13.2 Interannual variation in rainfall, runoff, the spatially averaged ground cover 
and sediment yield: (a) Springvale, (b) Brigalow, and (c) Weany Creek in Queensland, 
Australia. 

Evaluation of the MUSLE and RUSLE model without calibration 

The evaluation results of the three sediment yield prediction models without 

calibration, for the three catchments is presented in Table 1. The ASRIS K-factor 

values (fourth column in Table 2) were used for predicting the sediment yield from 

the grazing catchments. It was noted that for the Springvale catchment, none of the 

three models was able to predict sediment yield satisfactorily with NSE values all 

less than 0 (Table 1). However, the MUSLE2 with NSE value equals to 0.51 and 

MUSLE1 model with NSE value equal to 0.73 predicted sediment yield reasonably 

well as compared to the RUSLE for Brigalow and Weany creek catchment 

respectively (Table 5.1).  

Table 5.1 Evaluation results of annual sediment yield prediction models without 
calibration 

Catchments Total 
observed 
sediment 

yield 

Total 
predicted 
sediment 

yield 

RUSLE MUSLE1 MUSLE2 

 
(t·ha-

1·yr-1) 
(t·ha-

1·yr-1) NSE 
PBIAS 

(%) NSE PBIAS NSE PBIAS 

Springvale 
41.60 24.97 

-1.94 -94 
-

2.22 -100 
-

0.03 -40 
Brigalow 2.37 2.22 0.27 -8 0.48 17 0.51 6 

(c) 
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Weany 
creek 

1.53 0.80 -
2E+05 2E+04 0.73 6 -843 100 

 

The regression analysis between the observed sediment yield and the model outputs 

estimated from the RUSLE, MUSLE1, and MUSLE2, and observed sediment yield, 

is shown in Fig. 5.3. The MUSLE models performed better as compared to the 

RUSLE model for all the three catchments. The MUSLE1 model with factors Q and 

Qp, with R2 equals to 0.94 gives a better correlation for Weany creek catchment. 

However, for Brigalow catchment the outputs of the MUSLE1 and MUSLE2 with 

R2 equals to 0.69, correlated well with observed sediment yield and for Springvale 

catchment, the MUSLE2 model with factors EI30, Q and Qp provides better 

correlation of the model outputs and observed sediment yield. Overall in all 

catchments, the Model over-predicts when sediment yield is low, and under-

predicts when the sediment yield is high. However, in Brigalow and Springvale 

catchment, the amount of observed sediment yield, EI30 and runoff and peak runoff 

rate was observed to be very high in year 2010 (Brigalow) and 1994 (Springvale) 

which has strongly influenced the sediment yield predictions from these catchments 

(Table A1 and Table A2 of A3).  
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Figure 5.3 Regression analyses between observed and predicted annual sediment yield 

without calibration (t·ha-1·) using RUSLE, the MUSLE1 (Williams 1975) and the MUSLE2 

(Onstad and Foster 1975) using three catchments (a) Springvale, (b) Brigalow, and (c) 

Weany Creek in Queensland, Australia. The data points represent observed sediment yields 

for different years at each site. 

Effect of runoff, peak runoff rate, and the RUSLE/MUSLE factors on annual 

sediment yield  

The data points in the Figure. 4 represents the annual sediment yield and EI30, Q, 

Qp and, C-factor data for each selected year. Regression analysis between annual 

sum of EI30, Q, max. of Qp and, average of C-factor and observed annual total 

sediment yield for Weany creek and Brigalow catchment showed that runoff 

amount (Q) with R2 > 0.68 and the peak runoff rate (Qp) with R2 > 0.70 are the two 

most important variables that are highly correlated with the annual sediment yield 

variations for the three catchments, whereas, for Springvale catchment, EI30 with 
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R2 of 0.90 followed by Q and Qp and with R2 > 0.75 are the best correlated variables. 

(Fig. 5.4). 

 

Figure 5.4 Regression analyses between observed annual sediment yield (t·ha-1) and 

relevant variables and factors (rainfall-runoff erosivity, runoff, peak runoff rate, and cover) 

for the three grazing catchments (a) Springvale, (b) Brigalow, and (c) Weany Creek in 

Queensland, Australia. The data points represent observed sediment yields for different 

years at each site. 

Calibration of K-factor  

The ASRIS based K-factor was found to be 0.0557 for Springvale catchment and 

the best estimated of K-factor was 0.088 which is 1.57 times higher than the ASRIS 

K-factor. Similarly, for Brigalow grazing catchment, the ASRIS K-factor was 0.046 

and the best estimated K-factor was found to be 0.057 from MUSLE1 and 0.054 

from MUSLE2.which 1.23 and 1.17 times higher than ASRIS K-factor value. In 

contrast, for the Weany creek catchment, the ASRIS based K-factor was about 
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0.043 and the estimated K-factor with value of 0.049 which is 1.13 times higher 

than the ASRIS K-factor. The best estimated K-factor along with its standard error 

calculated using the well correlated model structure and observed sediment yield 

for each catchment is presented in (Table 5.2).  

Table 5.2 The K-factor  ± one standard error estimated using the best correlated 
model for three catchments. ASRIS �± Australian Soil Resource Information System, 
MUSLE1 �± MUSLE (Williams 1975) and MUSLE 2 �± MUSLE (Onstad and Foster 
1975) 

Catchments Best estimate of the K-factor 
± Standard error 

Best correlated 
model 

ASRIS K-factor 

Springvale 0.088±0.005 MUSLE2 0.055 
Brigalow 0.057±0.011; 0.054±0.011 MUSLE1; MUSLE2 0.046 

Weany creek 0.049±0.018 MUSLE1 0.043 
 

5.4 Discussions 

The study focused on the evaluation of the RUSLE/MUSLE models to predict 

sediment yield from three predominantly grazing catchments i.e., the Springvale, 

Brigalow, and Weany creek catchments in Central Queensland.  

Evaluation of the MUSLE and RUSLE model without calibration 

The RUSLE is the only model which is currently being applied for hillslope erosion 

estimation in Central Queensland due to its capability to model soil loss at large 

spatial extent for example national scale (Fentie et al., 2014; Doughall et al., 2014; 

McCloskey et al., 2017). Meanwhile, its application in farm and plot scale resulted 

in many limitations due to its inability to assess the variability in small local area 

which often led to over estimation of sediment yield from small catchments (Lu et 

al., 2003; Kinnell, 2010; Brooks et al., 2014). The evaluation results of three small 

GBR catchments without calibration shows that the MUSLE models performed 

well in predicting sediment yield from Brigalow and Weany creek catchment, 

whereas for Springvale, it is not able to predict sediment yield from Springvale 

catchment. This can be due to large sediment sizes contributing to bed load and are 

difficult to move due to cover interruptions (Silburn et al., 2011a; Silburn et al., 

2011b). Calibration of model parameters with respect to observed sediment yield 

was carried out in this study to improve the sediment yield prediction from all three 

catchments. 



116 | P a g e 
 

Hence, the regression analysis between the observed sediment yield and the model 

outputs estimated from the RUSLE, MUSLE1, and MUSLE2, and observed 

sediment yield shows that the capability of MUSLE2 is improved to predict 

sediment yield from Springvale catchment. Similarly, the MUSLE1 and MUSLE2 

both were equally better for predicting sediment yield from Brigalow catchments. 

However, the MUSLE1 model was found to be well efficient as compared other 

two models for providing improved prediction of sediment yield. This implies that 

the MUSLE framework with calibration of its factors is useful in improving 

prediction of sediment yield from these three grazing catchments.  

Influence of runoff, peak runoff rate, and the RUSLE/MUSLE factors on annual 

sediment yield  

For further insights of the sediment entrainment process in different catchment, the 

influence of variables and factors were evaluated. The higher correlation of EI30, Q 

and Qp with observed sediment yield in Springvale and Brigalow and, shows the 

importance of these variables in predicting sediment yield from small, grazing 

catchments. In contrast, for Weany creek, the Q and Qp highly correlated with 

observed sediment yield. Numerous studies in Central Queensland have determined 

the relationship between ground cover and runoff and soil loss and reported that for 

the same rainfall amount, the ground cover tends to increase runoff and soil loss 

(Scanlan et al., 1996; Owens et al., 2003; Silburn et al., 2011a; Bartley et al., 2014). 

The weak correlation between rainfall-runoff erosivity and observed sediment yield 

shows that rainfall cannot be a better predictor for sediment yield in large 

catchments like Weany Creek. The results also shows that the Q and Qp contribute 

to sediment yield variation in small and large catchment in grazing land. This 

implies that for small catchments like Springvale and Brigalow catchments, the 

combined effect of rainfall and runoff is the cause for higher sediment yield and in 

the larger Weany creek catchment, the runoff and peak runoff rate are the most 

important variables for determining the sediment yield.  

Numerous studies have shown the effect of runoff on sediment yield from small 

grazing catchment in Central Queensland (Scanlan et al., 1996; Owens et al., 2003; 

Bartley et al., 2010; Silburn et al., 2011a; Bartley et al., 2014). The previous studies 

in Weany creek catchment reported that the increase ground cover has reduced led 
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to the reduction in the event runoff which was unresponsive in reducing the 

sediment yield whereas the annual catchment runoff has led to an increase in the 

sediment yield from the catchment (Bartley et al., 2014). Similarly, in Springvale 

catchment, the increase in soil loss was linked to large amount of runoff (Silburn et 

al., 2011a). The USLE analysis study in Springvale catchment shows that the annual 

total sediment yield was poorly correlated with annual EI30, for those plots within 

catchment where ground cover is low (relationships not significant for linear 

regression) (Silburn et al., 2011c). A recent study carried out in Brigalow catchment 

shows that the MUSLE model which includes runoff and peak runoff rate as 

primary factors provides an improved predictions of event sediment yield for 

different land use treatments of small-scale catchment (Tiwari et al., 2021). 

Therefore, the present study supports the findings of the previous studies that runoff 

govern sediment processes in grazing land. The study illustrated the influence of 

runoff and peak runoff either alone or in combination with EI30 on annual sediment 

yield from all these grazing catchments. 

Calibration of K-factor  

The selection of proper rainfall-runoff erosivity affects the soil erodibility (K) 

estimated using observed sediment data. It affects the sediment delivery process. 

The soil erodibility �I�D�F�W�R�U�V���X�V�H�G���L�Q���R�U�L�J�L�Q�D�O���5�8�6�/�(���K�D�Y�H�Q�¶�W���E�H�H�Q���F�D�O�L�E�U�D�W�H�G���I�R�U���W�K�H��

rangeland regions (Simonton et al., 1980, Renard, 1980). For grazing land of 

Central Queensland, the modification in the USLE-based K-factor equation is 

required for improving the sediment yield prediction (Silburn et al., 2011c). For the 

Springvale catchment, the estimated K-factor is found to be 0.088 which is found 

to be higher when compared with the K-factor estimated by Silburn, 2011 for a 

grazing plot (G2) (0.055 using USLE and 0.057 using RUSLE). The K-factor 

estimated in this study is 57% higher as compared to the ASRIS based K-factor 

(0.055). However, for the Brigalow catchment, the estimated K-factor for grazing 

was found to be 0.057 and 0.054 which is close to the estimated K-factor value 

(0.059) suggested by Tiwari et al., (2021) for grazing treatment, however, it was 

32% higher than ASRIS K-factor. For Weany creek catchment, the estimated K-

factor was found to be 0.049 which is 13% higher than the ASRIS K-factor. The K-

factor for Weany creek catchment is not yet derived to include the effect of ground 

cover on runoff and soil loss. The findings suggest for the modification in the 
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Australian condition based nomograph method of K-factor calculation. The 

modified equation of K-factor derivation could be useful in improving the sediment 

yield prediction from small GBR catchments in grazing land. 

The study improved the understating of the predicting of sediment yield in grazing 

land. The MUSLE based sediment yield estimates were found to be most accurate 

given data availability. However, this may not always be the case as it depends on 

the availability of the runoff and peak runoff data. These data are not readily 

measured at every catchment scale and incorporation of simulated runoff and peak 

runoff data needs validation of the simulated data before applying MUSLE for 

erosion prediction (Kinnell 2010; Sadeghi et al., 2014). In contrast, the RUSLE 

model requires the rainfall data only, which is much more readily available 

(Benavidez et al., 2018). Additionally, the accuracy of model predictions may vary 

regionally (Djoukbala et al., 2019). The good correlation between the observed 

sediment yield and MUSLE based predicted sediment yield may also be due to the 

MUSLE application in the grassland and this model is originally proposed for 

dryland ecosystem, however, the RUSLE model is originally designed for 

�D�J�U�L�F�X�O�W�X�U�D�O�� �D�U�H�D�V�� �L�Q�� �W�K�H�� �8�Q�L�W�H�G�� �6�W�D�W�H�V���� �D�Q�G�� �W�K�H�U�H�I�R�U�H���� �F�R�X�O�G�Q�¶�W�� �U�H�F�R�J�Q�L�V�H�� �W�K�H��

dominant erosion processes in other regions. The best response of the MUSLE 

model may also be due to its application in the grassland and this model is originally 

proposed for dryland ecosystem, however, the RUSLE model is originally designed 

�I�R�U�� �D�J�U�L�F�X�O�W�X�U�D�O�� �D�U�H�D�V�� �L�Q�� �W�K�H�� �8�Q�L�W�H�G�� �6�W�D�W�H�V���� �D�Q�G�� �W�K�H�U�H�I�R�U�H���� �F�R�X�O�G�Q�¶�W�� �U�H�F�R�J�Q�L�V�H the 

dominant erosion processes in other regions. Therefore, the better performance of 

the MUSLE model as compared to the RUSLE model encouraged to apply the 

MUSLE model for predicting sediment yield from GBR grazed catchment. The 

rainfall and runoff were found to be the potential factor for hillslope sediment 

increase, however, for Weany creek catchment, the runoff and peak runoff rates are 

highly responsible for the increase in the sediment yield. The estimated K-factor 

could be used to improve to modify the USLE based soil erodibility equation for 

including the effect of soil properties and surface conditions of the grazing land. 

5.5 Conclusion 

The present study evaluated the performance of the RUSLE/MUSLE model to 

predict sediment yield from predominantly grazing catchments in Central 

Queensland, tested the RUSLE/MUSLE models without calibration, idetified the 
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influence of runoff, peak runoff rates and RUSLE/MUSLE factors on sediment 

yield, and to calibrate the K-factor at different catchment scale. The study was 

carried out in three different grazing catchments, i.e., the Springvale, Brigalow and 

Weany creek catchment with area of 9.6 ha, 12.9 ha and 11.9 ha respectively. The 

performance evaluation of the estimated sediment yield using the RUSLE/MUSLE 

models without the calibration showed that the MUSLE model is more efficient as 

comparison to RUSLE model for predicting sediment yield from Brigalow and 

Weany catchment. Among Q, Qp, EI30, and C-factor, the EI30, Q and Qp correlated 

well with the observed sediment yield for Springvale and Brigalow catchment and 

Q and Qp are responsible for the changes in sediment yield in Weany catchment. 

Additionally, the comparison between the ASRIS K-factor and calibrated K-factor 

suggest that modification in nomograph method of K-factor is necessary for 

improved prediction of sediment yield from grazed catchment in Central 

Queensland. The study provides a support for the application of the MUSLE model 

in other the GBR catchment in grazing land. 
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Chapter 6. Integration of ground cover variation in 

rainfall -runoff model for runoff estimation from Nogoa 

catchment, Central Queensland 

 

6.1 Introduction  

Runoff plays a critical role in controlling sediment discharge from the catchment, 

in arid and semi-arid regions (Pimentel et al., 1995; Zuazo and Pleguezuelo, 2008). 

Drylands are defined by a scarcity of water. Drylands are zones where precipitation 

is balanced by evaporation from surfaces and by transpiration by plants (Middleton 

and Thomas, 1997). In dryland, runoff is affected by the rainfall characteristics and 

ground cover cover (Scanlan et al., 1996; Quinton et al., 1997; Puidefabregas, 2005; 

Liu et al., 2018). The groundcover is defined as the non-woody vegetation (forbs, 

grasses and herbs), litter, cryptogamic crusts and rock in contact with the soil 

surface (Muir et al., 2011).  At small scale (<100 m2), the ground cover is uniform 

with space and time, however, as the catchment scale increases, the spatial variation 

of ground cover also increases (Quinton et al., 1997). The spatial distribution of 

ground cover forms a spatial mosaic and source-sink landscape pattern that leads to 

reduction in infiltration capacity which in turn affect the infiltration (Puidefabregas, 

2005; Liu et al., 2018). In Central Queensland, Australia, large scale land clearing 

for agricultural purposes including grazing has created a high pressure on grazing 

land and reduces the soil fertility, infiltration which ultimately led to land 

degradation (McIvor et al., 1995; Merten and Minella, 2013; Fraser and Stone, 

2016). Additionally, the extensive livestock grazing has led to high spatially 

variability in ground cover and this irregular distribution of ground cover at 

different spatial scales in hillslopes complicates the assessment of effect of ground 

cover on runoff (Bartley et al., 2006; Bautista et al., 2007). It is essential to include 

the spatial variation of ground cover while simulating runoff from large grazing 

catchments in dryland. 

The most commonly used rainfall-runoff models for streamflow prediction 

specifically in Australia are AWBM, SimHyd and Sacramento models (Vaze et al., 

2011, Zang and Chiew, 2009, Yu and Zhu, 2015). These models are lumped in 

nature and use the same value of parameters for the whole watershed or catchment 
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and ignore the spatial variability of watershed characteristics (Boughton 1995, 2004, 

Chiew et al., 2002; Jaiswal et al., 2020). At present, these models do not use the 

spatial distributed information regarding the ground cover, soil and climate data 

which makes them inappropriate to apply in large scale catchment for assessing the 

impact of ground cover variation on runoff.  

At small scale, numerous authors have demonstrated that in different land use types, 

runoff linearly or exponentially decreases as the percentage of ground cover 

increases (Bochet et al., 2006; Zuazo and Pleguezuelo, 2008; Liu et al., 2018). A 

study carried out in south eastern Spain at a small plot of 1.5 m2 showed that the 

relationship between cover and runoff coefficient is essentially linear on an event-

basis (Quinton et al. 1997). Chirino et al. (2006) showed an exponential decay in 

the runoff amount with cover for a semi-arid area in Spain. Similarly, an 

exponential relationship between cover and runoff coefficient was reported for a 

small plot (0.25m2) in Central Eastern Spain (Morento-de las Heras et al. 2009). 

Vasquez-Mendez et al. (2010) found a linear relationship between pasture cover 

and runoff in USLE-plots in Mexico. A review of linear and exponential 

relationships between ground cover and runoff is presented in Liu et al. (2018) (Fig. 

6.1). Most of these studies applied the rainfall simulation method to carry out the 

experiment at small study sites and land use types. It is essential to analyse the effect 

of ground cover variation under natural rainfall condition in large catchment 

particularly in grazing land. 

 

Figure 14.1 Relationships between ground cover and (a) relative runoff (compared to runoff 
on bare soil) (Liu et al. 2018) 
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In Australia, a research carried out in small experimental paddocks showed a linear 

relationship between cover and runoff rate for a grazing area in New South Wales 

(NSW) (Greene et al., 1994). Another study conducted in 4 ha blocks in unbounded 

catchments in grazed and exclosed pastures in woodlands in the Dalrymple Shire, 

North-Eastern Queensland over a five-year period quantified the run-off and soil 

movement in grazed woodlands using the measured factors such as rainfall, 15-min 

rainfall intensity, soil water deficit and ground cover and reported the runoff 

coefficient decreases linearly with ground cover (Scanlan et al., 1996). A plot scale 

study in the Springvale catchment in Central Queensland illustrated a linear 

reduction in the Curve Number (CN) as a function of cover to quantify the cover 

effect on storm runoff amount, (Owens et al., 2003), and a similar non-linear 

relationship between cover and the Curve Number was adopted for PERFECT with 

supporting evidence from an Alfisol soil at ICRISAT Centre, Parancheru, India 

(Littleboy et al., 1996). Recently, these data of Springvale catchment was re-

analysed and a non-linear relationship between cover and the Curve Number and 

exponential decay relationship between cover and runoff coefficient are reported to 

be similar and the study suggested that these relationships could equally be used for 

the grazing catchment (Yu, 2020). Most of the studies generally explored the role 

of ground cover level and thus have not adequately analysed the spatial distribution 

of ground cover and its effect on the process involved in runoff generation. 

However, when considering a large scale, rainfall-runoff process becomes more 

complex and dynamic, which requires spatially distributed modelling techniques 

for runoff simulation.  

This chapter aims to understand the effect of ground cover variation on runoff in 

large grazing catchment in dryland. The objective of the study was (1) to integrate 

the spatial variation of ground cover as an input in lumped daily rainfall-runoff 

model, (2) to verifying the pre-existing and modified runoff model for runoff 

estimation from large catchment in Central Queensland. 

6.2 Material and Methods 

Study area 

The Nogoa catchment (23.885°S and 147.75°E), located in the Fitzroy basin, 

Queensland was selected as the study area. The catchment area is 13880 km2. The 
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reasons behind the selection of this catchments are, low rainfall, mostly grazing 

land with variable ground cover, and data availability for a long period of time. The 

mean annual rainfall is 600 mm. the Nogoa catchment has some of the worst soil 

erosion (Skinner et al., 1972) and is considered to be one of the worst eroded 

catchments in the 600-700 mm rainfall belt of tropical Australia (Ciesiolka, 1987). 

The Nogoa catchment is highly susceptible to erosion due to the large area of 

shallow, dispersible, texture contrast soils (duplex soil), irregular and intense 

summer rainfall and grazing of native pastures (Skinner et al., 1972). The location 

map of study area is shown in Fig. 6.2. The study is based on hydrometric data in 

the form of recorded rainfall and runoff. The data for the period from 1987 to 2018 

is used for carrying out this study. The average annual runoff for each year is 34 

mm. and average ground cover level for the entire selected period varies from 45 to 

78%. 

 

 

Figure 6.2 Location map of Nogoa catchment 

 

Climate data 

Daily rainfall (P) and potential evapotranspiration (PET) data at 0.05 degree 

resolution were extracted from the SILO database. The SILO rainfall data was 

produced by spatially interpolating ground-based observations (QDNRM, 

Queensland Department of Natural Resources and Mines, 
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https://silo.longpaddock.qld.gov.au/���� �-�H�I�I�U�H�\�� �H�W�� �D�O������ �������������� �7�K�H�� �0�R�U�W�R�Q�¶�V�� �Z�H�W-

environment areal evapotranspiration data from the same website were applied as 

PET for this study. Both rainfall and PET are available since 1889. The grid-based 

rainfall and PET were averaged for the whole catchment at a daily scale to get time 

series of lumped climate. 

Daily streamflow (m3) was obtained from water monitoring information portal 

(https://water-monitoring.information.qld.gov.au/). The station number of Nogoa 

catchment at Craigmore is 130209A. The streamflow data was available from 

10/02/1972 to 12/12/2019. Daily streamflow was divided by the catchment area to 

obtain the streamflow depth in mm over the catchment, to be consistent with daily 

rainfall and PET (both in mm).   

Ground cover data 

The ground cover was acquired from Department of Environment and Science and 

were available on a three-monthly basis 

(http://data.auscover.org.au/xwiki/bin/view/Product+pages/Landsat+Seasonal+Fra

ctional+Cover). The ground cover data was available from 1987 to 2018. In the 

Fitzroy basin, the land use map from Queensland Land Use Mapping Project 

(QLUMP-http://www.qld.gov.au/environment/land/vegetation/mapping/qlump), 

which was prepared using 2009 Landsat TM (Thematic Mapper) and ETM+ 

(Enhanced Thematic Mapper Plus) imageries at 30m resolution (DSITIA 2012), 

was used to derive grazing-specific land cover products. The original detailed 

QLUMP categories were reclassified into 10 major land uses for water quality 

modelling purposes (Dougall et al. 2014). For the purpose of hydrological model 

such as SimHyd model (Burnash et al., 1973) calibration, the ground cover was 

further aggregated into two categories i.e., Forest and Non-Forest for the Fitzroy 

basin. As the present study was focused on runoff estimation by including ground 

cover for grazing land, the ground cover from only grazing areas were extracted 

using a masking method available in spatial analyst toolbox in ArcGIS. Further, the 

seasonal ground cover was interpolated on daily time step using Python 

programming language. 

 

https://water-monitoring.information.qld.gov.au/
https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
https://protect-au.mimecast.com/s/BYUNC71ZNnhAVWg3RH8KBNK?domain=data.auscover.org.au
http://www.qld.gov.au/environment/land/vegetation/mapping/qlump
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Ground cover dynamics and conceptualisation of the effect of ground cover 

variation on runoff 

To analyse the effect of ground cover on runoff, two conditions were assumed, 

either considering spatial variation with or without considering spatial variation of 

cover. The schematic diagram of four different ways in which the cover varies in 

space is presented in Fig 6. 3. When the spatial variation of cover is not considered, 

cover is uniform in space. Another way is when the ground cover level is low or at 

threshold level and standard deviation is high for example when µ equals to 50% 

�D�Q�G���1���H�T�X�D�O�V���W�R�����������Z�K�L�F�K���F�R�X�O�G���O�H�D�G���W�R���K�L�J�K���D�P�R�X�Q�W���R�I���U�X�Q�R�I�I�����7�K�H�U�H���F�D�Q���D�O�V�R���E�H��

another situation in which the mean cover level could be same but there is low 

�V�W�D�Q�G�D�U�G���G�H�Y�L�D�W�L�R�Q���R�I���F�R�Y�H�U���V�X�F�K���D�V���Z�K�H�Q���—���H�T�X�D�O�V���W�R�����������D�Q�G���1���H�T�X�D�O�V���W�R���������� 

 

Figure 6.3 Schematic diagram of ground cover dynamics in grazing land where µ = 
�$�Y�H�U�D�J�H���J�U�R�X�Q�G���F�R�Y�H�U�����D�Q�G���1��� ��Standard deviation 

As the ground cover decreases, the infiltration capacity in bare areas will be reduced 

and a greater proportion of rain will discharge as runoff or overland flow. 

Conceptually, there are two ways through which ground cover can affect runoff, 

i.e., due to changes in the average cover level and due to changes in the fractional 

area with ground cover less or equal to the threshold (as per literature). If only the 

average cover level is considered, the higher the ground cover, the lower the runoff, 

however, the runoff would be increased when the spatial variability of runoff is 

explicitly recognised.  A conceptual diagram representing the influence of average 

ground cover and the spatial distribution of ground cover on runoff variation for the 

same amount of rainfall, is portrayed in Fig 6.4. Within the same rainfall zone and 

same average ground cover, there can be increase in the runoff because of the 

increase in the proportion of the area with comparatively low groundcover. 
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Figure 6.4 Conceptual diagram representing the influence of average ground cover and the 

spatial distribution of ground cover on runoff variation, Ci is the threshold for ground cover 

level and Cr is the threshold for fractional area of ground cover 

Hydrological modelling for runoff estimation 

The widely used conceptual hydrological model i.e., SimHyd which is in extensive 

use for catchment hydrology all around the world and across Australia particularly 

in Queensland (Chiew et al. 2002b; Vaze et al. 2011, Zang and Chiew, 2009, Yu 

and Zhu, 2015) was chosen for runoff estimation in this study. The SimHyd is a 

conceptual rainfall-runoff model that estimates daily stream flow from daily rainfall 

and areal potential evapotranspiration data. The model has seven parameters, and 

contains three stores for interception loss, soil moisture and groundwater (Fig. 6.5). 

Table 6.1 shows the default and calibrated parameter values for all seven parameters, 

as the impervious fraction was assumed to be zero for Nogoa catchment. 



132 | P a g e 
 

 
Figure 6.5 Model Structure of SIMHYD rainfall-runoff model (Source: 
https://wiki.ewater.org.au/display/SD41/SIMHYD+-+SRG). 

 
 
Table 2.1 Default and calibrated parameter values for the SimHyd model 

Parameter Description Default 

value 

Nogoa 

K 
 
Baseflow coefficient 0.3 0.29 

COEFF (mm·day-1) Infiltration Coefficient 200 300 
SQ Infiltration shape 3 0.67 
SUB Interflow Coefficient 0.1 0.00 
RISC (mm) Rainfall Interception Store Capacity 1.5 2.15 
RRAK Recharge coefficient 0.2 0.27 
SMSC (mm) Soil Moisture Store Capacity 320 259 

 

https://wiki.ewater.org.au/display/SD41/SIMHYD+-+SRG
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A modified SimHyd to incorporate cover variation in hydrological model  

The performance of the model was tested to estimate runoff by incorporating spatial 

variation of ground cover. In original SimHyd model, infiltration are the major 

components which depend on cover variation and these components produce an 

effect in runoff estimation. As the study is particularly based on the dryland with 

grazing as the dominant land use, the influence of cover on interception can be 

negligible. The infiltration characteristics of the area that are lumped in the original 

model structure, are the main factors which depend on the ground cover variation. 

The spatial variability of the infiltration can have a remarkable consequence on the 

modelled runoff of the catchment. The proposed methodology for incorporating the 

ground cover variation in the current infiltration structure of SimHyd model can be 

expressed as follows: 

�,�Q�� �D�� �U�H�F�H�Q�W�� �V�W�X�G�\�� ���7�L�Z�D�U�L�� �H�W�� �D�O���� �������������� ����distribution was used to adequately 

characterise the spatial variation of ground cover in grazing land by using just two 

parameters: the mean and standard deviation. Suppose the mean level (µ) and 

�V�W�D�Q�G�D�U�G���G�H�Y�L�D�W�L�R�Q�����1�����R�I���F�R�Y�H�U��are known, using the beta distribution, the fractional 

area, f(i), where the cover is less than cr, cr is a parameter (upper limit cover 

threshold) and for which we could assume cr = 0.53 (Owens et al. 2003) and i=1, .., 

n with n being the total number of days of simulation, can be expressed as: 

� �̂g
L �:�Á�g�á�P�g�á�…�p�; 

�7�K�H���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”���Fr, for a day can be expressed as: 

��̂:�r 
Q�…
Q�…�p�; 
L 
± 
l
�s

�� �:�=�á�>�;

p�…�‘ �?�5�:�…
F�s�;�’ �?�5

�a�h

�4
���†�… 

�Z�K�H�U�H�����.���D�Q�G�������D�U�H���S�D�U�D�P�H�W�H�U�V���F�D�O�F�X�O�D�W�H�G���X�V�L�Q�J���W�K�H��µ and �1�����.���!�������D�Q�G�������!���������D�Q�G���F��

is the ground cover.  

To assess the changes in runoff due to ground cover change, two different ways 

were considered: (1) Without considering spatial distribution of ground cover, 

parameters values were calibrated using rainfall (P) and Potential 

evapotranspiration (PET), and applied to estimate the flow for the period for which 

the data were available, and the difference between observed and estimated runoff 

would indicate the effect of ground cover change; and (2) With inclusion of spatial 
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variation of ground cover, using P, PET and �—���D�Q�G���1���R�I���J�U�R�X�Q�G���F�R�Y�H�U as input data, 

streamflow for the given period was estimated using parameter set calibrated based 

on no cover change, and the difference of the observed and estimated streamflow 

was used to indicate the effect of cover variation on runoff.  

An attempt was made to calculate soil moisture capacity for each day based on the 

fi. It was assumed that there was either a linear or power relationship between the 

ground cover and soil moisture capacity. The hypothesized equation for calculation 

of the soil moisture capacity for each day can be expressed as: 

 

���:�‹�; 
L ���‘ 
l
� �̂:�‹�;
�ˆ�‘


p
�®

 

or, as an alternative, 

���:�‹�; 
L ���‘ 
m�s
F�� �F�s
F
��̂:�‹�;

�ˆ�‘
�G
q 

 

where, So is the calibrated soil moisture capacity, ��  is a new parameter and fo is 

the long-term average fractional area with c>cr for the catchment. It is to note that 

in both cases, S(i) = So when f(i) = fo. 

Graphically the relationship is shown in Fig. 6.6, assuming a value of 0.5 for �� .  

This proposed revision/modification introduce two new parameters, Co, and ��  . 

Figure 4 illustrates how soil moisture would vary due to variations in the fractional 

area with ground cover �” 0.53. 
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Figure 15.6 A graph constructed using hypothetical data based on hypothesized 
�U�H�O�D�W�L�R�Q�V�K�L�S���E�H�W�Z�H�H�Q���V�R�L�O���P�R�L�V�W�X�U�H���V�W�R�U�H���D�Q�G���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���F�R�Y�H�U���”�������� 

Model performance indicator  

Coefficient of Determination (R2) (Steel and Torrie 1960), and Nash-Sutcliff 

coefficient of efficiency (NSE; Nash and Sutcliffe, 1970) was calculated as:  

�� �6 
L �J
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where O�E, Pi, ��
%, O�E�D indicate the observed, predicted, mean of predicted runoff and 

mean of observed runoff. Value of R2 range from 0 to 1 and NSE ranges from - �’��

to 1 with R2 and NSE of 1 to indicate perfect agreement between observed and 

predicted runoff. 

Alternative approach using SCS-based Curve Number (CN) method 

Alternatively, to understand the runoff response of the catchment due to the change 

in the rainfall and average ground cover, the SCS-Curve number (CN) method was 

applied using observed rainfall and runoff data. Thirty storm events between the 
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1990 and 2017 were selected to the observe the relationship between cover, rainfall 

and CN using SCS -CN method. The CN method was developed by the USDA-

SCS during the mid-1950s from experimental plots and small watersheds for 

numerous soils and vegetative cover conditions in the USA (SCS-USDA, 1972). 

The equation is used: 

                                          �� 
L
�:�T�?�M�_�;�.

�:�T�?�M�_�>�W�;
   �I�R�U���3���!�����6������������������������������������������������������������������������������������������������������������������������ 

where, Q = Direct runoff (mm), P = rainfall (mm), S = the maximum retention of 

rainfall in a watershed, Ia = the initial abstraction commonly given as 0.2��. 

The direct runoff was calculated by separating the baseflow from the total runoff. 

Hydrograph analysis 

To calculate the direct runoff, a hydrograph-based method was applied to separate 

baseflow from total streamflow. Baseflow separation was undertaken as follows: 

Determining recession constant 

For the Nogoa catchment, all the daily flows that meet the criterion of Qi-3>Qi-2>Qi-

1>Qi>Qi+1>Qi+2 on at least 5 consecutive days were lumped together to estimate the 

�U�H�F�H�V�V�L�R�Q���F�R�Q�V�W�D�Q�W���.���D�V���W�K�H���X�S�S�H�U���E�R�X�Q�G���R�I���W�K�H���V�F�D�W�W�H�U���S�O�R�W���R�I���4i vs. Qi-1 (Eckhardt, 

2008). A baseflow recession constant is sued to characterize the behaviours of low 

flows. 

Baseflow separation  

The equation for baseflow separation proposed by Eckhardt (2005) was used to 

separate baseflow from observed streamflow: 

�„�g
L
�:�s
F ���	���k�_�v���; 
I���=
I�„�g�?�5 
E�:�s
F �=���; 
I�����	���k�_�v
I�� �g

�s
F �=
I���	���k�_�v
�â���������„�g
O�� �g 

where bi and bi-1 are the baseflow for time interval i and i-1; Qi is the total flow for 

�W�L�P�H�� �L�Q�W�H�U�Y�D�O�� �L���� �.�� �L�V�� �W�K�H�� �U�H�F�H�V�V�L�R�Q�� �F�R�Q�V�W�D�Q�W�� �D�Q�G�� �%�)�,max is the computed baseflow 

index (BFI).  

and BFImax can be calculated using C as: 

���	���k�_�v 
L��
��

�s
E�� 
F �=
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C is a parameter determined by trial and error in fitting the flows assumed to consist 

entirely of baseflow, i.e. flows for N days after the peak flow where N was estimated 

as 0.8A0.2, and A the catchment area (Linsley et al., 1958). The recession constant 

���.�����D�Q�G���%�)�,max for the Nogoa catchment was found to be 0.5 and 0.4 respectively. 

The study involved the determination of P-CN and CN-Cover relationship using 

CN method. The analysis was based on the pairs of observed rainfall�±direct runoff 

(P�±Q) events. From the entire period, thirty events were selected for which there 

was sufficient runoff occurrence. In the next step, the observed values of the CN 

parameter (CNobs) for individual P�±Q events were calculated. For this purpose, for 

each P�±Q pair, the volume of Si retention was determined using the 

formula:( Hawkins, 1993) 

���g
L �w�>���g
E�t�� �g
F �:�v�� �g
�6 
E�w���g�� �g�;�4�ä�9�? 

The observed values of the CN parameter were determined from the formula: 

���� �g
L��
�t�w�v�r�r

�:�t�w�v
E���g�;
 

where: 

Si�² maximum potential retention for each event (mm), 

Pi�² rainfall for each event (mm), 

Qi�² direct runoff in each event (mm). 

Multiple Log Linear Regression analysis (MLLR) 

The Multiple Linear Regression approach is a standard multiple linear regression 

without transformation of predictors and dependant variable. The MLLR approach 

differs from MLR by first logarithmically transforming the predictors and 

dependant variable and then applying multiple linear regression (Zhang et al., 2018). 

Logarithmically transforming variables in a regression model is a very common 

way to handle situations where a non-linear relationship exists between the 

independent and dependent variables (Benoit, 2011). 

To analyse the effect of rainfall (P) and average ground cover (c) on Curve Number 

(CN), the MLLR analyses was carried out to test 1) whether coefficient of ground 
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cover is significantly different from zero, 2) whether the value of coefficient of 

ground cover is negative. 

The MLLR estimates dependent variable Y as the following power law function 

(Shu and Ouarda, 2012). 

�; 
L �=�4�: �5
�Õ�-�: �6

�Õ�. �: �7
�Õ�/�å�å�ä�: �Ç

�Õ�¿ 

where b0���� �«���� �EN are the power coefficients for the MLLR. This function is then 

transformed into a multiple linear regression by the log transformation 

���•�; 
L ���•�>�4 
E��
Í �>�Ü�Ž�•�: �Ü

�Ç

�Ü�@�5

 

Where, Xi > 0 and Y > 0 

6.3 Preliminary  results 

Runoff estimation using current SimHyd model 

Using the parameters calibrated for SimHyd model (Table 6.1), the runoff was 

estimated, and R2 and NSE values for the daily runoff estimates was found to be 

0.71 and 0.68 (Fig. 6.7 a). As compared on a daily basis, the model performed well 

for predicting monthly runoff with R2 and NSE equals to 0.93 and 0.87 respectively 

(Fig. 6.7 b).  

  

 

Figure 16.7 Relationship between observed and estimated runoff at daily and monthly basis 

using the current SimHyd model 

(a) (b) 
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To determine the cover effect on runoff, the residual, or the difference between 

daily estimated and observed runoff is related to the average ground cover (Fig. 6.8) 

and it was found that the estimated runoff is too low for the high level of ground 

cover. For the low cover level �” 0.53, no or very less difference was observed 

between observed and estimated (or modelled) runoff. The large difference between 

observed and estimated runoff could be attributed to the amount of rainfall in those 

days when the ground cover level was high. 

 
Figure 17.8 Relationship between average ground cover and difference between observed 

and estimated runoff (mm) 

 

Runoff estimation using modified SimHyd model 

The results of the correlation between the observed and predicted runoff shows that 

the linear relationship between the soil moisture store and fractional area with 

ground �” 0.53 gives better runoff estimates as compared to the power relationship 
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for different values of �� . It was observed that as the value of ��  decreases the 

predicted runoff amount increases. However, the increase in predicted runoff occurs 

only till ��  value equals to 0.01, after that there was no influence of the change in 

the ��  value on predicted runoff. The relationship between the observed and 

estimated runoff using the linear and power relation between soil moisture store and 

�I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���”�������������I�R�U���G�L�I�I�H�U�H�Q�W���Y�D�O�X�H�V���R�I����  is shown in Fig. 6.9 and 

10. The performance of the model evaluated using the R2 and NSE model indicators 

shows that at ��  value equals to 0.01, the observed runoff correlated well with the 

predicted runoff with R2 equals to 0.71 and NSE 0.68 for both the linear and power 

assumed relationships (Table 6.2 and 6.3). 

 

Figure 18.9 Relationship between observed and estimated runoff using the linear 
relationship between soil moisture store and fractional area with ground �” 0.53 for different 
values of ��  

Table 6.2 Results for runoff prediction for different ��  values using the linear 
�U�H�O�D�W�L�R�Q���E�H�W�Z�H�H�Q���V�R�L�O���P�R�L�V�W�X�U�H���D�Q�G���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���”���������� 

��  value NSE R2 
0.50 0.39 0.59 
0.10 0.64 0.71 
0.05 0.66 0.71 
0.01 0.68 0.71 
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Figure 6.10 Relationship between observed and estimated runoff using the power relation 
�E�H�W�Z�H�H�Q���V�R�L�O���P�R�L�V�W�X�U�H���V�W�R�U�H���D�Q�G���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���J�U�R�X�Q�G���”�������������I�R�U���G�L�I�I�H�U�H�Q�W���Y�D�O�X�H�V���R�I��
�� . 

Table 6.3 Calibration result for runoff prediction for different ��  values using the 
power relation between soil moisture and fractional area with ground �” 0.53 

��  value NSE R2 
0.50 0.28 0.47 
0.10 0.5 0.62 
0.05 0.62 0.70 
0.01 0.68 0.71 

 

Notably, the testing of hypothetical method for runoff estimation from Nogoa 

�F�D�W�F�K�P�H�Q�W���G�L�G�Q�¶�W��provide any significant result. 

Alternative method: SCS-Curve Number 

It was observed that there was an exponential decrease in the CN with respect to an 

increase in rainfall and the coefficient of determination (R2) was found to be 0.54 
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(Fig. 6.4). As per the statistical results, the effect of rainfall more pronounced in the 

catchment than the ground cover. 

 

 

Figure 19.11 Relationship between rainfall and CN and Cover and CN for Nogoa 
catchment prepared using 30 storm events P-Q pairs 

The exponents for rainfall and ground cover are shown in Table 6.4. Use of an 

alternative approach, i.e., SCS Curve Number (CN) method for individual storm 

events shows that when the combined effect of rainfall and ground cover on CN is 

considered, the groundcover affects CN negatively, i.e., the lower the cover, the 

larger the value of CN, hence the higher the storm runoff amount for the same 

amount of rainfall. Multiple log-linear regression analysis shows that the exponent 

for ground cover is significantly different from zero compared to rainfall. It implies 

that for every 1% increase in ground cover, the CN increases by about 0.60 and for 

every 1% increase in rainfall, the CN decreases by about 0.38. This shows a 

significant effect of ground cover on CN, which will affect the runoff from the 

catchment. 

Table 3.4 Results of MLLR analysis using rainfall (P) and ground cover (C) as 

independent variables and CN as dependent variable 

 
Exponents Standard 

Error 
t Stat P-value 

Intercept 2.53 0.18 31.69 <0.001 
Log10P -0.37 0.03 -9.99 <0.001 
Log10C 0.61 0.14 4.31 <0.001 
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6.4 Reflections and concluding remarks 

In this study, an attempt was made to modify and test the current SimHyd model 

performance by incorporating spatial distribution of ground cover as an input in the 

model. Results show that the modified SimHyd is unable to provide improved 

estimation of runoff for the Nogoa catchment.  Previous studies conducted at small 

hillslope catchment, i.e, Springvale located within Nogoa catchment reported that 

the runoff increases with the decrease in ground cover under similar rainfall 

conditions (Owens et al., 2003; Silburn et al., 2011a). In this study, the modified 

�6�L�P�+�\�G���P�R�G�H�O���G�L�G�Q�¶�W���S�H�U�I�R�U�P�H�G���Z�H�O�O���L�Q���S�U�R�Y�L�G�L�Q�J improved estimates of runoff. 

The inclusion of new framework in current SimHyd model has deteriorated the 

model performance. This suggest for re-formulation of this equation or testing of 

the model in any other catchment where there is low rainfall and low level of cover 

for most of the days. Then, the reformulated equations may increase the efficiency 

of current daily rainfall-runoff model due to the inclusion of spatial distribution of 

ground cover along with rainfall and potential evapotranspiration and the runoff 

simulation can be improved. 

Due to inadequate performance of modified SimHyd model, an SCS-based CN 

method was applied to test whether there is any relationship could be observed 

between ground cover and CN. The result of individual effect of rainfall and ground 

cover variables shows that the effect of rainfall is more pronounced on runoff as 

compared to ground cover. However, the multiple regression analysis results shows 

that when the combined effect of rainfall and ground cover on CN is considered, 

the groundcover negatively affects the value of CN which ultimately leads to 

increase in runoff. Therefore, it can be concluded that though the modified SimHyd 

model could�Q�¶�W���S�U�R�Y�L�G�H���W�K�H���L�P�S�U�R�Y�H�G���H�V�W�L�P�D�W�L�R�Q���R�I���U�X�Q�R�I�I�����K�R�Z�H�Y�H�U�����W�K�H���D�O�W�H�U�Q�D�W�L�Y�H��

approach i.e., CN method shows that ground cover is significantly affecting the 

runoff from the catchment which cannot be ignored while estimating runoff from 

Nogoa catchment. Hence, further modification is required in the modified SimHyd 

framework to test its applicability in other grazing catchment of different sizes in 

Central Queensland. 
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Chapter 7. Summary and Conclusions 

 

7.1 Summary  

Accelerated land clearing, intensive livestock grazing, and poor land management 

practices have increased spatio-temporal variability of ground cover affecting 

runoff generation and hillslope sediment delivery. This PhD study aimed to assess 

the effect of ground cover variation on runoff and hillslope sediment delivery in 

grazed catchments (Burnett-Mary, Fitzroy and Burdekin basin sub-catchments) in 

the GBR region. The key findings from this study are expected to help improve the 

prediction of surface runoff and sediment yield under variable ground cover in 

grazed catchments and lays out comparative performance evaluation of the soil loss 

and sediment yield models for selecting better models for hillslope sediment yield 

prediction models. Specifically, this study includes three objectives; the key 

findings associated with each research objective are summarised as follows: 

Objective 1: To characterise the spatial distribution of ground cover in a 

parameter- efficient manner in grazing land 

�,�Q���R�E�M�H�F�W�L�Y�H������ �W�K�H���V�S�D�W�L�D�O���G�L�V�W�U�L�E�X�W�L�R�Q���R�I���J�U�R�X�Q�G�� �F�R�Y�H�U���X�V�L�Q�J������ �S�U�R�E�D�E�L�O�L�W�\��

distribution for runoff prediction in the Burnett-Mary region of Queensland 

is characterised. Three methods were used to test the appropriateness of the 

���� �G�L�V�W�U�L�E�X�W�L�R�Q�� �I�R�U�� �F�K�D�U�D�F�W�H�U�L�V�L�Q�J�� �W�K�H�� �J�U�R�X�Q�G�� �F�R�Y�H�U�� �Y�D�U�L�D�W�L�R�Q�� �L�Q�� �V�S�D�F�H���� ��i) 

visual goodness-of-fit assessment and Kolmogorov�±Smirnov (K-S) test; (ii ) 

the �I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�����������D�Q�G����iii ) estimated runoff amount for a 

�J�L�Y�H�Q���U�D�L�Q�I�D�O�O���D�P�R�X�Q�W���I�R�U���W�K�H���D�U�H�D���Z�L�W�K���F�R�Y�H�U���”�����������7�K�H�������G�L�V�W�U�L�E�X�W�L�R�Q���I�L�W�V��

well to the observed cover distribution for the medium cover range (38�±

66%), whereas the observed and fitted cover distributions show greater 

deviation for extreme cover values. The K-S test on 3000 samples of 

�J�U�R�X�Q�G�F�R�Y�H�U���V�K�R�Z�H�G���W�K�D�W���W�K�H���K�\�S�R�W�K�H�V�L�V���R�I�������G�L�V�W�U�L�E�X�W�L�R�Q���I�R�U���J�U�R�X�Q�G�F�R�Y�H�U��

can not be rejected at p-value of 0.05 for 97.5% of the cases. A comparison 

of t�K�H���R�E�V�H�U�Y�H�G���D�Q�G�������G�L�V�W�U�L�E�X�W�L�R�Q�V���L�Q���W�H�U�P�V���R�I���W�K�H���I�U�D�F�W�L�R�Q�D�O���D�U�H�D���Z�L�W�K���F�R�Y�H�U��

�”53% showed that the discrepancy was �”8% for the 30 layers considered. 

A comparison in terms of the estimated runoff showed that the observed 

�F�R�Y�H�U���G�L�V�W�U�L�E�X�W�L�R�Q���D�Q�G���W�K�H������distribution were highly correlated (R2 ranging 
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0.91�±0.98; NSE ranging 0.88�±0.99). The mean absolute error of estimated 

runoff ranged from 0.98 to 8.10 mm and the error relative to the mean was 

4�±16%. The results indicated that the two-�S�D�U�D�P�H�W�H�U�������G�L�V�W�U�L�E�Xtion can be 

adequately used to characterise the spatial variation of cover and to evaluate 

the effect of cover on runoff for these predominantly grazing catchments. 

 

Objective 2: To compare and evaluate the RUSLE and Modified USLE 

for sediment yield prediction 

In objective 2 the performance of the RUSLE and MUSLE models in 

predicting event based and annual sediment yield from GBR catchments of 

Central Queensland is evaluated. This study examined the changes in 

sediment yield due to conversion of brigalow forest to cropping and grazing 

at the small sub-catchment scale of Brigalow Catchment Study (BCS) and 

assessed the influence of event rainfall-runoff erosivity (EI30), runoff, peak 

runoff rate, and crop management factor on the increase in sediment yield. 

The study also evaluated the performance of the RUSLE/MUSLE models 

for annual sediment yield predictions from grazed catchment of Brigalow 

(12.7 ha), Springvale (9.6 ha) and Weany creek (11.9 ha) catchments. The 

sediment yield was 44% higher from cropping and 4% higher from grazing 

than that from the forested catchment (BCS). The paired catchment results 

of BCS showed that the sediment yield was 37% higher for cropping and 2% 

higher for grazing than that from the forested catchment. The observed 

sediment yield is more sensitive to the runoff (Q) with R2 > 0.78 and the 

peak runoff rate (Qp) with R2 > 0.71 in all the three land uses (Forested, 

Cropped and Grazed catchments).  Similarly, Q with R2 > 0.68 and Qp with 

R2 > 0.70 are the two most important variables that are highly responsible 

for the increase in annual sediment yield in Brigalow grazed and Weany 

creek catchments. For Springvale catchment, rainfall-runoff erosivity (EI30) 

with R2 equals to 0.90 followed by Q and Qp with R2 > 0.75 correlated well 

with observed annual sediment yield. The high coefficient of determination 

(R2 > 0.60) for BCS treatments, R2 equals to 0.69 and 0.94 for Brigalow and 

Weany creek catchment provides support for using the MUSLE1 model, 

which includes Q and Qp, for event and annual sediment yield predictions. 
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Likewise, the MUSLE2 model (combination of EI30 and Q and Qp) with R2 

equals to 0.79 performed better in predicting annual sediment yield from 

Springvale catchment. The Australian Soil Resource Information System 

(ASRIS) based K-factor was found to be 0.055 for Springvale catchment 

and the estimated K-factor was 0.088 which is 1.57 times higher than the 

ASRIS K-factor. Similarly, for Brigalow grazing catchment, the ASRIS K-

factor was 0.046 and the estimated the K-factor was found to be 0.057 which 

is 1.23 times higher than ASRIS K-factor value. In contrast, for the Weany 

creek catchment, the ASRIS based K-factor was about 0.043 and the 

estimated K- factor is 0.049 which is 1.13 times higher than the ASRIS K-

factor. However, the modification in the soil erodibility factors is required 

for wider application for the MUSLE models. This study provides the 

evidence for using MUSLE models with some modification for predicting 

sediment yield from grazed catchments in Central Queensland. 

 

Objective 3: To integrate the ground cover variation with rainfall-runoff 

model for predicting runoff at catchment scale. 

In objective 3 the current SimHyd model is modified by incorporating 

spatial distribution of ground cover as an input in the model for improved 

runoff prediction from Nogoa catchment (area = 13,880 km2), Central 

Queensland. The alternative runoff estimation approach, i.e., SCS-CN 

methods was used to test the relationship of ground cover and rainfall with 

curve number by selecting 30 pairs of rainfall (P)-runoff (Q) events. The 

modified SimHyd model is inadequate to improve the runoff prediction. 

When separately considered, the relationship between rainfall and CN is 

more pronounced for the large Nogoa catchment as compared to ground 

cover and CN. Use of an alternative approach, i.e., SCS Curve Number (CN) 

method for individual storm events shows that when the combined effect of 

rainfall and ground cover on CN is considered, the groundcover affects CN 

negatively, i.e., the lower the cover, the larger the value of CN, hence the 

higher the storm runoff amount for the same amount of rainfall. Multiple 

log-linear regression analysis shows that the exponent for ground cover is 

significantly different from zero compared to rainfall. Further investigation 

is needed to improve the model framework for improving the runoff 
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estimation by including spatial variation of ground cover in other catchment 

of different sizes in Central Queensland. This work is in progress. 

7.2 Major contributions of the study 

This PhD study has made contribution to understanding and assessing the effect of 

ground cover variation on runoff and hillslope sediment delivery from grazed 

catchments (Burnett-Mary, Fitzroy and Burdekin basin sub-catchments) in the GBR 

catchments for improved runoff and sediment yield prediction for sustainable 

management of grazing land. The major contributions of this study are as follows. 

Firstly, this study proposed a simple parameter efficient method to characterise 

the spatial distribution of ground cover in grazing land and to simulate its effect 

on runoff at the sub-catchment scale in the Burnett-Mary region. This method 

uses only two parameters i.e., the mean and standard deviation of groundcover, 

instead of using all of the cell-by-cell cover data at the sub-catchment scale. 

Therefore, it is simple and labour-saving and a cost-effective approach to assess 

spatial variability of ground cover. This approach can be used to address the 

effect of cover variation on runoff in the current generation of lumped 

conceptual hydrological models for grazing land. 

Secondly, this study evaluated the effect of land clearing for cropping and 

grazing on sediment yield in 3 sub-catchments of the Brigalow bioregion and 

recognised the factors or processes responsible for the increase in the sediment 

yield in catchments of Fitzroy and Burdekin basin. Moreover, the study 

examined the capability of sediment yield models, i.e., RUSLE, MUSLE1 

(Williams 1975), and MUSLE2 (Onstad and Foster 1975), for estimating 

sediment yield from grazing lands. This study provides strong evidence for 

including Q and Qp in the rainfall-runoff erosivity factor in predicting sediment 

yield from other grazed catchments. The study also suggested the improved soil 

erodibility factor values for selected study areas and recommends the 

modification of the K-factor for wider application of the MUSLE model. This 

eliminates the need of sediment delivery ratio when calculating the hillslope 

soil loss or sediment yield from the GBR catchments. This approach can be 

extended to other catchments.  
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Finally, the study analysed the influence of the spatial dynamics of cover on 

runoff using a conceptual framework by integrating the cover variation in 

lumped rainfall-runoff model in large grazing catchments. The preliminary 

findings of this study reveal that the modified SimHyd model is inappropriate 

to use in the Nogoa sub-basin to identify any improvement in runoff prediction 

due to cover variation. Use of an alternative approach, i.e., SCS Curve Number 

(CN) method for individual storm events shows that when the combined effect 

of rainfall and ground cover on CN is considered, the groundcover affect CN 

negatively, i.e., the lower the cover, the larger the value of CN, hence the higher 

the storm runoff amount for the same amount of rainfall. This work contributes 

to the improvement in the current hydrological modelling framework by 

including spatial variability of ground cover and rainfall and potential 

evapotranspiration in those dry catchments where cover �” 53% on most days. 

This framework work would allow better runoff estimation from different areas 

with spatially variable ground cover area under similar rainfall conditions. The 

proposed method can be tested and verified in different grazing catchments. 

7.3 Limitations  

7.3.1 Data 

There was a lack of long-term runoff, peak runoff rate and sediment yield data 

for many of the sub-catchments selected for analysis in this PhD study. This 

limitation did not allow more detailed assessment and analyzation of long-term 

impact of runoff variation on sediment yield. The runoff estimation in the first 

objective was carried out using assumed rainfall amounts and therefore, the 

�D�S�S�O�L�F�D�W�L�R�Q�� �R�I�� ��- distribution for runoff prediction under the original field 

condition may yield different results. Additionally, we used the remote sensing 

ground cover data, which is currently being used in eWater Source Catchment 

Framework, however, due to lack of field measured cover data, and this might 

affect the runoff simulations. As in the comparative analysis of different cover 

treatments in Brigalow Catchments there were only limited number of common 

events available for comparison. 
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7.3.2 Methodology 

The methods used in this study only focused on understanding the effect of 

ground cover variation on runoff and sediment yield. This study concentrated 

on grazing catchments because the cover varies the most in grazing areas and 

hence need to consider the cover variation in space and time in other cover 

treatments. Additionally, the methodology did not consider the impervious area 

as the selected study areas were mostly pervious in nature. 

7.4 Future research 

The study emphasized the integration of spatial variability of ground cover and 

runoff factors in sediment yield models for hillslope sediment yield prediction 

from the GBR catchments. Further research can help to modify, test, and verify 

lumped hydrological models by including spatial and temporal variation of 

ground cover to improve accuracy of runoff simulations in dry grazing 

catchments where cover is very low. Additionally, the methods adopted in this 

study should be tested in other catchments in Queensland and Australia to 

improve the understanding about effect of ground cover on runoff and sediment 

processes in different grazing and land conditions. 

The evidence to support inclusion of runoff and peak runoff factors for 

improved sediment yield estimation within the USLE framework can help to 

understand the influence of climate and land use drivers to minimize sediment 

discharge from the GBR catchments. The hydrological and sediment 

component of the current eWater source modelling framework of the 

Queensland government can be improved by adopting the MUSLE1 model for 

hillslope sediment prediction from GBR catchments. 
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Abstract. Considering the degree of spatial and temporal variation of groundcover in grazing land, it is desirable to use a
simple and robust model to represent the spatial variation in cover in order to quantify its effect on runoff and soil loss. The
purpose of the study was to test whether a two-parameter beta (b) distribution could be used to characterise cover variation
in space at the sub-catchment scale. Twenty sub-catchments (area range 35.8–231 km2) in the Burnett–Mary region,
Queensland, were randomly selected. Thirty raster layers of groundcover at 30-m resolution were prepared for these 20
sub-catchments with the average cover for the 30 layers ranging from 24% to 91%. Three methods were used to test the
appropriateness of theb distribution for characterising the cover variation in space: (i) visual goodness-of-fit assessment
and Kolmogorov–Smirnov (K-S) test; (ii ) the fractional area with cover#53%; and (iii ) estimated runoff amount for a
given rainfall amount for the area with cover#53%. The K-S test on 30� 100 samples of groundcover showed that the
hypothesis ofb distribution for groundcover could not be rejected atP ¼ 0.05 for 97.5% of the cases. A comparison of
the observed andb distributions in terms of the fractional area with cover#53% showed that the discrepancy was#8% for
the 30 layers considered. A comparison in terms of the estimated runoff showed that results using the observed cover
distribution and theb distribution were highly correlated (R2 range 0.91–0.98; Nash–Sutcliffe efficiency measure range
0.88–0.99). The mean absolute error of estimated runoff ranged from 0.98 to 8.10 mm and the error relative to the mean
was 4–16%. The results indicated that the two-parameterb distribution can be adequately used to characterise the spatial
variation of cover and to evaluate the effect of cover on runoff for these predominantly grazing catchments.

Additional keywords: beta distribution, empirical distribution, ground cover.
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Introduction

The level of groundcover in rangelands is an important factor
having a profound influence on surface hydrological processes; in
general, the higher the groundcover the lower the runoff, other
factors being equal (Greeneet al. 1994; Scanlanet al. 1996;
Owenset al.2003; Wei et al.2007; Vásquez-Méndezet al.2010;
Silburn et al. 2011; Zhang et al. 2014). Groundcover varies
enormously in space and time, and quantification of its variability
requires an accurate estimation of cover distribution such as
frequency of plant occurrence, plant density and biomass per unit
area (Chenet al. 2006, 2008a, 2008b; Damgaard and Irvine
2019). Being a spatially distributed random variable, vegetation
cover is bounded within a set interval from 0 to 1. The uncer-
tainties associated with vegetation cover need to be properly
quantified, especially in arid and semi-arid rangeland such as

Central Queensland, Australia, where extensive livestock grazing
is the dominant (, 80%) land use (Bartleyet al.2006,2014; Great
Barrier Reef Marine Park Authority2012). Higher pressure on
grazing lands has increased the irregular spatial distribution of
vegetation cover, making the grazing land highly susceptible to
degradation (Bartleyet al.2006). Considering the significance of
spatial variation of vegetation cover to runoff and soil loss, the
characterisation of cover requires a well-suited parameter-effi-
cient method such as the beta (b) distribution for proper
description of its distribution in time and space.

It is a common practice to quantify cover abundance by
measuring cover for multiple spatial units (pixels) along multi-
ple lines and/or multiple plots within a large area (Damgaard and
Irvine 2019). In this context, cover distribution is required in
order to estimate plant abundance. Cover distribution provides a
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parametrised mathematical function that can be used to calculate
the probability for an individual cover observation from a
sample space and also allows estimation of the likelihood of
having a cover observation equal to or less than a given value.
Several field methods such as sampling strategy, line intercept,
transect method, quadrat method and statistical analysis have
been applied around the world at small scales in arid and semi-
arid regions for the estimation of groundcover variability (Zhou
et al.1998; Seefeldt and Booth2006; Damgaard2009; Ko et al.
2017). These techniques were also tested for Australian range-
land for an area of 10 000 m2 with an assumption that the
groundcover type is homogeneous throughout the area (Zhou
et al. 1998). In that study, the cover was estimated using the
quadrat method by dividing the site into four sub-quadrats,
which were further divided into 40 sample quadrats, and the
transect method was applied to sub-quadrats at 10-cm intervals.
Zhouet al.(1998)reported that these techniques provide reliable
results at a small scale but are not sufficiently effective in
describing the groundcover for a large rangeland area. Owing
to the heterogeneity in groundcover at a large scale, it is difficult
to describe and characterise the groundcover within a catchment
and how cover changes in space and time for large catchments
(Fuhlendorfet al. 2017). Groundcover mapping, using remote-
sensing techniques, can be used to describe the spatio-temporal
variation in groundcover for large areas, and this cover variation
is represented with discrete values. In reality, groundcover is
continuous in nature, and as such, the remote-sensing method
used for groundcover mapping can sometimes be misleading in
cases where outliers occur (Tindallet al. 2012). Generally, the
most common statistical method (i.e. normal distribution) is
used to analyse the probability of occurrence of plants within an
area (Elzinga and Salzer1998; Damgaard and Irvine2019).
However, this method takes a specific shape of distribution
(bell-shaped) and is not bounded by a set interval of 0–1. In the
case of analysing the spatial distribution of vegetation cover
within an interval of 0–1, the use of normal or any other
distribution exceptb distribution can be troublesome. More-
over, the assumptions of linearity, no outliers, constant variance
and residuals that are consistent with bell-shaped normal distri-
bution are often violated for groundcover data (Damgaard and
Irvine 2019).

Among various distribution types,b distribution is a simple
and logical choice that requires only two parameters (i.e. the
mean and variance) to characterise the probability distribution
of groundcover in space for a given time period within the range
0–1. It is flexible in nature and can take a wide range of shapes
such as L, U, J, or bell-shape to characterise the data within the
open interval of 0–1. In the field of rangeland ecology,b
distribution was used to describe the level of groundcover at
the small scale within quadrats (10–50 cm) at intervals of
1–25 cm. (Shiyomiet al. 2000; Shiyomi 2003; Chen et al.
2006, 2008a; Damgaard2013, 2014; Irvine et al.2016; Wright
et al.2017). Chenet al.(2006, 2008a, 2008b) usedb distribution
to calculate the frequency distribution of grassland and to define
spatial heterogeneity within plant communities and found that
data obtained for plant species in a grassland by using the simple
method (i.e.b distribution) agreed well with those obtained by
counting all grid points covered by the plant species. Recently, a
study by Damgaard (2019)and Damgaard and Irvine (2019)also

illustrated the ecological significance of spatial aggregation of
cover by analysing the cover data usingb distribution, sampling
cover ofErica tetralix andCalluna vulgarisshrubs from a wet
and dry heathland site via the pin-point method with a square
frame (50 cm by 50 cm) of 16 grid points equally spaced at
10 cm. These studies have shown thatb distribution fits quite
well for the observed cover data. However,b distribution has not
yet been tested for application to grazing land, especially in the
context of evaluating the effect of cover variation on runoff at
the large scale in the Burnett–Mary region, Queensland, or
anywhere else in Australia.

Numerous studies have recognised the effect of change in
groundcover on runoff response at the plot (McIvoret al.1995;
Scanlanet al.1996; Owenset al.2003) and the catchment scale
(Prebble and Stirk1988; Siriwardenaet al.2006; Thorntonet al.
2007; Peña-Arancibiaet al. 2012). Vegetation cover, litter and
roots play an important role in intercepting rainfall, increasing
infiltration and improving aggregate stability, thereby reducing
runoff generation and soil loss (Busby and Gifford1981; Bosch
and Hewlett1982; Mwendera and Saleem1997; Sanjariet al.
2009; Zuazo and Pleguezuelo2009; Thompsonet al. 2010;
Podwojewskiet al.2011; Linternet al.2018; Eshghizadehet al.
2018). Scanlanet al. (1996)reported that lower groundcover,
particularly below 30%, led to high runoff and sediment loss
from a 4-ha plot in the Burdekin region, Queensland. Loch
(2000)quantified the role of vegetation cover of 0%, 23%, 37%,
47% and 100% in reducing runoff from a plot 1.5 m wide and
12 m long. Owenset al.(2003)analysed rainfall and runoff data
for the Springvale catchment, near Emerald, Queensland, with
an area of 9.6 ha, and found that runoff predictions would be
improved for areas with cover less than or equal to a threshold of
53% by considering changes in cover over time. Bartleyet al.
(2006) observed that a hillslope of an area of 13 km2 with a
relatively high average cover but with small patches of bare
vegetation had 6–9 times more runoff and up to 60 times more
sediment loss than hillslopes that did not contain any bare
patches. Although many studies have explored the impact of
vegetation cover on change in runoff in Central Queensland,
current understanding is mostly limited to runoff plots or small
sub-catchments (, 9 ha� 13 km2) with essentially uniform
cover. In reality, at the sub-catchment scale, cover varies
noticeably in both space and time (Bartleyet al. 2014; Fraser
and Stone2016). Costaet al. (2003) evaluated the effect of
large-scale change in land cover for two periods, the first with
little change in vegetation and the second with greater change in
land cover, on runoff from a catchment of area 175 360 km2 in
South-eastern Amazonia and found that although rainfall
remained similar, annual mean discharge in the second period
with land-cover change was 24% greater than that for the first
period. In relation to rangeland hydrology, Bartleyet al. (2014)
analysed the effect of groundcover on reducing runoff from
Weany Creek catchment (, 14 km2), covered mostly with
grasses. Groundcover was estimated by using Quickbird satellite
imagery at 1.2-m resolution for the entire catchment except for
areas with cover below 10%; hill-slope groundcover was mea-
sured across each hill-slope on a 8 m by 4 m fixed grid; and
pasture metrics were recorded with a 1-m2 quadrat based on
method of Tothill et al. (1992). Jarihaniet al. (2017) also
conducted a rainfall–runoff study at multi spatial-temporal
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scales in the Upper Burdekin catchment in North Queensland
and concluded that for moderate to large catchments
(196–36 260 km2), groundcover and antecedent soil moisture
condition can have considerable impact on the runoff-generation
process. However, an effective method to characterise the
continuous spatial and temporal variation of vegetation cover
at large scale is not yet available in the context of quantifying the
effect of cover variation on runoff generation.

The aim of this study was to characterise the spatial distribu-
tion of groundcover at the sub-catchment scale in a parameter-
efficient manner. Specific objectives were to test whether a
two-parameterb distribution could be used to adequately
characterise cover variation in space at the sub-catchment scale
and to validate theb distribution using three performance
indicators: the goodness-of-fit test, the fractional area with cover
less than some threshold, and the effect of cover on runoff for a
given rainfall amount.

Data and methods

Study area and groundcover data

The Burnett–Mary region was divided into 682 sub-catchments
to represent the diverse climate, soil and land use for modelling
purposes (Fentieet al.2014). It is one of six Natural Resource
Management regions adjacent to the Great Barrier Reef.
Grazing is the dominant land use (68%) in the region (Fentie
et al. 2014). Of the region’s 682 sub-catchments, 20 sub-
catchments were selected for inclusion in this analysis. The
area of the 20 selected sub-catchments ranges from 35.8 to
231 km2. The location map of the study area is shown in Fig.1.

The remotely sensed land-cover data at 30-m resolution
for selected sub-catchments were obtained from the Queens-
land Spatial Catalogue QSpatial website available at: http://
www.qld.gov.au/environment/land/vegetation/mapping/slats/
(accessed 11 July 2018). In the Burnett–Mary region, the land-
use map from Queensland Land Use Mapping Project (QLUMP:
http://www.qld.gov.au/environment/land/vegetation/mapping/
qlump), which was prepared with 2009 Landsat TM (Thematic
Mapper) and ETMþ (Enhanced Thematic Mapper Plus)
imageries at 30-m resolution (DSITIA2012a, 2012b), was used
to derive grazing-specific land-cover products. According to the
Great Barrier Reef Report Card 2016 (Australian and Queens-
land Governments2016), the groundcover was defined as the
vegetation (living and dead) and biological crust in contact with
the soil surface. Groundcover includes both green (i.e. photo-
synthetic vegetation) and non-green (i.e. non-photosynthetic
dry vegetation and plant litter) areas (Scarthet al.2006, 2010).
Detailed description of the methods adopted for monitoring
and mapping of groundcover for Queensland regions was
provided by the Queensland Government at: https://www.
qld.gov.au/environment/land/management/mapping/statewide-
monitoring/groundcover. The original detailed QLUMP cate-
gories were reclassified into 11 major land uses for water-quality
modelling purposes (Fentieet al. 2014). For the purpose of
calibration of hydrological models such as Sacramento model
(Burnashet al. 1973), the groundcover was further aggregated
into two categories: Forest and Non-Forest for the Burnett–Mary
region (Fentieet al. 2014). Because the present study was
focused on characterisation of groundcover for grazing land,
only the groundcover from grazing areas was extracted, using a
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Fig. 1. Twenty selected sub-catchments in the Burnett–Mary region.
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masking method available in spatial analyst toolbox in ArcGIS
(Esri, Redlands, CA, USA).

In total, 116 seasonal groundcover layers were available for
the period 1987–2016 for each sub-catchment. Therefore,
79 112 (682� 116) raster layers are available for 682 sub-
catchments. When these groundcover layers were clipped to
the grazing areas of each of 20 selected sub-catchments of the
region, 2320 individual raster layers of cover were available for
analysis. From these, 30 layers of groundcover, varying
between 24% and 91% to represent the full range in the average
cover, were selected for analysis to represent a wide range of
the average cover over time among different sub-catchments.
The spatial variation of groundcover for a selected sub-
catchment with an area of 231 km2 and an average cover
of 60% for 1 September 2000 is shown as an example
(Fig. 2). The temporal variation of the average cover for
another selected sub-catchment with an area of 90 km2 is
shown in Fig. 3. It is evident that groundcover at 30-m
resolution varies enormously in space and time. Detailed

information on the extracted 30 groundcover layers is provided
in the Appendix1 (Table A1).

Beta distribution

The b distribution is a family of continuous probability dis-
tributions defined on the interval [0,1] parametrised by two
positive parameters, denoted bya andb (Johnsonet al. 1995).
The b distribution can be used to represent a wide variety of
distributional shapes for physical variables such as vegetation
cover whose values ranges between 0 and 1 (Hahn and Shapiro
1994). It is expressed as:

f cð Þ ¼
1

B a; bð Þ

� �
ca� 1 c � 1ð Þb� 1 if 0o co 1 ð1Þ

f cð Þ ¼0 otherwise

wherea andb are shape parameters,a . 0 andb . 0, andc a
continuous variable.
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The corresponding cumulative density frequency over the
range (0,cr), wherecr is the threshold upper cover limit, with
shape parametersa andb is given by:

F 0 � c � crð Þ ¼
Z cr

0

1
B a; bð Þ

� �
ca� 1 c � 1ð Þb� 1 dc ð2Þ

If the groundcover,c, as a random variable, follows theb
distribution, the mean (m) and variance (s 2) of groundcover can
be expressed, respectively, as (Chenet al.2006):

m¼
a

a þ b
ð3Þ

s 2 ¼
ab

a þ bð Þ2 a þ b þ 1ð Þ
ð4Þ

The shape parametersa andb for theb distribution can be
estimated by using Eqns5 and6 (Chenet al. 2006):

a ¼
m2 1 � mð Þ � ms2

s 2 ð5Þ

b ¼
1 � mð Þ2m� 1 � mð Þs 2

s 2 ð6Þ

For each selected groundcover layer,b distribution para-
meters were estimated using the mean and standard deviation of
groundcover. Goodness of fit of theb distribution for ground-
cover was undertaken by visual assessment using histogram and
quantile–quantile (Q–Q) plots (Sharma and Chakrabarty2017),
and the Kolmogorov–Smirnov (K-S) test (Raschke2011);
comparison of the fractional area with cover below 53% using
b and observed distribution; and a comparison ofb and observed
distributions in terms of estimated runoff. These are described in
detail below.

Visual assessment with histogram and quantile-quantile
plots

Histograms and Q–Q plots are graphical representations that can
visually indicate whether the data come from the assumed dis-
tribution (Sharma and Chakrabarty2017; Langatet al.2019). In
this study, the groundcover in the range 0–1 was empirically
described using histograms by dividing each cover layer into 20
classes at 5% intervals. In order to fit theb distribution, the
shape parameters (i.e.a andb) were calculated using Eqn5 and
Eqn6, respectively. The quality of fit was also visually assessed
with Q–Q plots between the observed and fitted quantiles
assuming theb distribution. The Q–Q plot is a graphical tool to
help with assessment of whether a set of data plausibly came
from some theoretical distribution such as the normal,b and
Weibull distributions (Wilk and Gnanadesikan1968; Furno and
Vistocco2018). The sample quantiles can be defined by the true
non-exceedance probabilitiesm/(N þ 1) of the order-ranked
sample values, where,N is sample size andm is the rank
(Makkonen and Pajari2014). For instance, the 20% quantile, or
20 percentiles, for cover represents a cover threshold, and 20%
of the area would have a cover level that is below this threshold.

The quantiles were estimated by sorting cover data for each
layer. Hundred quantiles at 1% increment were calculated by
using sample size,N and rank,m. Theb-distributed quantiles
relative to estimated quantiles were calculated by using the
shape parametersa andb. The probplot function available in
SciPy’s Statsmodels package of the Python programming lan-
guage was used to prepare the Q–Q plot using the observed and
b-estimated quantiles. SciPy is a Python-based system of open-
source software for mathematics, science and engineering and
consists of some core packages such as NumPy and Statsmodels.
Statsmodels is a Python module that provides the classes and
functions for the estimation of many different statistical models,
as well as for conducting statistical tests, and statistical data
exploration (Python version 3.6; Python Software Foundation).

Kolmogorov–Smirnov test

The K-S test, which is based on the maximum difference
between the empirical and theoretical distributions, was applied
to random subsamples of groundcover layers (Sulaimanet al.
1998; Melo et al.2009; Zenget al.2015). The K-S statistic,Dn,
can be expressed as:

Dn ¼ supc Fn cð Þ � F cð Þj j ð7Þ

whereFn(c) is the empirical cumulative distribution evaluated at
c, andF(c) is theb cumulative distribution. If the value ofDn does
not exceed the critical value at a particular significance level, the
null hypothesis that there is no difference between the observed
and theb distributions could not be rejected. Review of literature
on the effect of large sample size on statistical tests indicates that,
for large samples, theP-values can quickly go to zero and lead to
misinterpretation of results and thus affect the practical signifi-
cance of research (Linet al. 2013). Therefore, in order to avoid
the problems associated with large sample size of cover data for
these selected catchments (N varied from 22 880 to 198 151), 30
subsamples of each cover layer were randomly selected to
undertake the K-S test, and this was repeated 100 times for each
selected layer. For each of the cover subsamples, the empirical
cumulative distribution was calculated, and the expected cumu-
lative distribution was calculated usingb shape parameters (i.e.a
and b) for that subsample. The D-statistic and the associated
P-value, which is the level of significance within a statistical
hypothesis test representing the probability of occurrence of a
given event (Wasserstein and Lazar2016), were calculated using
Statsmodel package available in SciPy Python library.

Comparison of the observed andb distributions in terms of
fractional area with cover # 53% and estimated runoff

One of the most widely used methods for runoff estimation is the
SCS curve number method developed by Soil Conservation
Service of the US (SCS1985). Storm runoff amount can be
estimated using:

Q ¼
P � Iað Þ2

P � Ia þ Sð Þ
for P > l S ð8Þ

whereQ is runoff (mm),P is rainfall (mm),Sis the maximum
retention of rainfall in a watershed,Ia is the initial abstraction
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commonly given as 0.2S. The only parameter,S, is related to the
curve number,CN:

S ¼ 25:4
1000
CN

� 10
� �

ð9Þ

The effect of cover on runoff was modelled in terms of
changed curve numbers (Owenset al. 2003). The following
equation was proposed by Owenset al. (2003) to modify the
curve number as a function of groundcover:

CN ¼ CNo � CNo � CNcð Þc=cr ð10Þ

wherec is groundcover,cr is groundcover threshold,CNo is the
highest curve number for bare soil, andCNc is a constant curve
number whenc . cr. The groundcover level of 53% was
considered an important threshold because the effect of cover
on runoff diminishes considerably once groundcover exceeds
53% (Greeneet al.1994; Scanlanet al.1996; Owenset al.2003;
Fraser and Stone2016; Liu et al. 2018). A constant curve
number was set to 57 when the groundcover was greater than
cr because runoff at higher cover levels is more related to
antecedent moisture condition and rainfall event size than to
groundcover (Owenset al.2003).

For this study, parameter values calibrated for the Springvale
catchment (Owenset al.2003), that isCNc ¼ 57,CNo ¼ 97 and
cr ¼ 53%, were used to evaluate how well theb distribution
represents the observed cover distribution in space in terms of
estimated runoff. Two aspects of runoff estimation were consid-
ered: (i) the fractional area where the cover has impact on runoff,
and (ii ) estimated runoff amount for a given rainfall amount.

For comparing the observed andb distributions, the frac-
tional area with cover#53% for each of the 30 cover layers was
calculated using both distributions. The fractional area with
groundcover#53% was empirically calculated by counting all
of the pixels with cover#53%, and this was also calculated
using theb distribution based on the shape parametersa andb
(Eqn2). Theb.cdf function available in the Statsmodel package
of the Python program was used for calculating the cumulative
distribution function of theb distribution over the range 0–53%.

For runoff estimation, the SCS curve number method was
applied to all pixels with cover#53% for three storm rainfall
amounts of 50, 100 and 200 mm for each of the 30 selected cover
layers. The average runoff depth for all pixels with cover#53%
was taken to represent the effect of cover distribution in space on
runoff. Likewise, partial runoff from the low cover area (c
#53%) was estimated assuming theb distribution, using the
following integration:

Q ¼
Z cr

0
Q P; CN cð Þ½ �dFc ð11Þ

whereFc is the cumulative probability function assuming theb
distribution. The equation takes into account runoff as a function
of rainfall,P, and the curve number,CN, and the latter, in turn, is
a function of cover. Runoff was estimated assuming theb
distribution using the same three rainfall amounts and for each
of the 30 selected cover layers.

Comparison between the runoff estimated using observed
andb distributions was made by using four statistical indicators:
coefficient of determination (R2), Nash–Sutcliffe efficiency
(NSE), the mean absolute error (MAE) (mm), and the relative
error (RE) (%). Formulae for these indicators are:

R2 ¼

P N
i¼1 Oi � O

� �
Pi � P

� �

P N
i¼1ðOi � O

� 2
h i 0:5 P N

i¼1ðPi � P
� 2

h i 0:5

8
><

>:

9
>=

>;
ð12Þ

NSE¼ 1 �
P N

i¼1ðOi � PiÞ
2

P N
i¼1ðOi � O

� 2 ð13Þ

MAE�� ��mmð Þ ¼
1
N

X N

i¼1
Oi � Pij j ð14Þ

RE�� ��%ð Þ ¼
1
N

P N
i¼1 Oi � Pij j

O
ð15Þ

wheren is number of observations,Oi is observed values,O is
the mean of observed values,Pi is predicted values, andP is the
mean of predicted values.

Results

The b distribution was assumed to describe the spatial vari-
ability of groundcover. For the 30 selected cover layers, the
mean and standard deviation were found to be in the ranges
0.24–0.91 and 0.06–0.29, respectively. The shape parameters
(i.e. a and b) were calculated from the mean and standard
deviation and the range of these parameters was 0.44–20 and
0.81–10.50, respectively.

Goodness of fit using visual assessment and K-S test

The goodness of fit of theb distribution compared with the
observed distribution of groundcover was explored using histo-
grams and Q–Q plots. Groundcover data were sorted into 20
classes at an interval of 0.05. The probability density function of
the b distribution was superimposed over the histogram of the
observed frequency distribution for each of the 30 selected cover
layers. The spatial variation of groundcover using the observed
andb distributions for the six sample cover layers selected from 30
layers of groundcover to show the results for minimum, medium
and maximum average cover are presented in Fig.4. Theb dis-
tribution fits well the observed cover distribution for the medium
cover range (, 38–66%), whereas the observed and fitted cover
distributions show greater deviation for extreme cover values. The
Q–Q plots between the observed and fitted quantiles for the six
selected cover layers as samples are shown in Fig.5. Theb dis-
tribution fits very well over observed groundcover data. Both the
histograms and Q–Q plots indicate excellent agreement between
the observed andb distributions, and discrepancy between the two
occurs only for extremely large or small cover values.

The goodness of fit of theb distribution was assessed by
using the K-S test. For each of the 30 selected cover layers, K-S
tests were applied 100 times for 100 randomly selected sub-
samples. The K-S test results for the six sample cover layers are
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presented in the Appendix1 (Table A2). Test results for these
combined 3000 K-S tests show that, for 97.5% (2924 of 3000) of
cases, the null hypothesis that the observed cover was drawn
from the b distribution could not be rejected. This statistical
analysis using the K-S test provided strong support for the
conclusion that theb distribution can adequately describe the
spatial description of groundcover.

Comparison of the observed andb distributions based on
fractional area with cover # 53% and runoff estimation

Comparison was made between the observed andb distributions
for 30 selected cover layers based on the fractional area with

cover # 53% and runoff estimated for three rainfall amounts.
Figure6 shows a scatter plot of the fractional area with cover
# 53%, calculated using the observed distribution and theb
distribution of the groundcover. It can be seen that in terms of the
fractional area with groundcover# 53%, the observed andb
distributions are in good agreement. The maximum discrepancy
between the two is no more than 8% for the 30 cover layers tested.

In terms of estimated runoff for three distinct storm rainfall
amounts of 50, 100 and 200 mm, the average runoff from areas
with groundcover# 53% is also in good agreement with that
using the observed distribution as distinct from the assumedb
distribution. The relationship between the runoff estimated
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using theb distribution and that using the observed distribution
for the three rainfall amounts and 30 cover layers is shown in
Fig.7, along with the runoff depth that would occur for the three
rainfall amounts if the cover level was. 53% throughout the
sub-catchment. These depths represent the minimum amount of
runoff for given rainfall when the cover is. 53% throughout the
sub-catchment. When the runoff amount is close to the

minimum runoff amount for the given rainfall (with low runoff
implying relatively high average cover), the discrepancy in
terms of estimated runoff between the observed andb distribu-
tions is larger than that for high runoff rates (Fig.7). This
indicates that the estimated runoff is sensitive to cover distribu-
tion where the cover is just below the adopted threshold of 53%.
The estimated runoff using the observed andb distributions
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shows that theb distribution can be used to represent the spatial
variation of cover as far as its effect on runoff is concerned.

Table1 presents the minimum runoff amount when cover is
. 53%, as well as the performance indicators (i.e.R2, NSE,
MAE (mm) and RE (%)) for estimated runoff using theb and
observed distributions, for three rainfall amounts and for 30
selected groundcover layers. The estimated runoff for cover
# 53% using theb distribution was found to be well correlated
with that using the observed cover distribution, withR2 ranging
from 0.91 to 0.98 and NSE ranging from 0.88 to 0.99. The MAE
and RE were in the ranges 0.98–8.10 mm and 4–16%,
respectively.

The abovementioned results show that the effect of cover on
runoff could be well represented by the two-parameterb
distribution (i.e. the mean and standard deviation of
groundcover) instead of using all of the cell-by-cell cover data
at the sub-catchment scale.

Discussion

The results on the spatial variability of groundcover using theb
distribution for 30 cover layers at 30-m resolution in the Bur-
nett–Mary region indicated that theb distribution would be
useful for providing an alternative and robust way of repre-
senting cover variation in space for simulation purposes with
only two parameters (i.e. the mean and standard deviation).
From the results, it is observed that simply changing these two
parameters can drastically change the shape of the distribution.
These findings agree with other applications of theb distribution
to describe the spatial variation of cover in grassland vegetation
at the plot scale (Shiyomiet al. 2000; Chenet al. 2006; Chen
et al.2008a, 2008b). Beta distribution has been extensively used
to describe the probability distribution for many physical vari-
ables such as cloud cover and sunshine data, which naturally

vary in the range between 0 and 1 (Falls1974; Sulaimanet al.
1998). In the field of ecology,b distribution has been mostly
applied in Central Japan and Denmark (Damgaard2014; Wright
et al. 2017; Damgaard and Irvine2019) to discretised spatial
variation of plant cover, and was compared with the observed
cover data measured using the primary method (i.e. point-grid
method). We applied and tested theb distribution as a
parameter-efficient method to describe groundcover variations,
but in contrast to the point-grid method, we compared theb
distribution with the observed cover distribution, using the
observed remotely sensed groundcover data measured at 30-m
resolution to estimate the mean and standard deviation of
groundcover for large sub-catchments. Visual assessment of the
goodness of fit and the K-S tests showed that theb distribution is
quite appropriate for describing the variation of groundcover in
space in an efficient manner by considering only two parameters
(i.e. the mean and standard deviation).

In terms of the relationship between groundcover and runoff,
field observations by Scanlanet al. (1996), Owenset al. (2003)
and Bartleyet al. (2006)were mostly made at the small spatial
scale when analysing the effect of the variations of groundcover
on runoff, and the cover was essentially uniform within each
experimental plot. While appropriate at the plot scale, these
methods are unable to capture the effect of spatial variability on
runoff. The effect of the spatial variability of groundcover is
further illustrated by using a numerical example presented in
Fig.8. If the average cover is used to represent the level of cover,
and spatial variability is ignored (s ¼ 0 in Fig. 8), the runoff
would be much lower than when the spatial variability is
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explicitly recognised, because runoff would be higher from
areas with a lower cover. This increase in runoff with the
standard deviation for the same mean level of cover occurs
because, as the spatial variability increases, the proportion of the
area with comparatively low groundcover increases. This simple
example helps illustrate thatb distribution can be used to model
the effect of the spatial variation in cover on runoff in a
parameter-efficient manner. In hydrological models, catchment
characteristics are lumped. Spatial variability of the ground-
cover in addition to the mean adds much value to attempts at
evaluating the effect of cover on runoff, andb distribution is
demonstrably one of the best ways of achieving this.

We tested a parameter-efficient method of describing the
spatial and temporal variation of groundcover and incorporated
this method into a previously developed rainfall–runoff model
taking into account the effect of groundcover by Owenset al.
(2003). Several research studies have also shown the importance
of cover threshold in affecting runoff and soil loss in rangeland
areas (Greeneet al.1994; Scanlanet al.1996; Owenset al.2003;
Fraser and Stone2016; Liu et al.2018; Eshghizadehet al.2018).
Therefore, we used a threshold of 53% as mentioned in
Owenset al. (2003)to estimate and compare runoff using the
observed andb distributions of groundcover. The close agree-
ment between the observed andb distributions in terms of both

the fractional area and estimated runoff lends considerable
support for adopting theb distribution to simulate the effect
of cover variation on runoff in a parameter-efficient manner at
the sub-catchment scale.

Conclusion

This study attempted to assess the adequacy of theb distribution
for describing the spatial variation in ground cover of grazing
land. Thirty layers of groundcover at 30-m resolution for 20 sub-
catchments in the Burnett–Mary region in Queensland were
used for this purpose. Based on visual inspection and the Kol-
mogorov–Smirnov test, it was found that the two-parameterb
distribution could be used to acceptably characterise the spatial
variation in cover at the sub-catchment scale. Theb distribution
was found to be able to reproduce the observed fractional area
with cover#53%, where the effect of cover on runoff is most
pronounced. Theb distribution could also be used to represent
the spatial distribution of groundcover in terms of estimated
runoff amount. In summary, theb distribution offers a relatively
simple and parameter-efficient method for characterising the
spatial variation of groundcover and could be used to simulate
the effect of cover on runoff in grazing land.
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50 0.67 0.96 0.95 0.98 11
100 15.01 0.93 0.91 2.50 7
200 73.99 0.91 0.88 4.68 4
Combined 0.98 0.99 8.10 16
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Fig. 8. Estimated runoff, using Eqn11, as a function of the spatial variation
from a storm event with an effective rainfall of 100 mm for three different
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(s ¼ 0) is associated uniform groundcover in space.
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Appendix 1. Supplementary results for the 30 sampled sub-catchments in the Burnett-Mary region

Table A1. Details of selected sub-catchments along with parameters
Sub-catchments according to Fentieet al. (2014)

No. Sub-catchment Area (km2) Mean (m) Standard dev. (s ) Alpha (a) Beta (b)

1 SC #196 63.69 0.243 0.251 0.463 1.444
2 SC #196 63.69 0.264 0.268 0.448 1.249
3 SC #196 63.69 0.278 0.257 0.565 1.467
4 SC #196 63.69 0.301 0.291 0.447 1.039
5 SC #199 110.15 0.324 0.253 0.787 1.644
6 SC #199 110.15 0.345 0.240 1.008 1.912
7 SC #356 35.84 0.378 0.125 5.312 8.749
8 SC #365 58.75 0.407 0.171 2.960 4.304
9 SC #365 58.75 0.429 0.170 3.194 4.248
10 SC #375 104.36 0.460 0.154 4.361 5.127
11 SC #171 155.32 0.476 0.151 4.751 5.222
12 SC #202 199.23 0.496 0.296 0.920 0.935
13 SC #105 89.61 0.504 0.157 4.620 4.545
14 SC #356 35.84 0.526 0.176 3.727 3.358
15 SC #304 97.21 0.541 0.102 12.360 10.506
16 SC #273 73.53 0.551 0.112 10.306 8.401
17 SC #501 42.37 0.570 0.192 3.236 2.440
18 SC #399 231.17 0.605 0.132 7.631 4.983
19 SC #375 104.36 0.629 0.113 10.857 6.393
20 SC #365 58.75 0.656 0.152 5.787 3.033
21 SC #497 36.53 0.677 0.250 1.696 0.811
22 SC #177 75.67 0.701 0.149 5.920 2.523
23 SC #377 69.72 0.724 0.146 6.061 2.309
24 SC #273 73.53 0.753 0.091 16.134 5.299
25 SC #373 41.59 0.778 0.110 10.312 2.940
26 SC #171 155.32 0.804 0.093 13.854 3.384
27 SC #371 65.52 0.828 0.078 18.575 3.851
28 SC #171 155.32 0.854 0.110 7.995 1.368
29 SC #124 53.66 0.871 0.093 10.439 1.552
30 SC #491 41.45 0.908 0.060 20.005 2.026
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ABSTRACT  

Land clearing for cropping and grazing has increased runoff and sediment yield in Central 
Queensland. The Brigalow Catchment Study (BCS), was established to determine the effect of 
land clearing on water balance, soils, and productivity, and consisted of three catchments: 
brigalow forest, cropping, and grazing. Factors responsible for changes in and models for 
predicting sediment yield have not been assessed. Objectives of this study are to identify 
climatic, hydrological, and ground cover factors responsible for the increased sediment yield and 
to assess suitable models for sediment yield prediction. Runoff and sediment yield data from 
1988 to 2018 were used to assess the Revised Universal Soil Loss Equation (RUSLE) and the 
Modi� ed USLE (MUSLE) to predict the sediment yield in brigalow catchments. Common events 
among the three catchments and events for all catchment pairs were assessed. The sediment 
yield was approximately 44% higher for cropping and 4% higher for grazing than that from the 
forested catchment. The runoff amount (Q) and peak runoff rate (Qp) were major variables that 
could explain most of the increased sediment yield over time. A comparison for each catchment 
pair showed that sediment yield was 801 kg ha� 1 or 37% higher for cropping and 28 kg ha� 1 or 
2% higher for grazing than for the forested catchment. Regression analysis for three different 
treatments (seven common events) and for different storm events (15 for forested, 40 for 
cropping, and 20 for grazing) showed that Q and Qp were best correlated with sediment yield in 
comparison with variations in ground cover. The high coef� cient of determination (R2 > 0.60) 
provided support for using the MUSLE model, based on both Q and Qp, instead of the RUSLE, 
and Q and Qp were the most important factors for improving sediment yield predictions from 
BCS catchments. 

Keywords:  brigalow clearing, ground cover treatment, peak runoff rate, RUSLE and MUSLE, runoff, 
sediment yield, small dry catchments, storm events. 

Introduction  

Broad-scale clearing of native vegetation for agricultural  systems, including  grazing, has 
strongly a� ected hydrological  processes and sediment yield in Australia and around the 
world  (Siriwardena et al. 2006; Thornton et al. 2007; Ehigiator and Anyata 2011; 
Borrelli  et al. 2017; Cheng and Yu 2019; Aghsaei et al. 2020). At the global level, soil 
erosion from the area of 125 million  km2 covering ~84.1%  of Earth’s land surface has 
increased by 2.5% (baseline of 35 Pg year� 1) due to spatial land use change occurring 
only in 3.3% of study area (Borrelli  et al. 2017). In Australia, according to the Scienti� c 
Consensus Statement (Bartley et al. 2017), a three- and eight-fold  increase in the total  
sediment yield has occurred across the Great Barrier Reef (GBR) catchments, depending 
on the region, of which  approximately 80% could be attributed  to changes in land 
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cover. The Fitzroy Basin was identi � ed as one of the major 
contributing areas for discharging large amounts of sediments 
into the GBR lagoon. The Brigalow Catchment Study (BCS) 
located near Theodore, Central Queensland, represents 36.7 
Mha of brigalow bioregion of Queensland and northern New 
South Wales (Thornton and Yu 2016). Under the Land 
Development (Fitzroy Basin) Scheme, approximately 4.5 
Mha of virgin brigalow forest was cleared for agriculture 
(including grazing), which has a� ected the water quality of 
the region (Elledge and Thornton 2017). The sediment story 
of the Fitzroy Basin reveals that the average current suspend­
ed sediment load exported from the Fitzroy River is between 
1.5 and 2.0 Mt year� 1 and a large quantity of load is generated 
due to the extensive clearing of brigalow lands since the 
1950s (Lewis et al. 2015). The increase in sediment 
rates (~1.5-fold) in sediment cores from the lagoons near 
Rockhampton also provide evidence for increased sediment 
loads from the Fitzroy River since European settlement 
(Bostock et al. 2006). The brigalow clearing of the Brigalow 
Land Development Fitzroy Basin Scheme represents 21% of 
all clearing in the brigalow bioregions and 32% of the Fitzroy 
Basin (Queensland Department of Primary Industries 1993). 

The conversion of virgin brigalow to agricultural and 
grazing land has altered the hydrology of small catchments 
in the Fitzroy Basin (Thornton et al. 2007; Thornton and Yu 
2016). Thornton et al. (2007) reported increases in runo� since 
1982, at the BCS, as a result of broad-scale land clearing. The 
runo� coe� cient (the ratio of total runo� over total rainfall) 
has increased from 5% for the virgin brigalow catchment to 
11% for cropping, and 9% for grazing (Thornton et al. 
2007). Similarly, Thornton and Yu (2016) reported that the 
peak runo� rate also increased from 5 to 8.3 mm h� 1 for 
cropping and 2 to 5.6 mm h� 1 for pasture catchment, after the 
development of the catchments. Moreover, a comparative 
study over a 25-year period from 1984 to 2010 of suspended 
sediment data for the three catchments revealed that the 
total suspended solids from the cropped catchment was 6.45 
times greater, and from the grazed catchment was 1.46 
times greater, than the virgin brigalow (2106 kg ha� 1) 
(Elledge and Thornton 2017). Numerous studies around the 
world have shown the impact of land use change on 
sediment yield (Walling 1999; Santos et al. 2017; Gashaw 
et al. 2019; Aghsaei et al. 2020). Forest clearing since 1968 
has led to a 1.8-fold increase in the annual sediment load of 
the Dnestr River at Sambur, Ukraine, in an 850 km2 catchment 
area (Walling 1999). Sediment yield increased 10 times due to 
conversion of a dry tropical forest into fully developed 
grassland based on an experimental 2.8 ha watershed in the 
semi-arid Upper Jaguaribe Basin, Ceara, Brazil (Santos et al. 
2017). Recently, conversion of forest into irrigated agriculture 
in one of the subcatchments in the Anzali wetland catchment, 
Gilan, Iran, has led to a 169% increase in the mean annual 
sediment yield (Aghsaei et al. 2020). However, no study to 
date has clearly demonstrated changes in sediment yield at 
a small scale in dry areas, and no attempt to date has 

been made to evaluate factors that, either individually or 
collectively, have caused an increase in sediment yield due 
to clearing of virgin brigalow forest for cropping and grazing. 

As the BCS catchments are contiguous, most of the physical 
catchment characteristics, such as topography, soil structure 
and texture, are considered to be similar and e� ectively 
static. However, other factors, such as rainfall, runo� , and  
vegetation cover, do vary with time and may be responsible 
for changes in the sediment yield among the three catchments. 
The Universal Soil Loss Equation (USLE) (Wischmeier and 
Smith 1978) and its derivatives, such as the Revised USLE 
(RUSLE; Renard et al. 1997) and the Modi � ed USLE 
(MUSLE; Onstad and Foster 1975; Williams 1975), provide a 
framework to identify and test factors that have signi� cantly 
a� ected the sediment yield at the BCS. These erosion 
prediction models are the most widely used around the world 
for di� erent types of land cover, because of their simplicity and 
� exibility. The RUSLE, which considers the erosivity index 
(EI30) as its primary rainfall –runo� related factor, is the most 
commonly used model and is being applied in the Source 
Catchment/Dynamic SedNet modelling framework for hill-
slope erosion prediction for the GBR catchments (Yu 1998). 
The EI30 is the product of total amount of rainfall kinetic 
energy and maximum 30-min rainfall intensity (Wischmeier 
and Smith 1978). However, for the small dry catchments of 
the BCS, the EI30 would be essentially the same among the 
three di� erent treatments. Therefore, if the RUSLE model 
were applied, the di� erence in the sediment yield would be 
attributed to changes in the cover and management factor 
(C) factor alone; C is de� ned as the ratio of soil loss from a 
� eld with a particular cover and management compared to a 
� eld under ‘clean-tilled continuous fallow ’ (Wischmeier and 
Smith 1978). However, from previous studies (Thornton 
et al. 2007; Thornton and Yu 2016), runo� amount (Q) and  
peak runo� rate (Qp) could be major factors responsible for 
the variation in the sediment yield among the three 
catchments. Several previous studies have suggested that 
inclusion of Q and Qp could improve the capacity of the 
MUSLE model to predict the sediment yield compared with 
the USLE model (Kinnell 2004, 2010, 2016). Numerous 
studies have also suggested the appropriateness of the MUSLE 
model in improving sediment yield prediction under various 
conditions, due to inclusion of the runo� -related factors 
(Foster et al. 1982; Kinnell and Risse 1998; Erskine et al. 
2002; Sadeghi and Mizuyama 2007; Kinnell 2010; Arekhi et al. 
2012; Sadeghi et al. 2014). To test the relative contribution 
of Q, Qp, and cover factors, the USLE, as modi� ed by Williams 
(1975) and Onstad and Foster (1975), will  be  used  in  this  study  
to estimate the sediment yield from di� erent land uses because 
they include runo� and peak runo� rate in addition to rainfall 
erosivity as the rainfall –runo� related factors. As mentioned 
above, the RUSLE was originally developed and is widely 
used to estimate soil loss from hillslopes. In this study, the 
measured sediment yield at the catchment outlet is assumed 
to equal the soil loss of the catchment. Soil loss is de� ned as 
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the measured total suspended solids load from a catchment. 
This study, therefore, assumed that there is no sediment 
deposition in the catchment. At the very least, the delivery 
ratio is constant because it was assumed constant in the 
Dynamic SedNet model being applied to the GBR catchments 
for erosion predictions (Wilkinson et al. 2004). However, for 
large catchments, the RUSLE needs a separate sediment 
delivery ratio to estimate the sediment yield. In contrast, the 
MUSLE eliminates the need for a sediment delivery ratio 
because runo� and peak runo� rate are closely related to 
sediment detachment and transport for improved sediment 
delivery predictions (Williams 1975). 

As such, the present study had three objectives: 

•� to evaluate the e� ect of clearing brigalow for cropping or 
gazing on sediment yield for a subset of events over the 
period between 1988 and 2018, 

•� to test whether the change in sediment yield occurred 
because of the change in runo� characteristics, rather 
than changes in ground cover, and 

•� to test the applicability of using the RUSLE/MUSLE models 
to predict sediment yield from these small dry catchments 
in Central Queensland. 

Materials and methods 

Study area 

This study was conducted in the three contiguous experimental 
catchments of the long-term BCS. The three catchments 

brigalow scrub (C1), cropping (C2), and grazing (C3) have 
contributing areas of 16.8, 11.7 and 12.7 ha, respectively. 
The BCS (24°48 0S and  149°47  0E) is a paired, calibrated 
catchment study located near Theodore in Central Queensland, 
Australia (Cowie et al. 2007). The study area is representative 
of the Brigalow Belt bioregion which covers an area approx­
imately 36.7 Mha from Townsville in north Queensland to 
Dubbo in central-western New South Wales (Thornton et al. 
2007). The Brigalow Belt bioregion has undergone extensive 
land clearing under the Queensland Government-sponsored 
Fitzroy Basin Land Development scheme, which operated 
between 1965 and 1985 (Cowie et al. 2007). The area 
experiences a semi-arid to subtropical climate with an average 
maximum monthly temperature for summer of 33.1°C, while 
the minimum temperature in winter averages 6.5°C. The 
average annual rainfall is 697 mm with a range of 
246–1460 mm (Cowie et al. 2007). The land slope within 
the catchments varies from 1.8% to 3.5% and averages 
2.5%. Soils in the experiment catchments mainly comprise 
� ne-textured dark cracking clays (black and grey vertosols), 
some with gilgais and noncracking clays (black and grey 
dermosols), and subdominant soil of thin surfaced dark and 
brown sodic texture-contrast soils (black and brown sodosols) 
(Cowie et al. 2007). The detailed description of calibration and 
development of these catchments is given in Cowie et al. 
(2007). The location map of the study area is shown in Fig. 1. 

Site history 

The study has been divided into three distinct experimental 
stages (Table 1) (Thornton et al. 2010). Stage I, the calibration 

(16.8 ha) 

172 

TP 

(11.7 ha) 

(12.7 ha) 

Grazing 

Cropping 

Forest 

Fig. 1. Location of the Brigalow Catchment Study within the Brigalow Belt bioregion of Central Queensland, Australia, and a schematic 
diagram of the study site indicating the land use treatments (Thornton and Yu 2016). 
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Table  1. The land use history of the three catchments of the Brigalow Catchment Study. 

Catchment Area (ha) Land use by experimental stage 

Stage I (January 1965– Stage II (March 1982– Stage III (September 1984– 
March 1982) September 1984) December 2004) 

C1 16.8 Virgin brigalow scrub Virgin brigalow scrub Virgin brigalow scrub 

C2 11.2 Virgin brigalow scrub Development Cropping 

C3 12.7 Virgin brigalow scrub Development Improved pasture 

phase, commenced in 1965 with the three catchments retained 
in their virgin state for calibration purposes. 

Stage II, the land development phase, commenced in March 
1982 with C2 and C3 catchments cleared by bulldozer and 
chain. The fallen timber was burnt in situ in October 1982. 
In the C2 catchment, residual unburnt timber was raked to 
the contour line and burnt. Narrow-based contour banks at 
1.5 m vertical spacing were then constructed and a grassed 
waterway later established. In the C3 catchment, unburnt 
timber was left in place, and in November 1982 the 
catchment was sown to improved pasture by throwing bu� el 
grass seed (Cenchrus ciliaris cv. Biloela) on the soil surface. 
Stage II hydrology was not analysed in detail due its short 
duration, the marked changes in catchment condition, and a 
high incidence of equipment failure (Thornton et al. 2007). 

During Stage III, the land use comparison phase, comparison 
of the e� ect of land use change commenced with cropping in 
C2 and grazing in C3. Sorghum was planted in C2 in September 
1984 followed by nine annual wheat crops commencing in 
1985. Fallow management in this period was entirely mechan­
ical tillage. A minimum tillage and opportunity cropping 
philosophy was adopted in the early 1990s and has continued 
with either a summer (sorghum) or winter (wheat) crop 
sown whenever soil moisture was adequate. Grazing in C3 
commenced in December 1983. Stocking rates varied between 
0.29 and 0.71 head ha� 1 (each beast typically 0.8 adult 
equivalents), adjusted to maintain pasture dry matter levels 
greater than 1000 kg ha� 1 . No feed supplementation was 
provided. 

Application of the RUSLE and MUSLE models 
for sediment yield prediction 

Regression analysis was performed by using observed 
sediment yield and the outputs from the models: USLE 
(Renard et al. 1997), MUSLE (Williams 1975), and MUSLE 
(Onstad and Foster 1975) models. This analysis was 
performed to test the capability of the models in sediment 
yield prediction. The primary factors of these three models 
di� er from each other with all the other factors remaining 
the same. The RUSLE model contains EI30, the MUSLE 
(Williams 1975) model includes Q and Qp, and the MUSLE 
(Onstad and Foster 1975) model contains a combination of 
EI30, Q, and Qp. 

The equations for three selected sediment yield models can 
be expressed as follows. 

RUSLE model (Renard et al. 1997) 
The soil loss equation for estimating average annual soil 

loss is expressed as follows: 

A = R × K × LS × C × P 

In this study, this equation is used for estimating soil loss on 
event basis; therefore, it can be expressed as follows: 

Ae = EI30 × Ke × LS × C × P 

where A = average annual soil loss (t ha� 1), Ae = estimated 
event sediment yield (t ha� 1 event� 1), R = average annual 
rainfall erosivity (MJ mm h� 1 ha� 1), EI30 = rainfall erosivity 
factor (MJ mm h� 1 ha� 1 event� 1), K = soil erodibility factor 
(t ha� 1 R� 1), Ke = soil erodibility factor (t ha� 1 EI30 

� 1), 
L = slope length factor, S = slope steepness factor, C = cover 
management factor, and P = conservation support practice 
factor. 

MUSLE model (Williams 1975) 

Þ0.56 × KeAe = 11.8ðQ × Qp × LS × C × P 

where Ae = event sediment yield (t ha� 1) by dividing runo� 
and peak runo� rate by catchment area and multiplying K 
by catchment area, Q = runo� (m3), Qp = peak runo� rate 
(m3 s� 1), Ke = soil erodibility factor (t ha� 1 EI30 

� 1), and LS, 
C, and P are the same as for the RUSLE model. 

MUSLE model (Onstad and Foster 1975) 

Ae = 0.5EI30 + 15Q × Qp 
1=3  × Ke × LS × C × P ð Þ

where Ae = sediment yield (t acre� 1), EI30 = storm rainfall 
erosivity factor (foot tons per acre inches per hour), 
Q = storm runo� depth (in.), Qp = storm peak runo� rate 
(in. h� 1), and Ke, LS, C, and P are the same as for the 
RUSLE model. 
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In this study, the Onstad and Foster (1975) MUSLE 
equation was converted to SI units using the conversions 
presented in (Foster et al. 1981). The equation in SI units 
can be expressed as follows: 

Ae = ð0.50EI30 + 3.42Q × Q1
p 

=3Þ × Ke × LS × C × P 

where Ae = event sediment yield (t ha� 1 event� 1), 
EI30 = rainfall erosivity factor (MJ mm h� 1 ha� 1 event� 1), 
Q = runo� (mm), Qp = peak runo� rate (mm h� 1), and 
Ke, LS, C, and P are the same as for the RUSLE model. 

Data inputs for models 

In order to apply the RUSLE and MUSLE models in this study, 
estimations of rainfall erosivity (EI30), runo� (Q), peak runo� 
rate (Qp), sediment yield, ground cover data, cover manage­
ment factor (C), and topographic factor (LS) are required. 
These parameters were determined on an event basis using 
BCS Stage III data from the hydrological years 1988–2018. 
The term sediment yield will be used throughout the paper 
because the present study is event based and assumed that the 
measured sediment yield equals the soil loss in the catchment 
outlet. 

EI30 

The R represents the e� ect of rainfall intensity and amount of 
rainfall on soil erosion (Wischmeier and Smith 1978). The EI30 

is a function of kinetic energy (E) and maximum 30-min rainfall 
intensity (I30) (Wischmeier and Smith 1978). The BCS had two 
rain gauges, one sited at the discharge point of each catchment 
and one at the head point of all three catchments (Cowie et al. 
2007; Thornton et al. 2007). The rainfall recorded at the 
head point of all three catchments was the most reliable and 
was selected as the source data to calculate EI30 for all three 
catchments. However, for some events with poor quality 
rainfall data, we used the rainfall data recorded from indi­
vidual rain gauges installed in each catchment. In this study, 
storm energy (E) and 30-min rainfall intensity from 6-min 
rainfall data separated by an interval of 6 h were computed 
using the MetCal program ver. 1.7 developed by Yu (1998). 
MetCal uses the equation given by Renard et al. (1997) for 
calculating E for each storm event, and can be expressed as 
follows: 

where Ij is the rainfall intensity for the time interval 
j (mm h� 1), � t is the time interval (h), and n is the number 
of time intervals of the storm. 

Q and Qp 

The Q and Qp observations for the BCS up to 2004 are 
presented in Thornton et al. (2007)  and Thornton and Yu 
(2016), respectively. The data collection, manipulation, and 
storage methodologies described in both Thornton et al. 
(2007) and Thornton and Yu (2016) were continued for the 
period 2004–2019, as part of the core data collection of the 
long-term BCS. These data sets were summarised on an 
event basis to determine runo� and peak runo� rate for use 
in this study. The study event was de� ned as the longest 
event among the three catchments: forested, cropped, and 
grazed. 

K-factor 

The K refers to the erodibility of the soil, i.e. the resistance of 
the soil against the aggressiveness of raindrops, runo� , or  
both (Djoukbala et al. 2019). In the present study, K was 
calculated using the revised nomograph equation proposed 
by Loch and Rosewell (1992) for Australian soil based on the 
original equation developed by Wischmeier and Smith (1978), 
using the soil texture and organic matter content. The nomo­
graph comprises � ve soil and soil-pro� le parameters, such as 
percent modi� ed silt (0.002–0.1 mm), percent modi� ed sand 
(0.1–2 mm), percent organic matter (OM), class for structure 
(s), and permeability (p) (Renard et al. 1997). The equation 
nomograph K in t ha h ha� 1 MJ� 1 mm� 1 for soils with <70% 
silt can be expressed as follows: 

K = 2.77 M1.14ð10� 7Þð12 � OMÞ + 4.28ð10� 3ÞðSS � 2Þ 

+ 3.29ð10� 3ÞðPP � 3Þ 

where M = (%silt + %very � ne sand)(100 � %clay), OM is 
percentage (%) organic matter, SS is soil structure code, and 
PP is pro� le permeability class. 

Additionally, Ke was also estimated using the observed 
sediment yield data by applying regression method using 
model outputs of the RUSLE, the MUSLE (Williams 1975) and  
the MUSLE (Onstad and Foster 1975) models. This method is 
most reliable for the quanti� cation of K because it accounts 
for the e� ect of changes occurred in natural condition and, 
therefore, can be used to calibrate the other K calculated 
using di� erent methods. 

LS-factor 

Sediment yield is also in� uenced by the length of slope (L) 
and slope steepness factor (S), which is referred to as the 
topographic factor. Since the three catchments of the BCS 
are adjacent and have similar size and slope (Cowie et al. 
2007), LS was considered to be the same for each 
catchment and event. The L and S layer for Queensland 
was downloaded from the Queensland Government’s 
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Qspatial website (https://www.data.qld.gov.au/dataset/ 
soils-universal-soil-loss-equation-series, accessed 1 October 
2019). These layers have a resolution of 30 m × 30 m and 
were used as input dataset in the RUSLE model in source 
catchment framework for erosion predictions for the GBR 
catchments. The L and S layers for three catchments were 
extracted from the layer. The LS was then calculated by 
multiplying L and S. The average LS for the three 
catchments was calculated using the Raster analysis statistics 
tool available in QGIS and the value of LS was found to be 
0.28 for forested, 0.32 for cropped, and 0.39 for grazed 
catchments. These values were supported by data from 
the LS spatial layer used in the Queensland Government’s 
EWater Source modelling program. (http://qldspatial. 
information.qld.gov.au/catalogue/custom/detail.page?� d 
={3F181365-702E-43FD-B54C-DD93F1A3B2CD}). 

C-factor 

For this study, C for forested (C1) and grazed (C3) catchments, 
and cover data for the cropping catchment (C2), were 
procured from Department of Environment and Science and 
were available on a 3-monthly basis (http://data.auscover. 
org.au/xwiki/bin/view/Product +pages/Landsat+Seasonal+ 
Fractional+Cover). The C for forested and grazed catchments 
for each event was calculated as the average of the C of all the 
pixels located within each catchment. The C for cropped 
catchment was calculated by using average ground cover (%) 
and subfactors as advocated by Wischmeier and Smith (1978) . 
The C can be expressed as follows: 

C = LU × CC × SC × SR 

where LU is a land use subfactor, CC is a crop canopy 
subfactor, SC is a surface cover subfactor, and SR is a surface 
roughness subfactor. In this study, LU = 0.45 (Rosewell 
1993) and  CC  = 1 due to minimal e� ect of canopy, and 
SR = 1 for smooth surface. The cover subfactor SC is 
calculated as follows: 

SC = expð� bcov × cover%Þ 

where bcov = 0.035 for croplands (Renard et al. 1997). 

Crop conservation practice factor (P) 

The P represents the e�ect of conservation practices on water 
erosion processes. It varies according to the conservation 
techniques practiced in the watershed from 0 in the zones 
well protected to 1 without any conservation practices. In 
this study, no signi� cant practices were performed on 
the catchments over time; therefore, the value of P was 
assigned as 1. 

Sediment yield 

Sediment yield data from 1988 to 2010 are presented in 
Elledge and Thornton (2017). For runo� and peak runo� rate, 
the data collection, manipulation, and storage methodologies 
described in Elledge and Thornton (2017) were continued 
for the period 2004–2019, as part of the core data collection 
of the long-term BCS. These were summarised on an event 
basis to determine sediment yield for use in this study. 

Comparison of sediment yield from three land 
uses using common events 

The observed sediment yield was compared among di� erent 
treatments, i.e. forested (C1), cropped (C2), and grazed (C3) 
catchments using common events. The term common events 
refers to the runo� events � ltered from the set of measured 
events based on the data availability and are common 
among the three catchments. In addition to this, we set up 
three paired comparisons: forest and cropped, cropped and 
grazed, and forest and grazed. All the runo� events from 
1988 to 2018 for which the measured sediment yield was 
available were selected for each comparison. The total 
runo� and sediment yield in each treatment were compared 
to identify the increase or decrease in sediment yield that 
occurred due to land clearing. 

Identi �cation of the potential factors affecting 
changes in sediment yield among different land 
uses and different storm events 

The event-based temporal variation of sediment yield and 
variation in factors, such as EI30, Q, Qp, and  C, were graphically 
represented for the common events to determine the potential 
factors that might have changed over time and could account 
for the changes in sediment yield among the three treatments. 

Moreover, multiple correlation analysis was performed to 
detect the e�ects of EI30, Q, Qp, and C solely on sediment 
yield. The analysis was undertaken for two sets of events, 
� rst to determine the factors that explain the variation in 
sediment yield among di� erent storm events and the 
second set of events was among di� erent land uses. The 
� rst condition considers all common events among forest, 
cropping, and grazing, and the second condition considers 
all measured events from the three treatments. 

The above-mentioned facts show that the three catchments 
are contiguous, share similar physical characteristics, and are 
exposed to the same climatic sequences, except post-land 
development which has di� erent hydrology (Cowie et al. 
2007; Thornton et al. 2007; Thornton and Yu 2016). Hence, 
the di� erence in the estimated sediment yield among the 
three catchments using the RUSLE model would be driven 
by di� erences in C. Use of the rainfall record from the 
common head point of the three catchments to determine 
EI30 across all catchments is considered appropriate due to 
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the close proximity of the gauge to the catchment outlets, 
which averages 550 m downslope. Although the actual rainfall 
erosivity may vary spatially, there are no data to indicate the 
magnitude of the variations. Along with rainfall, EI30 is also 
a� ected by the wind and topography of the catchment. 
Nevertheless, LS is also quite similar among the three 
catchment, therefore, it can be assumed that EI30 would be the 
same among the three catchments. Thus, runo� and peak 
runo� rate would be the only factors able to explain the 
di� erence in the sediment yield among the three catchments. 
Consequently, the MUSLE model should provide a better 
understanding of the e� ect of � ow processes on sediment 
yield. Assuming that no change in the other factors (EI30, K, 
LS, C, and  P) occurred, the signi� cant e� ect of change in 
hydrological factors was expected to alter the sediment yield 
in these catchments, suggesting that land clearing has 
a� ected the sediment yield. 

Results 

Sediment yield comparison among three land 
uses using common events 

A total of seven common events for which all data were 
available were used to compare the runo� and sediment yield 
among the three treatments. Sediment yields (kg ha� 1) from 
each treatment for the seven common events are summarised 
in box plots, with s.d. as error bars and mean in red (Fig. 2). 
The mean of sediment yields were 208 kg ha� 1 (s.d. 267 kg ha� 1 

for forested, 299 kg ha� 1 (s.d. 406 kg ha� 1) for cropping, 
and 215 kg ha� 1 (s.d. 336 kg ha� 1) for  grazing.  The total  
runo� (mm), total event sediment yield (kg ha� 1), and the 
increase in runo� and sediment yield in cropping and 
grazing, considering forest as the baseline, are presented in 
Table 2. The increase in runo� in cropping and grazing as a 
result of clearing was 35% and 34%, respectively. The total 
event sediment yield from cropping and grazing was 44% and 
4% greater than for forested catchment, respectively. The 
di� erence in runo� amount between cropping and grazing 
catchment was almost negligible. In contrast, the cropping 
catchment exported 1.39 times higher loads of sediment 
than the grazing catchment. 

Sediment yield comparison was performed using 13 
common events from forested and cropping, 18 common 
events from cropping and grazing, and eight common events 
from forested and grazing. The results for total runo� (mm), 
observed event sediment yield (kg ha� 1), and the increase in 
runo� and sediment yield for each paired comparison are 
presented in Table 3. The total runo� from cropped catchment 
was about 55% higher than the forested catchment (456 mm) 
and 46% higher than the grazing catchment (444 mm). 
Similarly, the total runo� in grazed catchment increased by 
28% compared to forested catchment (370 mm). Total event 
sediment yield from cropping was 2945 kg ha� 1 , which 
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Box and whisker plots showing observed soil loss (kg ha� 1) for Fig. 2. 
seven common events for forested, cropped, and grazed catchments. 
Error bars represent s.d. (kg ha� 1), for forested (267), cropped 
(406), and grazed (336). × represents mean of sediment yield data 
((kg ha� 1, i.e. 208 (forested), 299 (cropped), and 215 (grazed)). 

Table 2. Total runoff and sediment yield for seven common storm 
events and the increase in runoff and sediment yield from C2 and C3 
relative to C1. 

Catchment Total runoff 
(mm) 

Increase 
in runoff 
from C1 

Total 
sediment 

yield (kg ha� 1) 

Increase in 
sediment 

yield cf. C1 

Forested 361 1453 

Cropped 486 35% 2096 44% 

Grazed 484 34% 1507 4% 

was 1.37 times greater than that from brigalow scrub 
(2144 kg ha� 1). The total event observed sediment yield 
from the cropped catchment was 525 kg ha� 1 higher than that 
from grazing (1767 kg ha� 1). Moreover, the paired study of 
eight common events between forested and grazing showed 
that the di� erence between the total observed sediment yield 
between the two treatments was approximately 28 kg ha� 1 . 

Determination of the factors affecting changes in 
sediment yield among different storm events and 
land uses 

The event-wise variation in sediment yield and Q, Qp, EI30, and  
C for grazed catchment as an example is shown in Fig. 3. 
The � gure shows that the sediment yield changed and 
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Table  3. Total runoff, observed event sediment yield and increase in 
runoff and sediment yield for paired storm events among the three 
surface treatments. 

Catchments Total runoff Increase Total event Increase in 
(mm) in runoff sediment yield sediment 

(kg ha� 1) yield 

C1 vs C2 456 2144 

705 55% 2945 37% 

C2 vs C3 650 46% 2292 30% 

444 1767 

C1 vs C3 370 1479 

474 28% 1507 2% 

increased with an increase in Q and Qp over time. The EI30 

being the same among the three catchments, varied from event 
to event; however, the trend di� ered from the variation in 
sediment yield. The C was constant with time, which clearly 
was unrelated to the change in sediment yield. The temporal 
variation of average ground cover along with the common 
storm events for the three treatments from 1988 to 2018 is 
shown in Fig. 4. 

The correlation analysis performed between the observed 
sediment yield and Q, Qp, EI30, and C among di� erent land 
uses indicated that Q and Qp were the best correlated 
factors among all factors. The correlation analysis results 
are presented in Fig. 5 and Table 4. The observed sediment 
yield was more sensitive to runo� (R2 > 0.78) for all the 
treatments in the case of common events; however, it was 
the most important in forested treatment (R2 = 0.94) 
followed by grazing (R2 = 0.86). Peak runo� rate was the 
second-best correlated factor (R2 > 0.71) among all three 
land uses. No signi� cant correlation was found between C 
and event sediment yield (P > 0.32). 

The results of regression analysis between the model 
outputs estimated from the RUSLE, MUSLE (Williams 1975), 
and MUSLE (Onstad and Foster 1975), and observed sediment 
yield, are shown in Fig. 6 and Table 4. The  MUSLE  model  
(Williams 1975), with factors Q and Qp, was the better 
correlated model for forested and grazing treatments. None 
of the models provided any relevant correlations for the 
cropping catchment. For forested and grazing, the MUSLE 
(Williams 1975) model with Q and Qp resulted in correlations 
of R2 = 0.59 and 0.37, respectively, which had the best 
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Fig. 3. Event-wise variation in event sediment yield with respect to the variation in EI30, Q, Qp, and C for seven common events for grazed 
catchment. 
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Fig. 4. Temporal variation of average ground cover for three treatments of BCS over the period from 1988 to 2018. represents peak 
rate of runoff for the seven selected common storm events. 

performance among all three models. Using the model with 
best correlation, i.e. the MUSLE (Williams 1975) for forested 
and grazing and MUSLE (Onstad and Foster 1975) for  
cropping treatment, the K values were estimated. The 
estimated Ke was 0.043 for forested, 0.016 for cropping, and 
0.059 for grazing treatment. The K calculated using the 
nomograph method was approximately 0.03 for all three 
BCS catchments. The calculated and estimated Ke along with 
s.e. are presented in Table 5. The results of total sediment 
yield and increases in sediment yield using the forested 
catchment as baseline calculated from each treatment using 
the estimated Ke obtained using the best correlated model 
are presented in Table 6. The total estimated sediment yield 
from cropping was about 1.22 and 1.11 times that of 
forested (1446 kg ha� 1) and grazing (1590 kg ha� 1), 
respectively. Total estimated sediment yield from grazing was 
about 1.10 times that of the forested catchment (1446 kg ha� 1). 

Among different storm events 

Fifteen, 40, and 25 measured events were selected from 
forested, cropping, and grazing treatments for determination 
of the factors explaining the variation in sediment yield for 
di� erent storm events. The correlation analysis between the 
observed sediment yield and factors Q, Qp, EI30, and  C for 

the three treatments are shown in Fig. 7 and Table 7 (� rst 
four rows). The result shows that Q and Qp were the best 
correlated factors among all factors with high R2 value. The 
Qp had the highest R2, i.e. 0.61 for forested and 0.78 for 
cropping, followed by Q with R2 of 0.28 for forested, and 
0.47 for cropping; whereas, for grazing, Q was better 
correlated with R2 = 0.83 followed by Qp with R2 = 0.54. 

The regression analysis between the observed sediment 
yield in each treatment and the RUSLE, MUSLE (Williams 
1975), and MUSLE (Onstad and Foster 1975) models 
revealed that the MUSLE model (Williams 1975) was the 
most appropriate for sediment yield estimation with higher 
R2 = 0.86 for forested, R2 = 0.62 for cropping, and 
R2 = 0.46 for grazing (Fig. 8 and Table 7). The Ke estimated 
using the best correlated model, i.e. the MUSLE model 
(Williams 1975), for the three treatments was 0.044 for 
forested, 0.0132 for cropping, and 0.0543 for grazing. These 
Ke were similar to the K estimated for these catchments 
using the common events among them. 

Discussion 

This study investigated the e� ect of clearing brigalow for 
cropping or grazing on sediment yield from 1988 to 2018 
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Fig. 5. Regression analyses between observed soil loss (kg ha� 1) and other factors (Q, Qp, EI30, and C) for seven common events among 
different treatments, i.e. forested (C1), cropping (C2), and grazing (C3). 

Table 4. Correlations between event sediment yield and its 
predictors for seven common storm events among different land uses. 

Factors Coef� cient of determination (R2) 

Common events 

Forested Cropped Grazed 

Runoff 0.94 0.78 0.86 

Peak rate of runoff 0.71 0.73 0.79 

Rainfall erosivity factor 0.33 0.49 0.58 

RUSLE 0.39 0.16 0.21 

MUSLE (Williams 1975) 0.59 � 0.002 0.37 

MUSLE (Onstad and Foster 1975) 0.18 0.17 0.20 

and tested whether the changes in sediment yield occurred 
because of the change in runo� characteristics, more so than 
changes in ground cover. In addition, applicability of the 
RUSLE/MUSLE models was tested to predict the sediment 
yield from these dry catchments in Central Queensland. The 

study assumed that the measured sediment yield was equal, 
or at least proportional, to the soil loss from the catchment. 

Total event sediment yield from the cropped and grazed 
catchments had signi� cantly increased due to conversion of 
brigalow forest to cropping and grazing. As illustrated in 
Table 2, the sediment yield from cropping and grazing was 
44% and 4% higher than for forested catchment, respectively. 
Similarly, the comparative study between paired catchments 
(forested vs cropped, cropped vs grazed, and forested 
vs grazed) revealed that sediment yield from cropping 
increased by 37% and 30% compared with forested 
and grazed catchments, respectively. These � ndings were 
consistent with previous studies in that changes in land use 
and land cover could lead to an increase in sediment yield. 
For example, a study of the Dnestr River at Sambur, Ukraine, 
with a catchment area of 850 km2, showed that forest clearing 
in the catchment after 1968 led to a 1.8-fold increase in annual 
sediment load of the river (Walling 1999). The sediment yield 
from a 2.8 ha catchment in the semi-arid region Ceara, in the 
Upper Jaguaribe Basin, Brazil, increased 10 times due to 
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Fig. 6. Regression analyses between observed soil loss (kg ha� 1) and model estimates of the RUSLE, MUSLE (Williams 1975), and MUSLE 
(Onstad and Foster 1975) models using seven common events among forested (C1), cropping (C2), and grazing (C3) treatments. 

Table 5. K ± s.e. estimated using different methods for three catchments. 

Catchments Nomograph K RUSLE Ke MUSLE (Williams 1975) Ke MUSLE (Onstad and Foster 1975) Ke 

Forested 0.03 0.017 ± 0.015 0.043 ± 0.010 0.042 ± 0.017 

Cropped 0.03 0.021 ± 0.009 0.012 ± 0.006 0.016 ± 0.007 

Grazed 0.025 0.023 ± 0.021 0.059 ± 0.022 0.049 ± 0.022 

conversion of a dry tropical forest in 2009 into full developed 
grassland by 2011 (Santos et al. 2017). A previous study at the 
BCS, Central Queensland, identi � ed the e� ect of land use 
change on sediment loads exported from the catchment over 
25 years, and showed that the total suspended solids from 
the cropped and grazed catchment was about 6.45 and 1.46 
times greater than for virgin brigalow (2106 kg ha� 1) 

(Elledge and Thornton 2017). The conversion of forest into 
irrigated agriculture in one of the subcatchments in the 
Anzali Wetland catchment, in Gilan, Iran, led to an increase 
of 169% in the mean annual sediment yield (Aghsaei et al. 
2020). Although these studies conducted across the world 
have shown the increase in sediment yield due to land use 
change, the magnitudes of the increase in sediment yield due 
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Table 6. Total estimated sediment yield (kg ha� 1) among C1, C2, and 
C3 calculated using Q and Qp with Ke = 0.044 (forested), 0.0165 
(cropping), and 0.059 (grazing). 

Catchments Total estimated event Increase in sediment 
sediment yield (kg ha� 1) yield from C1 

Forested 1446 

Cropped 1760 22% 

Grazed 1590 10% 

to land use conversion were somewhat di� erent from the 
aforementioned previous studies. This is mainly because the 
present study was carried out on a very small paddock-scale 
area located in a semi-arid region. This study has clearly shown 
the increase in the sediment yield due to clearing of virgin 
brigalow forest for cropping and grazing, in small dry 
catchments over a relatively long period of time. The vari­
ability in the sediment yield was not only assessed among 
the three land uses but also among the di� erent storm 
events. This variability of sediment yield was accompanied 

Table 7. Correlation between event sediment yield and its 
predictors among different storm events of the three catchments. 

Factors Coef� cient of determination (R2) 

All events 

Forested Cropped Grazed 

Runoff 0.28 0.47 0.83� 

Peak rate of runoff 0.61 0.78 0.54� 

Rainfall erosivity factor 0.21 0.042 0.38� 

Cover management factor (C) 0.11 0.026 � 0.15� 

RUSLE 0.27 � 0.051 � 0.023� 

MUSLE (Williams 1975) 0.86 0.62 0.46� 

MUSLE (Onstad and Foster 1975) 0.65 0.16 0.30� 

by temporal variations in other factors such as EI30, Q, Qp, 
and C; therefore, the present study has a limited number of 
common events for comparison purpose. 

In this study, using the sediment yield models RUSLE and 
MUSLE, Q and Qp were shown to be the major potential 
factors or variables that caused the increase in the sediment 

Total runoff (mm) Peak runoff rate (mm h–1) 
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Fig. 7. Regression analyses between observed soil loss (kg ha� 1) and other factors (Q, Qp, EI30, and C) for 15, 40, and 20 storm events of 
forested (C1), cropping (C2), and grazing (C3) treatments. 

www.publish.csiro.au/sr� Soil Research  

789



RUSLE MUSLE (Williams 1975) MUSLE (Onstad and Foster 1975) 

C1 1.80 1.80 1.80 

1.50 
y = 0.037x 
R2 = 0.27 1.50 

y = 0.044x 
R2 = 0.86 1.50 

y = 0.0583x 
R2 = 0.65 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

S
ed

im
en

t y
ie

ld
 (

t h
a

–1
 ) 

1.20 

0.90 

0.60 

1.20 

0.90 

0.60 

1.20 

0.90 

0.60 

0.30 0.30 0.30 

0.00 0.00 0.00 
0 10 20 30 0 10 20 30 40 0 10 20 30 

)0.56LSC )0.33)LSCEI30LSC 11.8(Q × Qp (0.5EI30 + 3.42(Q × Qp

C2 1.501.501.50 
y = 0.0132x y = 0.0068x 

y = 0.0027x R2 = 0.62 R2 = 0.16 
R2 = –0.051 1.201.201.20 

0.90 

0.60 

0.90 

0.60 

0.90 

0.60 

0.30 0.30 0.30 

0.00 0.00 0.00 
0 100 200 300 0 50 100 0 50 100 150 

)0.56LSC )0.33)LSCEI30LSC 11.8(Q × Qp (0.5EI30 + 3.42(Q × Qp

C3 1.00 1.00 1.00 
y = 0.0226x y = 0.0543x y = 0.0456xR2 = –0.023 R2 = 0.46 R2 = 0.300.800.80 0.80 

0.60 

0.40 

0.20 

0.60 

0.40 

0.20 

0.60 

0.40 

0.20 

0.00 0.00 0.00 
0 5 10 15 20 0  5  10  0  5  10  

)0.56LSC )0.33)LSCEI30LSC 11.8(Q × Qp (0.5EI30 + 3.42(Q × Qp

Fig. 8. Regression analyses between observed soil loss (kg ha� 1) and model estimates of the RUSLE, MUSLE (Williams 1975), and MUSLE 
(Onstad and Foster 1975) models using 15, 40, and 20 storm events of forested (C1), cropping (C2) and grazing (C3), respectively. 

yield in the cropped and grazed catchments after land clearing. 
The temporal variation in C was quite low and did not 
show a signi� cant relationship with the increase in sediment 
yield. Rainfall erosivity cannot explain the variation in event 
sediment yield among the three catchments because the 
value of EI30 is the same for individual events among the three 
treatments, and therefore when using the MUSLE model, 
rainfall erosivity could not be related to the increase in 
sediment yield from cropping and grazing catchments. 
Therefore, it was only Q and Qp that varied and increased 
since clearing and have been the principal cause of the increase 
in sediment yield for these brigalow catchments. The results of 
the correlation analysis performed between the observed 

sediment yield and the factors Q, Qp, EI30, and  C for the 
three catchments among the di� erent land uses showed that 
Q and Qp were the best correlated factors to explain variations 
in the observed sediment yield with R2 > 0.78 and R2 > 0.71, 
respectively, for all treatments. Additionally, correlation 
analysis between the observed sediment yield and Q, Qp, EI30, 
and C for the three treatments among di� erent storm events 
revealed that the e� ect of Q and Qp outweighed the e� ect of 
EI30 and C on sediment yield. The peak runo� rate, Qp, had  
a higher R2 value (>0.61) for forest and cropping and equal 
to 0.54 for grazing, whereas the runo� amount had 
the highest R2 (0.83) for grazing followed by cropping 
(R2 = 0.47) and forest (R2 = 0.28). The results were similar 
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to the � ndings that sediment yield from catchments at three 
spatial scales (1 m2, 20 m2, and 2.80 ha) mainly depends on 
runo� , with  R2 > 0.70 (Santos et al. 2017). Likewise, runo� 
explains 58% of the variance in sediment yield from the 
Magdalena catchment (257 438 km2), Colombia (Restrepo 
and Syvitski 2006). 

The present study also illust rated that among the three 
sediment yield models, i.e. RUSLE, MUSLE (Williams 1975), 
and MUSLE (Onstad and Foster 1975), that the MUSLE 
(Williams 1975) model had the higher capacity to predict 
sediment yield from the BCS catchments, especially the 
grazed catchment. The results from the regression analysis 
between the model estimates from the RUSLE, MUSLE 
(Williams 1975), and MUSLE (Onstad and Foster 1975) 
models and observed sediment yield among the three 
treatments and di� erent storm events suggested that, except for 
the cropped catchment, sediment yield was very sensitive to 
primary factors of the MUSLE (Williams 1975) model, i.e.  Q 
and Qp. In addition, with regards to K, direct measurement of 
K is often quite expensive and time consuming (Loch et al. 
1998). The USLE-based nomograph K, which  is currently used  
in the eWater Source Catchments modelling framework of the 
GBR Paddock to Reef Integrated Monitoring, Modelling and 
Reporting Program for sediment yield modelling, is the best K 
to use for ungauged catchments without measured soil loss or 
sediment yield (Loch et al. 1998). Additionally, the estimated 
Ke obtained using the MUSLE model, either as it is or with 
some modi� cations with respect to the change in the real 
sediment yield data, can also be used to estimate sediment 
yield from the BCS catchments. For the cropped catchment, 
the estimated Ke was very close to the nomograph-based K; 
however, for the grazing catchment, the nomograph K needs 
some modi� cations with respect to real sediment yield data 
for use in the MUSLE model. Bosomworth et al. (2018) also 
indicated that the RUSLE-based nomograph K overestimated 
soil loss by approximately 50% in most cases of grazed soils. 
Although, adjustment is required, the di� erence between the 
nomograph and estimated Ke was not high enough to a� ect 
sediment yield estimation in any of these catchments. These 
observations provided support for the application of MUSLE 
(Williams 1975), with the inclusion of Q and Qp instead of 
EI30, for sediment yield prediction in BCS catchments. 

As the RUSLE model does not consider Q and Qp for 
sediment yield estimation, any change in sediment yield 
among the three catchments will be related to either Ke or C, 
because EI30 was the same among the three treatments. 
However, Ke was estimated using the observed sediment 
yield; therefore, any change in other factors can only a� ect 
K. Hence, considering just change in C, we found that the 
ground cover in all three catchments was constantly higher 
with time and could not explain the increase in sediment 
yield. Therefore, we cannot use the USLE/RUSLE model to 
predict sediment yield for the three treatments. In contrast, 
it was observed that Q and Qp were the only factors that 
could be responsible for the change in sediment yield. The 

changes in Q and Qp due to the clearing of brigalow forest 
for cropping and grazing have been recorded in previous 
studies conducted by Thornton et al. (2007)  and Thornton 
and Yu (2016). In the present study, Q and Qp dramatically 
increased due to land conversion. The e� ect of shear stress 
due to runo� factors has led to the detachment and transport 
of soil particles within the catchments. Therefore, the 
� ndings in the present study provide strong evidence that 
the increase in Q and Qp caused the increase in sediment 
yield among the three catchments over time. Moreover, the 
study clearly indicated that the MUSLE (Williams 1975) 
model was the most appropriate for sediment yield predictions 
in the BCS catchments. The reason behind the lack of capability 
of other two models, i.e. the RUSLE and MUSLE (Onstad and 
Foster 1975) models, was the small catchment area and also 
the lower amount of rainfall and rainfall intensity that 
produced low rainfall erosivity, which was insu� cient to 
generate a modelled sediment yield. 

The present study was based on the premise that there is no 
sediment deposition, i.e. the measured sediment yield at the 
catchment outlet was assumed to equal the soil loss from the 
catchment,  where soil loss is de� ned as the measured total 
suspended solids load from a catchment. However, this 
assumption is inappropriate for  large catchments,  where the  
sediment delivery ratio needs to be considered explicitly for 
hillslope erosion prediction. For most of the Fitzroy Basin, the 
hillslope sediment delivery ratio (HSDR) was assigned a value 
of 0.1 in the dynamic SedNet model (Dougall et al. 2014). In 
contrast to the RUSLE model, the MUSLE model can be used 
directly for predicting sediment yield due to its consideration 
of runo� amount and the peak runo� rate, which eliminates 
the need for HSDR. However, for an ungauged catchment, the 
modi� ed version of the USLE model can be used to estimate 
soil loss and sediment yield, and the combined sediment yield 
can be validated against the measured sediment data at the 
mainstream of the basin. Moreover, the ability of the USLE 
model can be improved by including the sediment transport 
capacity by stream � ow  process which  leads to the  estimation  
of soil loss or sediment yield at the catchment outlet. A 
modi� ed version of USLE, i.e. USLE-M proposed by Kinnell 
and Rise (1998), which considers rainfall and runo� erosivity, 
has the capability to predict event soil loss better than USLE 
and, being a transport limited model, it can also predict the 
deposition occurring within a catchment (Kinnell 2015, 
2016). The current study not only evaluated the e� ect of land 
clearing on sediment yield, but also assessed the alternative 
models, involving runo� characteristics for improved sediment 
yield predictions. 

Conclusion 

The aims of the present study were to evaluate the e� ect 
of land clearing for cropping and grazing in brigalow 
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catchments on sediment yield, and to identify the factors or 
processes responsible for the increase in the sediment 
yield that occurred due to land use change. Moreover, the 
study examined the capability of sediment yield models, i.e. 
RUSLE, MUSLE (Williams 1975), and MUSLE (Onstad and 
Foster 1975), for estimating sediment yield from BCS 
catchments. The study involved the simple and direct 
comparison of observed total event sediment yield from 
di� erent treatments and di� erent storm events. The com­
parative study showed that the sediment yields signi� cantly 
increased in cropped and grazed catchments following land 
clearing, and that the runo� amount and peak runo� rate 
were the main factors that changed over time and explained 
most of the variation and increase in sediment yield 
compared to the e� ect of ground cover. The regression 
analysis performed between the observed sediment yield 
and the factors Q, Qp, EI30, and C, revealed that the Q and 
Qp were the factors with best correlations and, thus, can be 
responsible for the changes in sediment yield from di� erent 
land uses and di� erent storm events. Moreover, the 
correlation between the observed sediment yield and the 
outputs of the three sediment yield models, each having a 
di� erent model structure, revealed that the MUSLE 
(Williams 1975) model, which considers Q and Qp as its 
primary factors, was better able to appropriately predict 
sediment yield from the BCS catchments. This study clearly 
showed that the increased sediment yield was mostly caused 
by the increase in the runo� and peak runo� rate 
parameters Q and Qp. Previous studies conducted on the BCS 
catchments observed that changes in Q and Qp occurred due to 
conversion of brigalow forest to cropping and grazing, and the 
present study provides strong evidence that the inclusion of Q 
and Qp as the primary factors can improve sediment yield 
predictions from brigalow catchments. 
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A3- Chapter 5 

Table A1 Data summary of Springvale catchment 

Year Rainf
all 

(mm) 

Rainfall 
erosivity 
(MJ·mm·
hr-1·ha-1 ) 

Runoff 
(mm) 

Max. peak 
runoff rate 
(mm·hr-1) 

Sedime
nt yield 
(t·ha-1) 

C-fact Average 
ground 
cover 

1988 789 276 219 62 6.6 0.052 0.51 
1989 676 184 161 41 2.8 0.069 0.60 
1990 728 327 218 81 6.4 0.051 0.70 
1991 517 137 115 39 1.5 0.035 0.62 
1992 520 259 95 28 4.2 0.036 0.56 
1993 337 117 84 42 5.4 0.060 0.66 
1994 579 216 193 62 14.7 0.062 0.58 

        
 

Table A2 Data summary of Brigalow grazing catchment 

Year Rainfall 
(mm) 

Rainfall 
erosivity 

(MJ·mm·hr-
1·ha-1 ) 

Runoff 
(mm) 

Max. 
peak 

runoff 
rate 

(mm·hr-
1) 

Sediment 
yield 

(t·ha-1) 

C-fact Average 
ground 
cover 

1988 166 2361 82 31.13 0.321 0.007 0.87 
1990 69 1671 1 9.33 0.007 0.006 0.89 
1996 70 11 4 1.32 0.011 0.021 0.89 
1997 57 229 19 3.77 0.101 0.008 0.88 
2001 52 908 16 3.96 0.030 0.019 0.91 
2003 212 522 57 9.00 0.153 0.023 0.75 
2010 246 773 41 8.42 0.087 0.008 0.71 
2011 475 3711 219 30.46 0.953 0.006 0.91 
2012 116 440 18 1.87 0.016 0.019 0.89 
2013 341 1984 164 11.21 0.354 0.006 0.91 
2014 329 3005 99 20.10 0.295 0.012 0.86 
2015 47 544 8 3.06 0.008 0.006 0.90 
2016 91 84 8 0.95 0.036 0.014 0.82 

 

Table A3 Data summary of Weany creek catchment (Flume1) 

Year Rainfall 
(mm) 

Rainfall 
erosivity 
(MJ·mm·
hr-1·ha-1 ) 

Runoff 
(mm) 

Max. peak 
runoff rate 
(mm·hr-1) 

Sedime
nt yield 
(t·ha-1) 

C-fact Average 
ground 
cover 

2003 245 817 32 60 0.222 0.068 0.47 
2004 382 1721 33 16 0.104 0.081 0.56 
2005 457 8475 30 42 0.070 0.059 0.64 
2006 706 3174 82 26 0.077 0.040 0.76 
2007 760 3948 147 31 0.079 0.020 0.80 
2008 1308 10030 309 119 0.268 0.015 0.82 
2009 624 3226 58 104 0.043 0.014 0.88 



 

 




